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Abstract (237/250)

Social injusticeand altruism arelaily occurrencesn every societyWhenone individual treatsanother
unfairly, abystan@r may step into correct the ijustice by punishing thenormviolator or helping the
victim. While the latter may be more efficient, experimesi®w that punishing the normiolator is
actually more effectivein curbing undesirable behavior and maintaindistributive social normsWe
posit that arobustmechanism that enforcesuch norms must accommodatéeterogeneousselfish or
otherregarding)types ofindividuals and thie strategic interactionsTo model such a mechaniswe
combined laboratory games with latent class modeling to characterize the effectsimethetiors
beween sociajustice mechanismanda mixture of selfish and otheegardingtypes Specifically,we
investigateda threeperson repeated game which a third-party bystandercould monetarily help the
victim or punish the noraviolator. We found that a modehat allows for a mixture of typesexplains
choice behavior significantly better than representative agent mod€@ritically, we found that the
superiority ofthe @unistOconditionin enforcing norrcompliance depended oithe norm-violator and
thethird-party beingotherregarding In contrastif either wasselfish norm-enforcementunderthe (elpd
conditionwasequal or superior tthatunderthe @unistOcondition These resultshow thatit is crucial
to knowthe proportion oftypesof individualsin order to best understand apakdictthe effectiveness of
asocialmechanisnsothat itreinforaes rather tharimpairsotherregardingbehavior

Significance Statement (16/120)

This paper showthe importance of knowing the compositionsgfifish and otherregardingindividuals

in a population before designingormenforcing mechanisméJnderstandinghtis heterogeneity and the
interactions betweeimdividuals iscritical in determining whether it imore effective for a thirgharty to
punish norm-violators or help victims Intuitively, the worst results were observed when the norm
violator and the thirgbarty were selfish, and the best when both were otgarding.However, since
societies arén reality heterogeneousheresults fromsuch populationarethe most interesting, shang
that punishment and help choth be effective, albeiwith different heterogeneitiegunishmenis better
when the nornviolator and thirdparty are other regarding, whitelpis better when either igHish.



Introduction

A core question in every society is how to dessgeial mechanismso that they reinforce distributive
norms and promote prosocial behavi{@). Numerous field bservations have documentedw self-

organizedinstitutions can solve collective action probles) redu@ poverty, and promag justice all of

which areof central interestio socialand biological scientist&, 3).

Two major factors have beddentified in theoretical and field studiems importantdeterminantof a
societyOsbility to enforce distributive norms(i) the type of individuals interactingin the society,
broadly categorizedas selfish or otheregarding(4, 5, 6), and (ii) the type of mechanism usedto
promote equity and other just outcomearying betweenhosethat punishindividualswho actselfisHy,
and those thatelpindividualsharmed by the selfish actions of othérs A simple way to demonstrate
the impact ofsuch mechanismm on social justice outcomes is to stuthyrd-party games(8), which
capture how an impartiathird-party respondswhen one individual treats anotheunfairly. In a
sanctiofing mechanismnlike a consumer boycott campaigthe third-patty punistesthe norm-violator by
reducingthe violatorOsnaterial payoffswhereasn a subsidymechanisniike a charity organizationthe
third-party helps the victimby increasng the victimOwell-being

Evidence for thaleterminativenatureof these factorfias largely come from two sources. First, in field
and laboratory studiespbstantial evidence exists thairiatiors in mechanismhave a significanimpact

on the meanlevel of normcomplianceand the stability of compliance acratifferent populationgl, 9).
Second, even in controlled laboratory conditiotiegre is surprising variation in thlevel of norm
conplianceobservedacross groupgarging from extremely high to extremely lgvevenunderrelatively
homogeneous conditior{S). This suggests the existenