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Abstract

Inequality often arises from strategic interactions among individuals. This is so
because risky investments can not only be resolved by chance (natural risk), but also
by others’ actions (social risk). We study how these different sources of inequality
shape fairness judgments and the level of redistribution in a controlled experiment
with a total of 2,152 participants. We find significantly less inequality acceptance,
and thus much more redistribution, under social risk. In addition to the well-known
types of Libertarians, Egalitarians and Choice Egalitarians, we identify a novel,
hitherto unnoticed, fairness type — Insurers — who always compensate unlucky
risk-takers and are especially prevalent when one is let down by others rather than
simply unlucky by chance. This suggests that impartial spectators view betrayal
as more deserving of support than bad luck. Our findings show that fairness ideals
depend jointly on risk-taking and the way in which risk is resolved, either by nature
or another human actor, thus highlighting the important role of strategic interaction

for fairness types and redistribution.
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1 Introduction

The rise in economic inequality (Chetty et al., 2014; Piketty, 2014) has spurred a grow-
ing literature that seeks to explain public support for redistribution and social welfare
policies by examining when and why inequality is perceived as (un)fair (e.g., Stantcheva,
2021; Cohn et al., 2023; Fehr et al., 2024; Harrs and Sterba, 2025; Yusof and Sartor,
2025). Rooted in normative theories of justice, this literature focuses on the concept
of meritocratic fairness (Konow, 2000; Fong, 2001; Konow, 2003; Alesina and Angeletos,
2005; Cappelen et al., 2007; Almas et al., 2020; Cappelen et al., 2022a; Amasino et al.,
2024; Cappelen et al., 2024). A common finding is that individuals are willing to tolerate
substantial inequality when it reflects differences in effort, choices or merit, but support
more redistribution when outcomes are shaped by circumstances beyond one’s control
(Cappelen et al., 2022a,b; Bhattacharya and Mollerstrom, 2022; Andre, 2025).*

Yet, this literature largely neglects the strategic context in which many economically
consequential outcomes arise. Inequality often does not stem from isolated choices, but
from interactions among individuals in markets and other social settings. Online trans-
actions, business partnerships, delegated investments, and informal lending, to name just
a few, frequently involve risks generated by others’ actions. Some individuals succeed be-
cause they are paired with reliable counterparts; others suffer because they are let down.
These dynamics are particularly salient in environments where legal institutions are weak
and contracts are incomplete or prohibitively costly to enforce. We refer to such interper-
sonal sources of inequality as social risks, in contrast to natural risks — those arising from
external factors such as climate events, geopolitical instability, or macroeconomic shocks.
In this paper, we examine whether individuals judge inequality differently when it results
from social risks rather than from natural risks and whether that leads to different levels

of redistribution.

Our study design builds on Cappelen et al. (2013) and related studies, and consists
of two experiments: A stakeholder experiment and a spectator experiment. In the first
stakeholder experiment, participants make incentivized choices between a safe option and
a risky, but potentially more profitable, option. In the spectator experiment, participants
are matched with a pair of stakeholders and asked to redistribute earnings, if any, between
them. Spectators make a series of such redistribution decisions, varying the stakeholders’
choices (safe vs. risky), the outcome of the risky option (high vs. low), and the probability

of receiving the high outcome.

Our design features three between-subjects treatments that exogenously manipulate

'Related work has explored the role of efficiency concerns (Almas et al., 2020), beliefs about the
origins of inequality (Cappelen et al., 2022a; Harrs and Sterba, 2025; Cappelen et al., 2024), levels of
impoverishment (Faravelli, 2007; Erkal et al., 2011; Dohmen et al., 2017), and past experiences with
fairness and social status (Bauer et al., 2016; Barr et al., 2016; Roth and Wohlfart, 2018; Cassar and
Klein, 2019; Cohn et al., 2023).



two key dimensions: (i) whether risk-taking generates a positive externality for a third
party, and (ii) whether risk is resolved by nature or by another person. In our Control
treatment, risk affects only the stakeholder’s own payoff and is resolved by nature (a
random computer draw). The Natural-Risk treatment introduces a passive third party
who benefits from the stakeholder’s risk-taking, while risk remains resolved by nature. In
Social-Risk, the structure is identical to Natural-Risk except that risk is resolved by the

third party (who now becomes active) rather than by chance.?

We find a strong and significant effect of how risk is resolved on redistribution. In the
aggregate, spectators are significantly less likely to accept inequality in the Social-Risk
treatment compared to the other two conditions. The Gini coefficient in Social-Risk is
between 15% and 20% lower than in Control and Natural-Risk, representing a substantial
and economically meaningful reduction in inequality acceptance. This result highlights
that impartial spectators are sensitive to the distinction between social and natural risk
and, importantly, that they view those who expose themselves to social risk as more

deserving of support.

An individual-level analysis reveals the sources for the aggregate results. We first
apply a k-means clustering algorithm to identify redistribution patterns. This unsuper-
vised method yields four main clusters, three of which correspond to well-documented
fairness types (e.g., Cappelen et al., 2013): Libertarians, who never redistribute; Egalitar-
1ans, who always equalize payoffs; and Choice Egalitarians, who redistribute only when
stakeholders made the same choices but experienced different outcomes. In addition to
these, we identify a novel, fourth type: the Insurer. Insurers redistribute only when a
stakeholder is “let down” — either by nature or by another player — and ends up with
a low outcome. Unlike Choice Egalitarians, Insurers do not condition on ex-ante choices
but instead focus on ex-post disadvantages. This new type is especially prevalent in the
Social-Risk treatment relative to the Control and Natural-Risk treatments, a finding we

confirm using a parametric mixture model that classifies individuals into fairness types.

Importantly, in our mixture model the Insurer type is well defined across all three
treatments, since unlucky stakeholders can be compensated even when their choices do
not affect (passive or active) third parties and regardless of how risk is resolved. Whether
such a type actually emerges in such contexts is ultimately an empirical question. Indeed,
our results show that the Insurer type would not have been identified as a distinct type in
the cluster analysis had we only considered the Control treatment. This highlights that
considering settings with a social component to the resolution of risk is instrumental to

uncover the broader universe of fairness types.

2This setup resembles a standard trust game in which one player (the trustor) relies on another (the
trustee) to act reciprocally. Our focus, however, is not on behavior within the trust game itself, but rather
on how uninvolved spectators redistribute money between two players who may have been exposed to
betrayal.



Regarding the distribution of fairness types, both the cluster analysis and the mixture
models show that in the Control and Natural-Risk treatments, the dominant types are
Choice Egalitarians and Libertarians, together accounting for more than 60% of specta-
tors. In the Social-Risk treatment, in contrast, these groups become minorities, while the
most common type is the Insurer (32%), followed by Egalitarians (21%). These results
indicate that settings characterized by social risk lead significantly more individuals to
favor redistribution, particularly when someone has been let down by another person. In
a follow-up study, we show that this pattern cannot be explained by uncertainty or ambi-
guity about the nature of social risk-taking. Instead, we argue it is driven by the perceived

violation of fair procedures and by expectations that trust should be reciprocated.

Our paper contributes to the empirical literature on redistribution and fairness ideals
in two main ways. First, we extend the relatively limited body of research that inves-
tigates the acceptance of inequality when disparities in income and wealth arise from
risk-taking, rather than from effort or luck. The seminal work by Cappelen et al. (2013)
emphasizes that the decision to engage in risk is intrinsic to most economic transactions
and market activities. This creates a tension between two moral viewpoints: the ez-ante
view, which opposes redistribution of gains and losses resulting from risk-taking when
initial opportunities were equal, and the ex-post view, which emphasizes final outcomes
and considers it fair to mitigate inequalities that arise from such risks. Bortolotti et al.
(2025) incorporate concerns about cheating into this framework, finding that suspicion of

dishonesty amplifies the polarization of fairness judgments.

We extend this paradigm by incorporating a key feature of many risky choices: a
strategic component, i.e., the involvement of a counterpart who can actively influence
the final distribution of resources. Our results show that inequality acceptance declines
significantly in the presence of social risk. Moreover, our individual-level analysis reveals
a novel fairness type. This newly discovered type is primarily concerned with outcomes
rather than initial opportunities and supports insurance for a specific group — those who
accepted a risky option but were ultimately let down by another individual. This finding
highlights the sensitivity of fairness ideals to social context, demonstrating that social risk
is a far more powerful driver of redistributive preferences than mere externalities.® This
is also supported by the finding that although redistribution is slightly higher in Natural-
Risk than in Control, the difference is small and not statistically significant — suggesting
that the presence of externalities alone plays only a minor role in shaping redistribution

in our setting.?

3We use the term redistributive preferences in a broad sense. Much of the literature considers re-
distribution between players whose initial earnings are either exogenously assigned or stem from choices
that do not affect others. By contrast, in our Natural-Risk and Social-Risk treatments, redistribution
decisions may also reflect altruistic and welfare concerns. Importantly, however, these concerns are held
constant across the two treatments.

4While we do not find strong effects of positive externalities from risk-taking, Lobeck and Stgstad



Second, we complement the literature on market luck, particularly Yusof and Sartor
(2025), who show that spectators are more accepting of inequality arising from market
luck than from brute luck, even when both lie beyond workers’ control and are unrelated
to effort. Unlike in Yusof and Sartor (2025), we introduce meaningful agency on the side
of the worker (third party in our terminology), hence making our setting more reflective of
real-world contexts, such as business partnerships or informal agreements, where interper-
sonal trust plays a central role (which is usually not the case in competitive markets). In
contrast to the greater tolerance for inequality under market luck, we find lower inequality

acceptance when social risk is involved.

In addition, our study contributes to the literature on trust and betrayal aversion —
the tendency for individuals to avoid risks when the uncertainty stems from another person
rather than nature, even when expected payoffs are identical (Koehler and Gershoff, 2003;
Bohnet and Zeckhauser, 2004; Bohnet et al., 2008; Aimone and Houser, 2012; Quercia,
2016). While trust is widely recognized as a cornerstone of economic performance, par-
ticularly in environments with incomplete contracts and weak legal enforcement (Knack
and Keefer, 1997), betrayal aversion is believed to erode trust, strain business relation-
ships, and impede economic development. For example, Bigoni et al. (2018) find that
high levels of betrayal aversion and pessimistic beliefs help explain persistent coopera-
tion gaps between Northern and Southern Italy. Yet, this whole literature on betrayal
aversion has never addressed its potential implications for redistributive preferences and
fairness ideals, even though the social risk generated by trust being betrayed may call
for some compensation for it. In fact, our findings — specifically, the reduced accep-
tance of inequality and the greater prevalence of the Insurer type in the presence of social
risk — highlight a potential counterforce when social risk puts individuals in a disadvan-
taged position. They suggest that individuals are more inclined to support policies that
compensate those harmed by others’ actions. By strengthening the social safety net for
people who take interpersonal risks, such policies may encourage trust and foster greater

willingness to engage in cooperative economic interactions.

The remainder of the paper is structured as follows. Section 2 describes the experi-
mental design and procedures. Section 3 presents our main findings on the consequences
of social risk for redistributive preferences. Section 4 provides supporting evidence for

these findings from a follow-up study. Section 5 concludes.

(2025) show that beliefs about negative externalities of inequality — such as crime, polarization, and
mistrust — can be an important driver of redistributive preferences. Note that Lobeck and Stgstad
(2025) are mainly concerned with the consequences of inequality (on crime, polarization and mistrust),
while we are looking at the causes of inequality and how different causes have an impact on fairness types.



2 The Experiment

Our study design features two connected experiments in which different types of players
— stakeholders and spectators — make decisions. We first present the details of the

stakeholder experiment.

2.1 Stakeholder experiment

In the stakeholder experiment, participants were randomly assigned to one out of three
between-subjects treatments. In each treatment, they had to choose between a safe option
yielding a payoff of 100 tokens and a risky option yielding a payoff of either 0 or 300 tokens.
We refer to these participants as stakeholders because they are both actively involved in
the decision task and have their earnings at stake in the second, spectator experiment
(see below). The treatments varied along two dimensions: (i) whether or not there were
externalities for a third party, and (ii) how the risky option was resolved. Figure 1
summarizes the decision situation of the stakeholders in each of the three treatments, as

detailed in the following.

Control treatment. In this treatment, stakeholders made five ordered choices between
a safe option (100 tokens) and a risky option (0 or 300 tokens). The only difference
across choices was the probability p that the high outcome (300 tokens) was realized,
which ranged from 0% to 100% in increments of 25 percentage points. In all cases, the
risky option was resolved by a random computer draw (i.e., risk of nature). For the
corner probabilities of 0% and 100%, the decision reduced to a trivial choice between two
certain amounts (100 vs. 0 and 100 vs. 300, respectively). For each stakeholder, a single
probability level relevant for payment was randomly drawn (as discussed in the spectators’

experiment).

Natural-Risk treatment. This treatment is identical to the Control treatment except
that the stakeholders’ decisions now also affected a passive third party. The payoffs of
the two players — the stakeholder and the third party — were as follows:

e If the stakeholder chose the safe option, both players earned 100 tokens for sure;

e [f the stakeholder chose the risky option, then with probability p both players earned
300 tokens, and with probability 1 —p the stakeholder earned 0 tokens and the third
party earned 600 tokens.

As in the Control treatment, stakeholders made five ordered choices, one for each
probability level p = 0%, 25%, 50%, 75%, 100%, and risk was resolved by a random draw



(a) Control treatment

Figure 1: Experimental games

(b) Natural-Risk treatment

(¢) Social-Risk treatment
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Notes: Stakeholders’ payoffs are indicated in bold. Third parties’ payoffs (Natural-Risk and Social-
Risk) are indicated in blue. All the amounts are expressed in tokens. Neutral labels were used in the
experimental instructions (see the Appendix).

of nature. Thus, the only difference relative to the Control treatment is the presence
of an externality on a (passive) third party. Consequently, from a stakeholder’s self-
interested perspective, the decision problem is unchanged and identical across the two
treatments. Yet, from a social perspective it differs: in contrast to the Control treat-
ment, in Natural-Risk, social efficiency (as measured by the sum of both players’ payofs)
is always maximized when the risky option is chosen, since risk-taking creates positive

externalities for the third party.

Social-Risk treatment. This treatment is identical to the Natural-Risk except that the
outcome of the risky option was resolved by the third party — who became active — rather
than by nature. That is, when the stakeholder chose the risky option, the third party
decided whether to share the pie equally (send back) or take the entire pie for themselves
(keep). Under the assumption of pure self-interest, standard game theory predicts that
third parties always choose keep (yielding a payoff of 600), which by backward induction
implies that stakeholders should select the safe option (100 instead of 0). Choosing the
risky option in this game is commonly understood as a proxy for the stakeholder’s trust,

while choosing to send back reflects the third party’s trustworthiness.

Unlike in the other two treatments, stakeholders in the Social-Risk treatment made
only a single choice between the safe and the risky option.® In addition, they were asked
to state their beliefs about the behavior of the third party. Specifically, they were asked to
guess how many out of four third parties would choose send back. If their belief was cor-

rect, they received a 50-token bonus.® Note that our Social-Risk treatment thus not only

5In the other two treatments, they made five choices between risky and safe options, one for each
probability level. See Section 4 for a robustness check in which stakeholders also make five decisions in
the context of social risk.

6Third-party choices were elicited using the strategy method (Selten, 1967). That is, they had to



introduces social risk (relative to natural risk), but also a degree of uncertainty about the
third party’s behavior: stakeholders can form beliefs about the likelihood of outcomes, yet
no objective probabilities are available. This feature is inherent to social risk-taking and
a central element of our design. Whether such uncertainty affects redistributive behavior
is itself an empirical question, which we address in two ways. First, using data from the
three treatments above, we test whether redistribution varies with probability /belief lev-
els. Second, we implement an additional treatment in a follow-up study that removes the
uncertainty about third-party behavior. We discuss the results from both these analyses

in Section 4.

2.2 Spectator experiment

In the spectator experiment, participants had to decide how to redistribute the payoffs

7 Pairs were formed only among stakeholders from the

within a pair of stakeholders.
same treatment (between-subjects design). For each redistribution decision, spectators
were informed about each stakeholder’s choice, the realized outcome, and the pair’s total
payoff (see Instructions and Figure E2 in the Appendix). The task of the spectators was
to decide how to allocate the total earnings between the two stakeholders, in increments

of 10 tokens, subject to the constraint that the full amount be distributed.

Each spectator made between 35 and 45 redistribution decisions, covering all possible
outcome combinations within the assigned treatment. Only one of these decisions was
payoff-relevant for a pair of stakeholders, but spectators were not told in advance which
one. Decisions were organized into five blocks, each corresponding to a probability level p
(Control and Natural-Risk) or a belief level (Social-Risk). At the start of each block, on-
screen instructions indicated the relevant probability /belief level. For example, in Control
and Natural-Risk, a block with p = 25% referred to stakeholder decisions under a 25%
chance of the high outcome (300 tokens). The corresponding case in Social-Risk was a
block in which stakeholders indicated that they believed that 25% (1 out of 4) of third

parties would choose send back.

Importantly, spectators made redistribution choices only for situations in which both

stakeholders faced the same probability level or held the same beliefs about the third

8

parties’ behavior.® For brevity, in the following we will refer to the probability level

indicate whether they would keep the money or send it back, with their decision implemented only if
their paired stakeholder had chosen the risky option.

"Note that the focus of our paper is on fairness views regarding inequality arising from different
forms of risk-taking and its resolution. We therefore restrict attention to redistribution between pairs of
stakeholders and do not study redistribution choices between stakeholders and passive (Natural-Risk) or
active (Social-Risk) third parties.

8While mixing stakeholders with different probabilities/beliefs is potentially interesting, it also makes
the situation more complex and the results more difficult to interpret. For instance, the decision to trust
might be considered selfish if the stakeholder is almost certain that the third party will send back, while



Table 1: Possible combinations of payoffs within stakeholder pairs

Scenario Stakeholder 1 Stakeholder 2

1 Safe (100) Safe (100)
2 Safe (100) Risky (300)
3 Safe (100) Risky (0)
4 Risky (0) Safe (100)
5 Risky (0) Risky (300)
6 Risky (0) Risky (0)
7 Risky (300) Safe (100)
8 Risky (300) Risky (300)
9 Risky (300) Risky (0)

of each block without always specifying that, in the Social-Risk treatment, this level

corresponds to beliefs rather than objective probabilities.

In each block, spectators made a redistribution decision for every possible permutation
of stakeholder payoffs. For intermediate probabilities (25%, 50%, and 75%), this resulted
in nine possible combinations of payoffs, as illustrated in Table 1. The order in which
spectators faced these scenarios was randomized at the individual level in the first block
and then held constant across subsequent blocks. Each decision was presented on a
separate screen, and at the end of each block, participants received a summary of their
decisions, with the option to revise them. Revisions were very rare, occurring in about only
1% of all cases. In the results section, we therefore analyze only the final redistribution

decisions.

In the Control and Natural-Risk treatments, the extreme probabilities p = 0% and
p = 100% generated only four decision scenarios each, since by construction the high
outcome (300) is impossible at p=0% and the low outcome (0) is impossible at p=100%.
These treatments therefore comprised 35 decisions in total. By contrast, in the Social-
Risk treatment no outcome can be ruled out with certainty, even under extreme beliefs, so
all nine scenarios were presented in each block, yielding 45 decisions overall. To mitigate
potential spillovers from this asymmetry (and because the extremes are least informative
for our analysis), spectators first completed the three intermediate-probability blocks in

randomized order, followed by the two extreme-probability blocks.

2.3 Experimental procedures

The two experiments were conducted sequentially: first the stakeholder experiment, fol-

lowed by the spectator experiment. Details on the procedures of both are provided below.

it might signal other-regarding concerns if a stakeholder is rather pessimistic about the chances of getting
any money back.



Stakeholders. Stakeholders were recruited via Amazon Mechanical Turk (MTurk, hence-
forth) using the behavioral research platform TurkPrime (Litman et al., 2017). For our
experiment, we recruited a total of n = 1,199 online participants, of which n = 719 played
as stakeholders and n = 480 played as third parties in the Natural-Risk and Social-Risk
treatment. The stakeholders were equally divided across the three treatments.? Participa-
tion was restricted to U.S. participants with a high completion rate to minimize attrition.
The stakeholders’ average payment was about $2, including a $0.50 participation fee. The
experiment took on average 8 minutes to complete (implying an average hourly rate of
about $15, comparable to many laboratory experiments and well above the platform’s av-
erage hourly pay at the time of the experiment). Responses were collected via Qualtrics.
Only participants who answered all control questions correctly were allowed to partici-
pate. After two incorrect attempts, participants were automatically dropped from the

experiment and prevented from re-taking.

Stakeholders were informed that the study consisted of two sequential experiments.
To minimize the scope for strategic behavior, and consistent with standard procedures
in related work (Cappelen et al., 2013), we withheld details of the second experiment —
redistribution by spectators — until after stakeholders had completed their choices. Once
all stakeholder decisions were collected, the second experiment was conducted in the lab-
oratory with spectators. Their redistribution decisions determined the stakeholders’ final

payoffs, which were paid out within one week, in line with standard MTurk procedures.

Spectators. We have a total of n = 353 participants playing in the role of spectators
(n =116 in Control, n = 120 in Natural-Risk, and n = 117 in Social-Risk).!® All sessions
were conducted at the Cologne Laboratory for Economic Research (CLER). Student par-
ticipants from various disciplines were recruited using ORSEE (Greiner, 2015) and the
experiment was programmed using z-Tree (Fischbacher, 2007). Upon arrival, participants
were randomly assigned to a cubicle and no form of communication was allowed. A paper
copy of the instructions was distributed (see the Instructions in the Appendix). Partici-
pants could only proceed to the decision-making part of the experiment if they answered
all control questions correctly. Socio-demographic characteristics were collected at the
end of the experiment. Spectators were paid a fixed amount of € 10 for the redistribution

part, including a show-up fee of € 4. The average session lasted approximately 45 minutes.

9The slightly uneven numbers arises from one participant in the Natural-Risk treatment who did not
complete the experiment. Consequently, the Social-Risk treatment included n = 240 stakeholders and
n = 240 third parties, the Natural-Risk treatment n = 239 stakeholders and n = 240 third parties, and
the Control treatment n = 240 stakeholders.

10The uneven numbers are due to a low shop-up rate in some of the sessions. In case we had fewer
spectators than pairs of stakeholders, we randomly drew one of the spectators and applied their decision
twice.

10



3 Results

The main question of this paper is how different sources of risk and the presence or absence
of externalities affect inequality acceptance and redistribution behavior. Therefore, we
focus our analysis on spectator choices, as elicited in the second experiment of our study.
Stakeholders’ choices, as elicited in the first experiment, in contrast, are not of particular
interest for our purposes. However, the data are instrumental to the second experiment,
as they are needed to ensure that spectators make choices that have real monetary con-
sequences for some stakeholders. Therefore, we report the stakeholder choice results only
in the Appendix. Our analyses mainly focus on choices from the blocks with intermediate
probabilities (25%, 50%, and 75%), because only for intermediate probabilities there is a
choice between a safe and risky option. For corner probabilities, stakeholders’ decisions
reduce to a binary dictator choice between two deterministic options. In such cases, there
is no risk and nothing to insure. Thus, redistribution cannot be motivated by compen-
sating risk or misplaced trust, but must instead reflect other motives. For example, with
a 100% probability, the choice is between a certain payoff of (100, 100) and an equally
certain payoff of (300, 300). Deviations from the dominant option are rare and likely
reflect cognitive ability or effort rather than morally relevant preferences. In this sense,
redistribution at corner probabilities takes on a completely different meaning, one that is
unrelated to the source of risk.!* Within these blocks, spectators (n = 353) made a total
of 9,531 redistribution decisions. In 1,059 of these decisions, both stakeholders earned
0 tokens, and, hence, there was nothing to redistribute. In another 2,118 cases, both
stakeholders had the same strictly positive income — either by choosing the safe option
or by earning the same high payoff from the risky option. As one might expect, in almost
all of these cases (97%), spectators did not redistribute any money from one stakeholder
to the other. In the following, we therefore focus on the remaining 6,354 cases with initial

inequality — those situations in which the payoffs of the two stakeholders differ.

3.1 Aggregate analysis: Inequality across treatments

We start our analysis by comparing the overall level of implemented inequality across
treatments. To this end, we compute the post-redistribution Gini index within each pair
after the spectators’ redistribution decisions. In our setting, the Gini index is simply
defined as the absolute difference between the two stakeholders’ final payoffs, normalized

by the sum of the payoffs in the pair:

. |payoff of stakeholder 1 — payoff of stakeholder 2|

)

total payoff = [1—2y;| €[0,1], (1)

1\We discuss the results for corner probabilities in the Appendix A.

11



Figure 2: Distribution of post-redistribution Gini index across treatments
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where stakeholder 1 is defined as the one with the higher pre-redistribution payoff, and
(y; € ]0,1]) denotes the share of the total payoff that spectator i allocates to stakeholder 1
in a given redistribution decision. This measure equals 1 if no redistribution occurs (i.e.,

all payoff is left with the higher earner), and 0 if payoffs are fully equalized.

Note that, by construction, the pre-redistribution Gini index averaged over all decisions
is identical across treatments (since the set of decisions is identical), equal to 0.83. In
each treatment, one-third of scenarios with initial inequality had a pre-redistribution Gini
of 0.50 (pairs in which one stakeholder chose risky and earned 300, and the other chose
safe and earned 100), while the remaining scenarios had a Gini of 1 (pairs in which one
stakeholder chose risky and earned 0, and the other earned either 100 or 300).

We compute the Gini index only over stakeholders’ payoffs, excluding those of (active
or passive) third parties. This choice is justified for two reasons: (i) third-party earnings
cannot be consistently defined in the Control treatment, preventing meaningful compar-
isons across treatments; and (ii) spectators can modify only stakeholders’ payoffs, but not
those of third parties. Since our focus is on redistribution by spectators, it is natural to

restrict attention to the dimensions they can actively influence.

Our results are summarized in Figure 2, which displays the cumulative distribution
of the post-redistribution Gini index across treatments. As can be seen, we observe a
pronounced reduction in inequality in all three treatments, with the average Gini index

falling from 0.83 to 0.47. More strikingly, we find pronounced and significant differences in

12



the level of inequality implemented across treatments (Kruskal-Wallis test, p = 0.005).2
In particular, as indicated by the upwards-shifted CDFs, we observe more inequality-
reducing redistribution when choices involve social rather than natural risk, as well as
when externalities are present (rather than absent as in Control). As a result, the level
of implemented inequality is highest in the Control treatment (Gini index = 0.52) and
lowest in the Social-Risk treatment (Gini index = 0.41). The Natural-Risk treatment lies
in between these two (Gini index = 0.48). Statistical analysis reveals that the Gini index is
significantly lower in Social-Risk than in each of the other two treatments (Mann-Whitney
U test, p < 0.038 in both pairwise comparisons), but that Control and Natural-Risk are
not different (Mann-Whitney U test, p = 0.286).

These findings are confirmed by regression analysis. Model 1 in Table 2 reports the
results of an OLS regression with the post-redistribution Gini index as the dependent
variable and two dummy variables for the Natural-Risk and the Social-Risk treatments
as regressors.'® To control for the dependency of observations within subjects, we clus-
ter standard errors at the individual level. The results reveal a statistically significant
decrease in the implemented level of inequality in Social-Risk relative to the other two
treatments. This indicates that the source of risk — natural versus social — matters
for the extent to which individuals accept inequality. By contrast, the presence of exter-
nalities per se has only a small and statistically insignificant effect, as indicated by the

Natural-Risk dummy.

To better understand the source of these results, we examine whether the observed
treatment differences are driven by the fact that there are more cases in which people want
to reduce inequality when social rather than natural risk is involved (extensive margin), or
whether this effect is driven by the amount of inequality reduction conditional on reducing
inequality at all (intensive margin).

To test for potential differences at the extensive margin, we simply count how often
spectators increased, decreased, or did not change initial inequality. We find the highest
instances of inequality reduction in the Social-Risk treatment (60% of the cases), followed
by the Natural-Risk treatment (53%) and the Control treatment (45%). The fraction
of cases without any change in initial earnings, in turn, is highest in Control (52%),
followed by Natural-Risk (44%) and Social-Risk (36%).* To evaluate the significance of
these results, in Model 2 of Table 2 we present the results of a logistic regression with a

dummy variable that takes the value 1 if inequality was reduced (and 0 otherwise) as the

12\When using non-parametric tests to compare treatment differences, we calculate individual averages
by collapsing the data so that we have only one observation per individual.

13 As a robustness check, we also estimate a fractional response regression with robust errors to account
for the fact that the dependent variable ranges from 0 to 1. All results are quantitatively and qualitatively
robust and available from the authors upon request.

The fraction of cases in which inequality is increased, in contrast, is very similar across treatments
(ranging between 3% and 4%).
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Table 2: Redistribution across treatments

Model 1 Model 2 Model 3
Natural-Risk tr (d) -0.043 0.302* 0.012
(0.033) (0.172) (0.030)
Social-Risk tr (d) -0.112%** 0.606*** 0.006
(0.050) (0.165) (0.033)
Constant 0.518%** -0.196 0.179%**
(0.023) (0.123) (0.021)
Post-estimation F-tests
Natural-Risk - Social-Risk = 0 p = 0.037 p = 0.060 p = 0.842
Nr. observations 6354 6354 3345
Nr. clusters 353 353 303
R?/1og likelihood 0.014 -4347 0.000

Notes: Models 1 and 3: OLS regressions with the post-redistribution Gini index as dependent variable. Model
2: Logistic regression. The dependent variable is a dummy taking value 1 if the stakeholder decreased the initial
inequality level in the pair and 0 otherwise. In Model 3 the sample is restricted to cases in which the inequality
was decreased. In all models we cluster standard errors at the individual level. Symbols *** ** and * indicate
significance at the 1%, 5% and 10% level, respectively.

dependent variable. As before, we use two dummy variables, one for the Natural-Risk and
one for the Social-Risk treatment, as explanatory variables, and cluster standard errors
at the individual level. Our results show that spectators reduce inequality significantly
more often in Natural-Risk and Social-Risk than in Control, and (weakly significantly)

more often in Social-Risk than in Natural-Risk.

To test whether redistribution behavior differs across treatments also at the intensive
margin, we re-run Model 1 (with the post redistribution Gini index as the dependent
variable) but restrict the sample to cases in which inequality was reduced.'® The results,
reported in Model 3 of Table 2, show that the coefficients on the two treatment dummies
are close to zero and statistically insignificant. This indicates that, conditional on redis-
tributing, the extent of redistribution is very similar across treatments. We summarize

our findings so far as follows:

Result 1 Inequality is reduced significantly more when the resolution of risk happens in
a strategic context by another person (social risk) than when it is resolved by nature.
This effect is driven primarily by the likelihood that spectators engage in redistribution
(extensive margin), rather than by the amount redistributed conditional on doing so (in-
tensive margin). By contrast, the mere presence of externalities has only a small effect

on redistribution behavior.

15 As for Model 1, we run a fractional response regression model with robust errors; all results are
robust to this specification.
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3.2 Individual-level analysis

To gain a better understanding of the drivers and mechanisms behind the aggregate re-
sults, we next analyze spectators’ redistribution patterns in greater detail. In particular,
we investigate whether differences in inequality reduction can be explained by the emer-
gence of different behavioral types — each associated with a specific redistribution pattern

over pairs of stakeholders.

To estimate types, we use a two-pronged approach combining cluster analysis and
parametric mixture models — for a similar exercise see Fallucchi et al. (2019). First, we
perform a k-means cluster analysis, which is an unsupervised classification method that
partitions individuals into & distinct groups (clusters) based on their vector of choices such
that the variance within clusters is minimized (see Appendix C for a detailed description
of the method and procedures). The advantage of this approach is that it does not impose
behavioral types ex-ante, but rather lets the data speak for itself. The disadvantage is that
there is no a priori guarantee that clusters will be behaviorally meaningful. However, as we
will show below, this is not a problem in our data, as meaningful types emerge, including
the ones commonly identified in the literature. Second, informed by the cluster analysis
results and following previous literature (Cappelen et al., 2013), we use a parametric
mixture model to structurally estimate the prevalence of different behavioral types in
each treatment. Importantly, the types are not defined ex-ante by the researchers, but

are based on the results of the cluster analysis.

Cluster analysis. Figure 3 reports the main results of the k-means cluster analysis
for k = 5 clusters.!® The horizontal axis plots the five payoff pairs with strictly positive
earnings (300-0, 100-0, 300-100, 100-100, and 300-300).'" The label of each pair refers to
the pre-redistribution allocation of resources across the two stakeholders'® On the vertical

axis, we report the share of resources allocated to the first stakeholder, i.e., the one with

16 Appendix C describes the details of the k-means cluster analysis and the procedure used to select
the most appropriate number of clusters, k. In the main text, we focus only on the four main clusters.
The fifth cluster, reported in the Appendix, accounts for only 8% of spectators and exhibits more erratic
patterns. We treat it as a residual group and exclude it from the mixture model.

"Note that in this section of the paper we include all pairs with strictly positive amounts to be
distributed, including those without initial inequality. Even though there is almost no redistribution in
these pairs, we decided to include them for comparability with previous papers that used them in their
parametric estimation of fairness types (Cappelen et al., 2013). Since our cluster analysis is intended to
inform the analysis of types to be used for the mixture model, we use the same set of observations in both
analyses. Further note that each participant makes six decisions for each payoff pair involving strictly
positive inequality, as we vary both the order of the stakeholders and the probability level. This increases
the precision of our estimates and reduces the noise that may result from trembling in the redistribution
process.

18Recall that for each pair with initial inequality, spectators were asked to make two decisions: one in
which the richer player was first (e.g., 300-0) and one in which they were last (e.g., 0-300), as detailed in
Table 1). We find a very high degree of consistency across these decisions: only in less than 15% of the
cases the redistribution decision was not exactly the same. In Figure 3, we therefore show aggregated
data across these two decisions. See Figure Al in the Appendix for the full disaggregated analysis.
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Figure 3: Redistribution behavior of the different clusters. k-means cluster analysis with
(k =5)
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Notes: The x-axis shows the five payoff pairs with strictly positive earnings. Each pair reports the
pre-redistribution payoffs of the richer and poorer stakeholder, respectively. The y-axis shows the final
share of the total payoff allocated to the richer stakeholder after redistribution. Light-gray horizontal bars
indicate this stakeholder’s pre-redistribution share. Red dashed lines plot the average post-redistribution
share based on the cluster centroid (the mean point in the cluster), while solid blue lines plot the share
based on the cluster medoid (the most central observation). Shaded blue lines depict individual behavior.

the (weakly) higher ex-ante payoff. The light-grey horizontal bars represent their pre-
redistribution share. This share is equal to 1 in pairs where the other stakeholder had 0
tokens and thus all resources were initially allocated to the first stakeholder (300-0 and
100-0), it is 0.75 in the 300-100 pair, and it is 0.50 in the pairs where resources were
initially shared equally (300-300 and 100-100). The red dashed lines plot the average
share of resources allocated to the first stakeholder after redistribution, calculated using
the centroid of the cluster — the average point in the cluster. The blue solid lines report
the same data using the medoid of the cluster — the most central subject in the cluster.?

The shaded blue lines report behavior at the individual level.

As can be seen, in all clusters there is virtually no redistribution for pairs with no initial

9The medoid is the observation within a cluster whose average dissimilarity to all other members of
the cluster is minimal—that is, it is the most central, representative data point.
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inequality (300-300 and 100-100). In the following, we therefore focus our discussion of
the clusters on the redistribution behavior in the pairs with initial inequality (300-0, 100-
0, and 300-100), where clear differences emerge. Out of the four clusters shown in Figure
3, three (Clusters A to C) identify fairness types that are well known in the literature
(Cappelen et al., 2013; Bortolotti et al., 2025). Importantly, if we restrict the analysis to
the Control treatment, which is the closest to those in previous studies, the cluster analysis
confirms the presence of only three types — the same as those identified in earlier papers.
One cluster, Cluster D, is a novel type, however. In the following, we discuss each of the

clusters in detail:

e Cluster A (n = 80) — Spectators in this cluster leave the distribution of resources
largely unaffected. In fact, both the centroids and the medoids of the ex-post
distribution of payoffs are almost identical to the ex-ante distribution of resources
(light-grey horizontal bars). This type is commonly known in the literature as

Libertarian and represents the second largest group in our data.

e Cluster B (n = 64) — This type of spectator always redistributes and shares re-
sources equally among the two stakeholders, regardless of their choices. This means
that they do not consider any kind of inequality to be fair. This pattern is typical

of Egalitarians and is the fourth most common pattern in our data.

e Cluster C (n = 101) — The third type is an intermediate type that considers
inequality unfair when it arises from differences in luck, but not when it arises
from differences in risk-taking. Thus, spectators of this type redistribute resources
equally in the case where both stakeholders made the same risky choice but ended
up with different outcomes (300-0). Instead, when inequality results from different
choices — i.e., when one stakeholder chose the safe option while the other one chose
the risky option (pairs 100-0 and 300-100) — they leave the initial distribution of
payoffs unchanged. This type is commonly referred to as Choice Egalitarians and

represents the largest group in our data.

e Cluster D (n = 79) — The fourth type is characterized by a redistribution pattern
that offsets inequality only when one stakeholder was let down — either by nature
or by another player — and ended up with 0 tokens (pairs 100-0 and 300-0). If
instead both stakeholders earn strictly positive payoffs (pair 300-100), the initial
distribution of payoffs is left unchanged. Thus, in contrast to Choice Egalitarians,
the fairness ideal of this type is not shaped by ex-ante choices, but rather by the
occurrence of bad luck (either by nature or another player). We refer to this new

type as Insurers. They are the third largest group in our sample.

Result 2 We identify a new fairness type not documented in previous studies: the In-

surer, who consistently compensates individuals that take risks but incur losses. In addi-
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tion, we recover the three well-established types identified in earlier work: Egalitarians,

Libertarians, and Choice Egalitarians.

Table 3 reports the fraction of types separately for each treatment. The results reveal
significant differences in the distribution of types across treatments (x*(8) = 26.70, p =
0.001). In particular, while in the Control and Natural-Risk treatment there is a clear
prevalence of Libertarian and Choice Egalitarian types, in the Social-Risk treatment the
two most frequent types are Insurers and Egalitarians. Consequently, when conducting
pairwise comparisons across treatments, we find significant differences between the Social-
Risk and the other two treatments (y? — tests, both p < 0.016), but not between Control
and Natural-Risk (x*(4) = 3.45, p = 0.486). The differences between treatments are
thereby mainly driven by differences in the fraction of Insurer types that redistribute only
when a stakeholder ended up with a payoff of zero. In the Social-Risk treatment, the
proportion of Insurer types is 31.6%, which is almost twice as high as in the Control and
Natural-Risk treatments (17.2% and 18.3%, respectively).?

Overall, these results show that when decisions involve social rather than natural
risk, different fairness considerations emerge, with a stronger inclination to redistribute,

consistent with our aggregate findings above.

Before turning to the choice model, we emphasize that our behavioral types are defined
over action profiles across payoff pairs with different initial inequalities, and these profiles
are held constant across treatments. This differs from the approach commonly used
in the luck-versus-merit literature, where types are defined by how actions vary across
treatments and sources of inequality (e.g., Almas et al., 2020). For example, a meritocratic
spectator equalizes earnings when inequality arises from luck but not when it stems from
merit. Applying such an approach in our setting would be considerably more complex and
would generate a large number of types, since each treatment involves three relevant cases
rather than one. In the final part of this section, we return to this issue by examining
the sensitivity of our classification, focusing on how the distribution of types varies across

treatments at the population level.

Choice model. In the previous subsection, we have shown that four meaningful behav-
ioral types emerge from the data using a clustering analysis with no structure imposed
ex-ante. Building on these results, we now estimate four types parametrically using
a discrete-choice random utility model. Following previous literature (Cappelen et al.,
2013), we assume that spectators are motivated solely by fairness views, as self-interest

does not apply here (spectators were paid a flat fee for the task). Specifically, let X

20Pairwise comparisons reveal that the differences between treatments are significant between Control
and Social-Risk (x?(1) = 6.52, p = 0.011) and Natural-Risk and Social-Risk (x?(1) = 5.60, p = 0.018),
but not between Control and Natural-Risk (x*(1) = 0.05, p = 0.826).
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Table 3: k-means clustering classification by treatment

Cluster type Control Natural-Risk Social-Risk Cluster size
A) Libertarians 27.6% 24.2% 16.2% 80

B) Egalitarians 14.7% 19.2% 20.5% 64

C) Choice Egalitarians 37.1% 30.8% 18.0% 101

D) Insurers 17.2% 18.3% 31.6% 79

E) Others 3.4% 7.5% 13.7% 29
Total (%) 100% 100% 100%

Nr. observations 116 120 117 353

denote the total income in the pair of stakeholders to which a spectator is assigned. The
spectator’s utility from allocating y to the first stakeholder and X — y to the second is
given by:

V(y;) = =By — F*)?*/2X (2)

where F* denotes the fair amount allocated to the first stakeholder according to the
spectator’s type k, and where (3 is the weight attached to fairness. A spectator’s utility is
decreasing in the distance between the amount y and the fair amount F* prescribed by
their type k.

Spectators may differ along two dimensions: (i) the extent to which they care about
fairness (3); and (ii) their type (F*). Guided by the clustering analysis, we distinguish
four behavioral types, presented below in ascending order of redistribution (and, corre-

spondingly, by decreasing Gini index):

e Libertarians (based on cluster A) never support redistribution; if z is the
income of the first stakeholder before redistribution, we have FLibertarians — o which

yields the optimal choice y = z.

e Choice Egalitarians (based on cluster C) differentiate between ex-ante and
ex-post inequality:
xr if Cl 7’é CQ

FChoiceEgalitarians _

where C; takes value 1 if stakeholder i chooses the risky option and 0 if he/she

chooses the safe option.

e Insurers (based on cluster D) equalize earnings only when a stakeholder who
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faced a bad draw — by nature or another player — is present in the pair:

ansurers X/2 fr=00r X —ox=0

x otherwise

e FEgalitarians (based on cluster B) always eliminate inequality within a pair
and split the earnings equally: FF9atitarians — X /9 which yields the optimal choice
y=X/2.

Given a spectator’s type k, we consider a discrete choice random utility model of the

form:

where ¢;,, is assumed to be i.i.d extreme value distributed. To control for individual
heterogeneity in noisy behavior, the [ parameter in equation 2 is assumed to be log
normally distributed with log(3) ~ N({,0?). By denoting L; the individual likelihood
conditional on being of type k, we can obtain the total likelihood of an individual by
considering the finite mixture of types L; = Y, A*L;;, where A\¥ is the probability of
being of type k.2

Figure 4: Estimation of behavioral types
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Figure 4 reports the estimated proportion of types, ¥, separately for each treatment.

The results are very much in line with our findings from the cluster analysis. They show

2lFor further details on the estimation strategy, see Appendix D.
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a clear shift toward types favoring more redistribution in the Social-Risk compared to
the Control and Natural-Risk treatments, where Libertarians and Choice Egalitarians
are the majority. A series of likelihood ratio tests confirm that the distribution of types
across treatments is different and statistically significant, except for the comparison of
Control and Natural-Risk (Control vs. Natural-Risk, x*(5) = 3.727; p = 0.589; Control
vs. Social-Risk, x?(5) = 25.634, p < 0.001; Natural-Risk vs. Social-Risk, y*(5) = 12.983,

p = 0.024).22 We summarize our findings as follows:

Result 3 The differences in inequality reduction between treatments are explained by dif-
ferences in the distribution of types. When risk is resolved by nature (Control and Natural-
Risk), the majority of spectators do not redistribute at all (Libertarians) or only when both
stakeholders chose the risky option (Choice Egalitarians). In contrast, when risk is re-
solved by another person (Social-Risk), there is a marked shift toward Egalitarian and
Insurer types, who also redistribute when stakeholders made different choices, especially

when one stakeholder was let down by a third party.

Sensitivity of behavioral types to social risk. Our behavioral types prescribe redis-
tribution patterns over payoff pairs with different pre-redistribution allocations, and these
prescriptions are treatment-invariant. For example, an Insurer is prescribed to equalize
earnings in the 100-0 and 300-0 pairs, but not in the 300-100 pair, across all treatments.
Up to this point, we have remained agnostic about the sensitivity of spectators’ choices to
social risk — that is, we have not imposed any assumption on how spectators’ choices can
follow the same or different types across treatments. Results from both the cluster anal-
ysis and the choice model, however, indicate that spectators do respond to our treatment
manipulation. In other words, the same individual may change their pattern of actions
when exposed to different treatments. For instance, a spectator classified as a Libertarian
in the Control treatment may instead behave as a Choice Egalitarian in Natural Risk.
This would suggest that the spectator views redistribution among stakeholders who make
the same risky choice but face different outcomes as fair only when risk-taking generates
positive externalities and welfare gains. We thus talk about spectators’ sensitivity to

specific features of risk whenever a change of type occurs.

A proper study of the spectators’ sensitivity and the transitions between types would
require a within-subject design. Nevertheless, under reasonable assumptions, we can
provide population-level estimates of the share of spectators who are insensitive to social

risk (i.e., who do not change type) and those who are sensitive. We begin by comparing

22The accuracy of our type classification is confirmed by the posterior probability of a given spectator
to belong to a particular type. Overall, 80% of our spectators have a posterior probability greater than
90% of belonging to one of the four types. Furthermore, we find no systematic variation in the percentage
of spectators with a posterior probability greater than 90% across treatments (78% in Control, 84% in
Natural-Risk, and 78% in Social-Risk, x?(2) = 2.274, p = 0.321).
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the Control and Social-Risk treatments, under two assumptions: (i) if a spectator changes
type when moving from Control to Social-Risk, the change always occurs in the direction

of more redistribution; and (ii) transitions are possible only to the nezt type.

Assumption (i) implies that spectators classified as Egalitarians in Control must re-
main Egalitarians in Social-Risk. Conversely, spectators classified as Libertarians in
Social-Risk must also have been Libertarians in Control. Assumption (ii) is somewhat
stronger, as it imposes a structure on the transition from Control to Social-Risk, but is
necessary to derive a unique solution. We order types by ascending levels of redistribu-
tion, as shown in Figure 4. Accordingly, a Libertarian in Control can either remain a
Libertarian in Social-Risk or transition to a Choice Egalitarian. Likewise, Choice Egal-
itarians can become Insurers, and Insurers can become Egalitarians when moving from
Control to Social-Risk.

Table 4 reports the estimated stability and sensitivity of types across treatments,
under the assumptions discussed above. By insensitive we mean the share of spectators
behaving in the same way across two treatments, while by sensitive we refer to those
who transition into another type. All estimates are derived from the choice model results
reported in Figure 4. When moving from Control to Social-Risk, the population is almost
evenly split: about half of spectators are insensitive (50.2%) while the other half (49.8%)
change type. Most of this sensitivity to social risk is accounted for by transitions into the
Insurer category, with 28.5% of spectators moving into this type. Comparing Natural- to
Social-Risk, we still find substantial sensitivity, with about one in four spectators (26.4%)
changing type. Again, the bulk of this sensitivity comes from transitions into Insurers,

with 17.4% of spectators moving into this category.

While exploratory and based on reasonable but simplifying assumptions, we consider
this exercise as informative: it shows that most of the sensitivity to social risk is concen-
trated in the Insurer type, with a sizable share of Choice Egalitarians transitioning into
Insurers when risk is resolved by a third party rather than by nature. This supports the
idea that this novel type went unnoticed in earlier work because it is activated primarily
by the way risk is resolved, and in particular by the possibility of being betrayed by a third
party. By contrast, our cluster analysis and choice model took a more agnostic approach,
defining types as redistribution patterns that remain constant across treatments. Taken
together, both approaches highlight the importance of social risk in shaping fairness views

and in revealing types of redistributive preferences that remained hidden in earlier work.

4 Discussion

We have so far examined the distinction between natural and social risk, and the extent

to which impartial spectators support different redistributive norms in these contexts.

22



Table 4: Stability and sensitivity of types across treatments.

Control — Social-Risk Natural-Risk — Social-Risk

Insensitive  Sensitive Insensitive Sensitive
Libertarians 27.2 - 27.2 -
Choice Egalitarians 10.4 8.4 13.9 4.9
Insurers 0.5 28.5 11.6 17.4
Egalitarians 12.1 12.9 20.9 4.1
Total 50.2 49.8 73.6 26.4

Notes: The table reports the estimated shares of spectators who are insensitive (i.e., retain
the same type) or are sensitive (i.e., switch to another type) when moving across treatments.
Estimates are derived from the choice model (Figure 4), under the assumptions that (i) type
changes occur only in the direction of greater redistribution and (ii) transitions are possible
only to the next type in the ordering shown in Figure 4. Values are percentages of the
population. A dash (-) indicates that a transition is not possible under these assumptions.

While this distinction is central to most market interactions, risk-taking is a multifaceted
phenomenon, and various factors may influence redistribution preferences. Indeed, in our
setting, pre-redistribution payoffs are not merely the result of decisions taken in isolation
and luck, but are closely linked to the other-regarding preferences of our stakeholders (in
Natural-Risk and Social-Risk). This connection may give rise to redistribution preferences
that are richer and more nuanced than those usually considered. We have so far exam-
ined the distinction between natural and social risk, and the extent to which impartial
spectators support different redistributive norms in these contexts. While this distinc-
tion is central to most market interactions, risk-taking is a multifaceted phenomenon,
and various factors may influence redistribution preferences. Indeed, in our setting, pre-
redistribution payoffs are not merely the result of decisions taken in isolation and luck,
but are closely linked to the other-regarding preferences of our stakeholders (in Natural-
Risk and Social-Risk). This connection may give rise to redistribution preferences that

are richer and more nuanced than those usually considered.

Beyond the role of externalities — captured by comparing Control and Natural-Risk
(which are not significantly different, though) — a key dimension for redistribution is
the likelihood of success when engaging in risk. Stakeholders who choose a risky option
despite a low probability of success (e.g., 25%) might reasonably be seen as accountable for
adverse outcomes, as such failure could have been anticipated. This could diminish both
the perceived responsibility and the sense of betrayal in Social-Risk, leading spectators
to reduce the amount of redistribution. However, in both Natural- and Social-Risk, the
risky choice significantly enhances total welfare — a feature common in many real-world
scenarios where entrepreneurs invest in innovation. In this light, an impartial spectator

might instead favor compensating unlucky stakeholders who pursued risk despite low
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expected returns.

We can address whether one potential motivation for spectators dominates the other
with our design as it comprises multiple probability levels. Therefore, we repeat our
aggregate analysis from Section 3.1, but this time split up by belief/probability levels.
The results are shown in Figure 5, which plots the average post-redistribution Gini index
separately for each probability level and treatment. As can be seen, we find that the
level of implemented inequality within a treatment does not systematically depend on the
different belief/probability levels. Regression analyses, reported in Table A2 in Appendix
A, confirm that beliefs/probabilities do not significantly affect the implemented inequality

in any of the treatments.?

Figure 5: Post-redistribution Gini index by treatment and probability level (with SEM
at the individual level)
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Another important dimension of risk-taking concerns the behavior of the third party in
the Social-Risk treatment. When social risk and trust are involved, individuals must gen-
erally rely on beliefs about the counterpart’s actions rather than on precise probabilities.
To assess whether this aspect influences spectators’ redistribution choices and fairness
views, we conducted a follow-up study with a modified Social-Risk treatment in which
we eliminated the uncertainty associated with beliefs about the third party’s behavior.
Specifically, in the new treatment, called Social-Prob, stakeholders were paired with a

group of four third parties. Stakeholders were then asked to make five decisions between

Z3Note that this result is also consistent with previous evidence, showing that changing the attractive-
ness of the risky option by varying the payoff of the safe option (holding the payoff and the probability
of the risky option constant), has no effect on redistribution behavior (Cappelen et al., 2013; Bortolotti
et al., 2025).
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the safe and the risky option, conditional on M € {0, 1,2, 3,4} out of the four third par-
ties choosing to send back money.?* Only after stakeholders had made all their choices
did they learn which scenario was relevant — how many out of the four third parties
they were paired with actually chose to send money back. To determine their earnings,
we then randomly matched them with one out of the four third parties. The design and
procedures for the spectators were exactly the same as for the other treatments. In total,
we collected data from n = 120 spectators, n = 240 stakeholders, and n = 240 third
parties, none of whom had participated in our first study. As before, spectator decisions
were elicited at the Cologne Laboratory for Economic Research (CLER) using student

participants, while stakeholder and third parties decisions were elicited using MTurk.

To test for the effect of beliefs vs. probabilities in the Social-Risk treatment, we re-
estimate the discrete choice model including the new treatment. We find that in Social-
Prob, the share of Insurers is 22%, slightly lower than in Social-Risk (29%), but still about
40% higher than in the Natural-Risk treatment. When comparing the distribution of types
across treatments, we find a statistically significant difference between Control and Social-
Prob (x?(5) = 12.983, p = 0.002), and Natural-Risk and Social-Prob (x?(5) = 12.722,p =
0.026), but not between Social-Risk and Social-Prob (x?(5) = 6.606, p = 0.252). Overall,
these results show that while ambiguity may play some role in explaining the treatment
differences in redistribution, it does not capture the full effect when moving from natural

to social risk. We summarize these findings in our final result:

Result 4 Ambiguity in risk-taking has some effect on redistributive behavior, but cannot

explain the differences between natural versus social risk.

5 Conclusion

This study examines how redistributive preferences and perceptions of fairness are shaped
by the context in which inequality arises — particularly whether it results from natural
or social risk, and whether externalities are present. Using a laboratory experiment with
impartial spectators, we find that individuals exhibit significantly less tolerance for in-
equality stemming from social risk — where outcomes depend on another person’s choice
to reciprocate or betray — than from natural risk — where outcomes depend on brute
luck. This aversion to inequality born of social interdependence is driven by a greater
likelihood of redistribution, rather than more intensive transfers. The consideration of

social risk has allowed us to identify a novel fairness type, which we term Insurer, who

24 M = 0 implies no third party will send back, leading to a certain choice between 100 and 0 (or 100
and 600 for the third party). Conversely, M = 4 offers a certain choice between two fixed amounts. If the
stakeholder chooses the risky option, intermediate values of M = 1,2, 3 correspond to probabilities, p, of
25%, 50%, and 75%, respectively, for receiving 300. Our analysis focuses primarily on these intermediate
probabilities.
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consistently compensate individuals who take risks but incur losses. This type is espe-
cially prevalent when outcomes hinge on others’ choices, suggesting that the interpersonal

nature of risk shapes moral reasoning about fairness.

Our findings offer several important implications for economic theory and policy. First,
they refine theories of distributive justice by highlighting how the nature of risk — specif-
ically, whether it is social or natural — influences fairness judgments. While much of
the literature emphasizes meritocratic principles, where inequality arising from voluntary
choices under equal opportunities is deemed acceptable, our results point to a critical dis-
tinction: the source of risk matters. In particular, we show that the standard dichotomy
of ex-ante versus ex-post fairness (e.g., Cappelen et al., 2013) is insufficient when risk is
resolved in a strategic context, which is what we called social risk. Spectators appear
to recognize the vulnerability inherent in trust-based interactions, treating betrayal not
simply as bad luck, but as a violation of an implicit social contract that warrants interven-
tion. Furthermore, in contrast to prior work showing that spectators often over-attribute
responsibility even for outcomes clearly shaped by external factors (e.g., Cappelen et al.,
2022a,b; Bhattacharya and Mollerstrom, 2022; Andre, 2025; Yusof and Sartor, 2025), we
identify a domain — social risk — where actors are seen as less culpable for negative
outcomes. The willingness to insure against betrayal, even when the risk is anticipated,
points to a deeper societal appreciation for efforts that foster trust and cooperation.?” Fu-
ture models of social preferences and distributive justice should incorporate the strategic
environment and relational dimension of risk-taking, moving beyond purely individualistic

notions of responsibility.

Second, our findings have direct policy relevance, particularly in strategic contexts
such as contracts, employment, and trade, where outcomes depend on the actions of
multiple parties. The heightened preference for redistribution in trust-based environments
points to public demand for social insurance mechanisms that address harms arising from
social, as opposed to purely idiosyncratic or market-based, risks. This may be especially
relevant in settings characterized by weak institutions and widespread corruption, where
wealth is often perceived as stemming from selfishness rather than merit (Almas et al.,
2022). In such environments, the prevalence of insurer-type preferences may translate into
broader support for policies aimed at mitigating the fallout from opportunistic behavior,
including enhanced consumer protection, compensation for fraud victims, and community-
based precautionary measures against broken informal agreements. Designing institutions
that not only deter breaches of trust but also provide remedies when they occur may be

essential to fostering economic activity in interdependent settings.

25This view resonates with broader concerns about economic systems, where many believe that pro-
ductivity gains should lead to shared prosperity rather than concentrated wealth among a powerful few.
Violations of this expectation — particularly through selfishness or exploitation — are often perceived
as morally objectionable.
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In conclusion, our paper shows that the structure of economic risk — particularly the
presence of social interdependence and the potential for betrayal — is a critical determi-
nant of fairness judgments and redistributive preferences. To accurately capture public
sentiment and design effective economic policies, it is not enough to consider choice and
luck in isolation. The social context in which outcomes are generated profoundly shapes
their perceived legitimacy. Recognizing these nuanced moral considerations is vital for
fostering cooperation, building resilient economic systems, and promoting a distribution

of resources that commands broad social acceptance.
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Appendix for Online Publication

A Additional Tables and Figures

Table Al: Implemented inequality (Gini index) by treatment and probability level

Control Natural-Risk Social-Risk
Pair 0% 25% - 5%  100% 0% 25% - 5%  100% 0% 25% - 75%  100%
Pairs without initial inequality
100-100 0.03 0.03 0.03 0.05 0.04 0.05 0.02 0.02 0.03
300-300 - 0.04 0.05 - 0.04 0.04 0.03 0.02 0.02
Pairs with initial inequality
300-0 - 0.39 - - 0.37 - 0.43 0.33 0.29
100-0 0.86 0.72 - 0.71 0.65 - 0.63 0.49 0.52
300-100 - 0.44 0.56 - 0.41 0.50 0.38 0.40 0.46
Notes: “” indicate cases that were ruled out by design. Higher numbers correspond to higher levels of implemented inequality.

Table A1 reports the implemented level of inequality (as measured by the Gini index)
for each treatment and payoff pair, broken down by the two corner probabilities (0% and
100%) and the three intermediate probabilities (25%, 50%, and 75%). As noted in the
main text, for the payoff pairs without initial inequality (100-100 and 300-300), the Gini

index remains close to zero across all treatments and probability levels.

When comparing inequality between intermediate and corner probabilities, we observe
some consistent patterns in Control and Natural-Risk. For instance, in the case where one
stakeholder chose the safe option while the other chose the risky option and was unlucky
(100-0), redistribution is lower (i.e., inequality is higher) when the risky option was a
dominated choice, i.e., when the chance of receiving the high payoff was equal to 0%.
Likewise, redistribution is also lower at the corner probabilities when the safe option was

dominated, i.e., when the chance of receiving the high payoft was 100

For the Social-Risk treatment, we find that when both stakeholders decided to trust
but only one was rewarded while the other was betrayed (300-0), redistribution is higher
(and hence inequality lower) the more optimistic both stakeholders were about the trust-
worthiness of the (active) third party. When the two stakeholders chose different options,
we observe that in cases where one was betrayed (100-0), redistribution toward the un-
lucky stakeholder is lower the less optimistic they were about the trustworthiness of the
third party. In contrast, in the case where one played safe while the other chose to trust
and was rewarded (300-100), spectators are less likely to redistribute the more optimistic

both stakeholders were about the the trustworthiness of the third party.

Overall, these results suggest that spectators are indeed sensitive with regard to ex-
treme probabilities. In particular, they appear willing, at least to some extent, to punish

those stakeholders whose choices can be considered as a mistake, for example, when choos-
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ing dominated options in the Control and Natural-Risk treatments, or when deciding (not)

to trust when expectations about the trustworthiness of the trustee are low (high).
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Table A2: Implemented inequality (Gini index) and probability levels

Gini index
Control Natural-Risk  Social-Risk Pooled
Model 1 Model 2 Model 3 Model 4
Probability 50% (d) -0.021 -0.022 -0.002 -0.021
(0.013) (0.015) (0.015) (0.013)
Probability 75% (d) -0.031* -0.020 0.002 -0.031*
(0.017) (0.015) (0.015) (0.017)
Natural-Risk (d) -0.046
(0.035)
Social-Risk (d) -0.129%%*
(0.035)
Natural-Risk x Probability 50% -0.000
(0.020)
Social-Risk (d) x Probability 0.019
50%
(0.020)
Natural-Risk x Probability 75% -0.011
(0.023)
Social-Risk (d) x Probability
75% -0.034
(0.022)
Constant 0.535%** 0.489%** 0.406*** 0.535%**
(0.025) (0.025) (0.025) (0.024)
Post-estimation F-tests
Probability 50% - Probability p= 526 »— 899 b= 768 »— 524
75% =0
Nr. observations 2088 2160 2106 6354
Nr. clusters 116 120 117 353
R2 0.000 0.000 0.000 0.016

Notes: OLS regressions with standard errors clustered at the individual level.

significance at the 1%, 5% and 10% level, respectively.
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Share to first stakeholder Share to first stakeholder

Share to first stakeholder

Notes: The x-axis shows the five payoff pairs with strictly positive earnings.
each pair indicate the pre-redistribution payoffs of the two stakeholders, respectively. The y-axis shows
the final share of the total payoff assigned to the first stakeholder after redistribution. The light-grey
horizontal bars represent the share of resources of this stakeholder before redistribution. The red lines
report the average share of resources allocated to the first stakeholder after redistribution, calculated
using the centroid of the cluster, i.e., the average point in the cluster. The blue lines report the same
data using the medoid of the cluster, i.e., the most central participant in the cluster. For each payoff
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Figure Al: k-means clustering - centroid and medoid of each cluster (k = 5)
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pair, three dots are shown, corresponding to the three probability levels 25%, 50%, and 75%.
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B Stakeholders’ risk-taking and trusting behavior

In this section, we describe the behavior of stakeholders in our online experiment. Our
main results are summarized by Figure B1. It shows, separately for each treatment and
each probability /belief level, the share of stakeholders choosing the risky option. In all
three treatments, risk taking increases with the (perceived) probability of receiving the
high outcome: the higher the probability, the larger the share of stakeholders selecting
the risky option. Interestingly, the patterns for the Control and Natural-Risk treatment
look quite similar, suggesting that efficiency concerns play only a minor role for the
stakeholders’ choices. In Social-Risk, in contrast, we observe a somewhat higher fraction

of risk taking, in particular for intermediate levels of beliefs.

Figure B1: Stakeholders’ choices by treatment and (expected) level of success
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Recall that while the stakeholders’ decision in the Control and Natural-Risk treatment
were elicited using the strategy method — each stakeholder had to make five decisions,
one for each probability level — stakeholders in the Social-Risk treatment made only
a single decision on whether to trust. In addition, we elicited their beliefs about the
trustworthiness of the (active) third party. Specifically, we asked them how many out
of four participants in the role of the third party they think will send money back. The
distribution of these beliefs is shown in Figure B2. The largest fraction of stakeholders
(39%) believed that half of the third parties would chose to send back. In comparison,
only 6% expected that no third party would be trustworthy, and only 8% expected all
would be. On average, stakeholders believed that 52.5% (2.1 out of 4) of third parties

would send back money, which is quite close to the actual share of third parties choosing
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to send money back (58%).

Figure B2: Distribution of stakeholders’ beliefs in the Social-Risk treatment about the
trustworthiness of third-parties
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C Detailed procedure for the k-means cluster analysis

The k-means cluster analysis was performed with R using the “kmeans” function with
Euclidean distance and 100,000 random initial values for the centroids of the clusters.
The data used in the clustering are the 24-dimensional individual vectors of ex-post re-

distribution, standardized by the total amount to be redistributed.

To select the most appropriate number of clusters, k, we relied on a combination of dif-
ferent techniques. We started by using the elbow method, and since the results from this
method were not conclusive, we complemented it with additional evidence —specifically,
the silhouette method and an assessment of the robustness of specific clusters when in-
creasing the size of k. Figure C1 shows the within-cluster variance as a function of the
number of clusters k£ (elbow method). No clear discontinuity emerges from this analysis,

which suggests that £ = 4 or k£ = 5 may be the most appropriate number of clusters.

Since we cannot reach a clear-cut conclusion simply using the elbow method, we com-
pute the silhouette distribution for £ = 4 and k£ = 5. For each participant, the silhouette is
computed as follows. First, we compute the distance between the participant’s vector and
the vectors of all other participants in their cluster. Second, the same process is repeated,
but this time the participant’s vector of choices is compared with the vector of choices of
each of the participants in the next closest cluster. The individual silhouette index s; in
[—1,1] is calculated comparing these two measures. An s; close to one means that the
participant is closer to the other members in their own cluster than to the participants in
the neighboring cluster. An s; close to minus one means that the participant is closer to
the neighboring cluster than their own cluster. Figure C2 reports the distribution of the
silhouette index in each cluster for both £ = 4 and k = 5. While the overall silhouette
index performs well for both £ = 4 and k£ = 5, we find that using five clusters provides a
better classification of participants into homogeneous groups. In particular, the number
of participants with negative silhouette values is lower when using five clusters. To fur-
ther corroborate this choice, we repeated the cluster analysis for levels of k£ up to 10. The
meaningful clusters identified in for £k = 5 are robust to the addition of more clusters,

suggesting that we have uncovered stable patterns.26

26Results for k > 5 are available upon request from the authors.
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Figure C1: Within cluster variance (k-means cluster analysis)
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Figure C2: k-means clustering - silhouette plot (k = 4)
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(b) k=5
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Notes: The figure reports the distribution of the individual silhouette index s; in [-1,1]. An s; close to
one indicates that a participant is more similar to other participants in their own cluster than to those
in a neighboring cluster. Conversely, an s; close to minus one indicates that a participant is closer to
participants in a neighboring cluster than to those in their own cluster.
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D Details on the estimation procedure

In this Appendix, we provide further details about the estimation of fairness views (based
on Cappelen et al. 2007, 2013; Bortolotti et al. 2025).

Given the random utility model in equation (3) and under the assumption that ¢;, is
i.i.d. extreme value distributed and that log(3) is N'(¢, %), we can write the likelihood

contribution of a spectator ¢ conditional on fairness view k as follows:

oo ( Ji V(yij;F*,B,)

v 7Fk7 )"
Zseyij eV (s m6y)

Jj=1

where f(-) is the density function of the log normal distribution and y;; is the allocation
chosen by spectator i from the choice set };; = {0, 10,...,X;;} that spectator ¢ faces in

the redistribution decision j.

To calculate the total likelihood contribution of spectator i, we take the weighted sum
of the conditional likelihood L; j

LA NP XN oy = > ML (D.2)
ke{L,E,CE,T}

where A\* is the population share of spectators with fairness view k € {L, E,CE,I}. k"
corresponds to Libertarians view, k¥ corresponds to Egalitarians view, k“F corresponds
to Choice Egalitarian, and k! corresponds to Insurer view. Finally, the total log-likelihood
is obtained by taking the sum of the log of the total likelihood contributions of each spec-

tator.

Parameters are estimated by maximum simulated likelihood with integrations per-
fomed using 100 Halton draws for each observation (Train, 2009). One population share
and its standard error are calculated residually. The estimation is performed in R using
the BFGS method with mle2 function (bbmle package). Table D1 reports the estimation

results.
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Table D1: Estimation of types

Control  Natural-Risk  Social-Risk  Social-Prob

Model 1 Model 2 Model 3 Model 4
\Libertarians 0.356 0.321 0.272 0.352
(0.047) (0.046) (0.044) (0.047)
\ChoiceEgalitarians 0.389 0.313 0.188 0.263
(0.049) (0.047) (0.039) (0.046)
\[nsurers 0.134 0.157 0.290 0.222
(0.035) (0.037) (0.047) (0.042)
M\Fgalitarians 0.121 0.209 0.250 0.162
(0.033) (0.040) (0.044) (0.036)
¢ 6.963 6.844 5.968 5.784
(0.233) (0.281) (0.326) (0.339)
o 4.268 4.145 3.340 2.959
(0.338) (0.319) (0.271) (0.238)
logLik -5214.866 -5838.841 -6033.670 -6317.867
Degrees of freedom 5 5 5 5

Notes: The likelihood is maximized in R using the BFGS method with mle2 func-
tion (bbmle package). One population share and its standard error are calculated
residually. Numerical integration is perfomed using 100 halton draws for each ob-
servation (Train, 2009). Models 1 to 4 report estimates separately by treatment:
Control, Natural-Risk, Social-Risk, and Social-Prob. The log-likelihood of the pooled
models are the following: (i) pooling Social-Risk and Social-Prob: -12354.840; (ii)
pooling Social-Risk and Control: -11261.354; (iii) pooling Social-Risk and Natural-
Risk: -11879.003; (iv) pooling Social-Prob and Control: -11542.438; (v) pooling
Social-Prob and Natural-Risk: -12163.068; and (vi) pooling Control and Natural-
Risk: -11055.570.
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E Experimental instructions for spectators (translated from Ger-

man)

The following instructions are for the Natural-Risk treatment. The instructions for the

other treatments are very similar and available upon request.

Welcome to this experiment. The purpose of this study is to investigate how people
make decisions in certain contexts. From now until the end of the study, any communi-
cation with other participants is not allowed. If you have a question, please raise your
hand. One of the experimenters will then come to your desk and answer your question.
Upon completion of the study, you will receive a payment of €10, including €4 show-up

fee.

Overview. In this study, you will be presented with a total of 35 decisions, one after
the other. In each decision, your task is to decide how to redistribute money between an
Orange and a Blue player. One of these decisions will have real monetary consequences
for two individuals that we recruited via an international online marketplace to conduct
an assignment. In the following, we will first explain in detail the task we gave to the
individuals who participated in the online assignment. After that, we will provide you

with the information about your task.

Online Study. A few days ago we recruited participants via an international online
marketplace to conduct an assignment. For their participation, participants received a
fix payment of $0.50. On top of that, participants could earn an additional amount of

money (see below).

In the study there were two pairs of players. The first pair consisted of an ORANGE
and a GREEN player. The second pair consisted of a BLUE and a GREEN player.
Please note that ORANGE and BLUE interacted with two different GREEN players.

The decision situation faced by the ORANGE, the BLUE, and the two GREEN players
is depicted in Figure E1.

Please consider first the pair on the left side of Figure E1.
At first, ORANGE could choose between two options, Option A and Option B.

e Option A. If ORANGE chose Option A, then ORANGE and GREEN each earned
100 tokens with certainty. In this case, GREEN had no decision to make.

e Option B. If ORANGE chose Option B, then a random draw determined how

earnings are allocated. There were two possible outcomes:

— Option X: ORANGE and Green each earned 300 tokens;
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Figure E1: Pairs and options

Chance

100 x Y

300 0
300 600 300 600

— Option Y: ORANGE earned 0 tokens and Green earned 600 tokens.

The second pair with the BLUE and the other GREEN player were facing the exact
same decision situation as the first pair (see right side of Figure E1). BLUE could choose
between Option A and Option B, and in case BLUE chose Option B, a random draw
decided between Option X and Option Y.

In total, ORANGE and BLUE had to make five decisions (see Table E1). Option A
was the same for all five decisions. Option B differed in each of the five decision. In
particular, the probability that Option X was randomly drawn increased from decision to
decision in steps of 25%. That is, in the first decision, if Option B was chosen, Option
X had a 0% chance of being randomly drawn and Option Y had a 100% chance of being
randomly drawn. In the second decision, Option X had a 25% chance of being randomly
drawn and Option Y had a 75% chance of being randomly drawn. In the third decision,
Option X had a 50% chance of being randomly drawn and Option Y had a 50% chance
of being randomly drawn, and so on. Finally, in the fifth decision, Option X had a 100%

chance of being randomly drawn and Option Y had a 0% chance of being randomly drawn.

All amounts in the study were initially expressed in tokens. At the end of the study,
tokens were exchanged at the rate of $1=150 tokens. Please notice that the amount of
money at stake is above the average earnings compared to similar tasks at the same online
marketplace. Participants were allowed to take part in the study only if they correctly
answered a set of control questions.

After completing the study, we randomly formed pairs of one ORANGE and one
BLUE player. After that, participants were told that a third person would be informed
about the rules and the outcome of the study, and that this person would be given the
opportunity to redistribute the earnings between the ORANGE and the BLUE player,

and thus determine how much money they would be paid for the online study.
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Table E1: Online decisions

Decision Option A Option B
Option X Option Y
. . 0% chance 100% chance
1 Orange/Blue:100, Green:100 Orange/Blue:300, Orange/Blue:0,
Green:300 Green:600
' ' 25% chance 75% chance
2 Orange/Blue:100, Green:100 Orange/Blue:300, Orange/Blue:0,
Green:300 Green:600
. . 50% chance 50% chance
3 Orange/Blue:100, Green:100 Orange/Blue:300, Orange/Blue:0,
Green:300 Green:600
. . 75% chance 25% chance
4 Orange/Blue:100, Green:100 Orange/Blue:300, Orange/Blue:0,
Green:300 Green:600
. ' 100% chance 0% chance
g Orange/Blue:100, Green:100 Orange/Blue:300, Orange/Blue:0,
Green:300 Green:600

Your Task. You are the third person and you can now choose whether to redistribute
the tokens between the ORANGE and the BLUE player. Please notice that you can
only redistribute money between ORANGE and BLUE, but not any tokens received by
GREEN. The participants of the online study will receive the payment that you choose
for them within the next few days. The participants will not receive any additional

information (apart from their final earnings). Your decision is completely anonymous.

Figure E2 shows a sample decision screen. In the upper part of the screen you can
see the initial situation for the ORANGE and the BLUE player. For each player, you can
see whether they chose Option A or Option B. In case any of the players chose Option B,
you can also see which option (Option X or Option Y) was implemented by the random

draw. You will further see how many tokens each of the players received.

In the example in Figure E2, ORANGE chose Option B and the random draw imple-
mented Option X. Therefore, ORANGE and GREEN received 300 tokens each. BLUE;,
in contrast, chose Option A. As a result, he and GREEN received 100 tokens each.

In the central part of the screen you can see the sum of the tokens received by the
ORANGE and the BLUE player. In the example, the sum of tokens is 400. Your task is
to decide whether and how to redistribute the total amount of tokens between
ORANGE and BLUE. You can choose any positive amount in steps of 10 tokens, as
long as you redistribute all tokens. In our example, the sum of what you give to ORANGE
and BLUE must be exactly 400 tokens.
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Figure E2: Sample screen shot

BLOCK 1 - X:25% and Y:75% Decision 1: Initial situation
ORANGE Player BLUE Player
I:I Option A: 100 Taler Option A: 100 Taler
Option B: 0 or 300 Taler I:I Option B: 0 or 300 Taler
'ORANGE chose Option B and nature chose Option X. The resuit BLUE chose Option A. The result was therefore 100 for BLUE
was therefore 300 for ORANGE and 300 for GREEN. and 100 for GREEN.
RESULT: 300 Taler RESULT: 100 Taler

TOTAL AMOUNT TO REDISTRIBUTE: 400 Taler

Please decide whether, and if yes, how you want to redistribute the earnings of the
ORANGE and the BLUE player.

| want to give to the ORANGE player Ich want to give to the BLUE player
Taler Taler
The total amount has to sum up to 400 Taler. _

Once you have made your decision, please click
"Confirm Decision".

Decisions and blocks. You have to make 35 decisions—one for each possible case— from
which one will be payoff-relevant. This means that one decision will have actual monetary
consequences for two individuals who completed the online assignment. You won’t know
in advance which decision will be relevant for the earnings of the participants of the online

study. Please make a considerate decision in each situation.

The 35 decisions will be divided into 5 blocks. The blocks differ with regard to the
chance that Option X is implemented by the random draw (in case ORANGE or BLUE
chose Option B). For instance, the block X: 25%, Y: 75% combines all decision situations
in which the chance of Option X being implemented by the random draw was 25%, and
the chance of Option Y being implemented by the random draw was 75%. The block X:
50%, Y: 50%, in contrast, combines all decision situations in which the chance of Option
X being implemented by the random draw was 50%, and the chance of Option Y being
implemented by the random draw was 50%. Please notice that the chance of Option X
being implemented is the same for both ORANGE and BLUE and that it is the same
for all decision within this block. You will be informed about the relevant probability at
the beginning of each block. At the end of each block, you will see a summary of your

decisions and you will have the opportunity to revise them.

Before we start, we ask you to answer a few control questions. These questions should
ensure, that all participants have understood the instructions. After that, the experiment

starts.
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F Experimental instructions for stakeholders (M7Turk)

The following instructions are for the first movers in the Natural-Risk treatment. The

istructions for the other treatments are very similar and available upon request.

Welcome!

Thank you for participating in our HIT.

This HIT comprises two stages. If you complete the HIT, you will earn a fixed amount of
$0.50 plus a bonus that depends on your and others’ choices. All earnings are expressed
in tokens that will be converted into real money at the end of the study ($1=150 tokens).
The study will take about 8 minutes to complete (including the time for reading the

instructions). You will receive a code to collect your payment via MTurk upon completion.

If you want to participate, please enter your MTurk worker ID and proceed to the in-

structions for Stage 1.

new screen

Stage 1

In Stage 1, you will be paired with another worker on Mturk. In the following, we will
call this other Mturker your ‘Partner’. In Stage 1 you will face five decisions. In each
decision, you have to choose between two options: Option A and Option B (see table
below).

Decision Option A Option B

1 You:100, Partner:100 | 0% chance 100% chance
You:300, Partner:300 You:0, Partner:600

2 You:100, Partner:100 | 25% chance 75% chance
You:300, Partner:300 You:0, Partner:600

3 You:100, Partner:100 | 50% chance 50% chance
You:300, Partner:300 You:0, Partner:600

4 You:100, Partner:100 | 75% chance 25% chance
You:300, Partner:300 You:0, Partner:600

5 You:100, Partner:100 | 100% chance 0% chance
You:300, Partner:300 You:0, Partner:600

e Option A: Option A is the same for all five decisions and pays you and your partner

100 tokens each for sure.
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e Option B: Option B is risky and there are two possible outcomes:

— You and your partner earn 300 tokens each, or

— You earn 0 tokens and your partner earns 600 tokens.

The realized outcome depends on a random draw and the chances of reaching one of the
two outcomes change in each of the five decisions. The chance of you and your partner
earning 300 tokens each is 0% in decision 1, 25% in decision 2, 50% in decision 3, 75%
in decision 4, and 100% in decision 5. At the same time, the chance of you earning 0
tokens and your partner earning 600 tokens is 100% in decision 1, 75% in decision 2, 50%

in decision 3, 25% in decision 4, and 0% in decision 5.

After you have made a choice for each decision, the computer will randomly select one
decision that will be relevant for Stage 2 and your and your partner’s earnings. If you

choose Option B for a given decision, the computer will resolve the lottery.

If you have understand these instructions, please answer the control questions below.

Question 1: Suppose you chose Option A in decision 3. What is the outcome of this
decision?

O The outcome is: You:100, Partner:100

O The outcome is: You:200, Partner:200

O There is a 50% chance that the outcome is: You:300, Partner:300 and a 50% chance
that the outcome is: You:0, Partner:600

O There is no bonus for sure

Question 2: Suppose you chose Option B in decision 3. What is the outcome of this
decision?

O The outcome is: You:100, Partner:100

0O The outcome is: You:200, Partner:200

O There is a 50% chance that the outcome is: You:300, Partner:300 and a 50% chance
that the outcome is: You:0, Partner:600

O There is no bonus for sure

new screen
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Stage 2

Thank you for completing Stage 1 of the study. We will now explain Stage 2. In Stage
2 you will be randomly matched with another worker on Mturk, who has completed the

exact same HIT in the exact same role as you.

A third person will be informed about the assignment and about your choice and the
other worker’s choice. In case you or the other worker chose Option B, the third person
is also informed about the outcome of the random draw. This third person will therefore

be informed about how many tokens you and the other Mturker earned in Stage 1.

The third person will then be given the opportunity to redistribute tokens between you

and the other worker. That is, the third person can either:

e Transfer any token amount from you to the other Mturker,
e transfer any token amount from the other Mturker to you, or

e leave the token earnings from you and the other Mturker from Stage 1 unchanged.

The redistribution done by the third person will determine your bonus for the present
assignment. You will receive your bonus within one week from the completion of the

assignment.

In the following, we kindly ask you to answer the following questions about
Stage 2:

Consider two Mturkers — worker 1 and worker 2 — who completed the the exact same HIT

in the exact same role as you.

Question 1:

Suppose in decision 3 worker 1 selected Option A - and his and his partner’s outcome
was 100 tokens. Suppose further that worker 2 chose Option B and the outcome of the
random draw was 0 tokens for himself and 600 tokens for his partner. The third person
now has the opportunity to redistribute tokens between worker 1 and worker 2. How do
you think the tokens will be redistributed? (Note: The distributed tokens must sum up
to 100 tokens.)

e Amount of tokens worker 1 will receive: [blank]

e Amount of tokens worker 2 will receive: [blank]
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e Total [automatically filled]

Question 2:

Suppose worker 1 selected Option A and his and his partner’s outcome was 100 tokens.
Suppose further that worker 2 chose Option B and the outcome of the random draw
was 300 tokens for himself and 300 tokens for his partner. The third person now has the
opportunity to redistribute tokens between worker 1 and worker 2. How do you think the
tokens will be redistributed? (Note: The distributed tokens must sum up to 400 tokens.)

e Amount of tokens worker 1 will receive: [blank]
e Amount of tokens worker 2 will receive: [blank]

e Total [automatically filled)

Question 3:

Suppose worker 1 selected Option B and the outcome of the random draw was 0 tokens
for himself and 600 tokens for his partner. Suppose further that worker 2 chose Option
B and the outcome of the random draw was 300 tokens for himself and 300 tokens for
his partner. The third person now has the opportunity to redistribute tokens between
worker 1 and worker 2. How do you think the tokens will be redistributed? (Note: The
distributed tokens must sum up to 300 tokens.)

e Amount of tokens worker 1 will receive: [blank]
e Amount of tokens worker 2 will receive: [blank]

e Total [automatically filled]

—

new screen

Validation code

We thank you for your time spent taking this survey. Your response has been recorded.

Your MTurk completion code is <code here>

IMPORTANT: you need to enter this code on MTurk to collect your payments. After

that, you may close the browser, window or tab
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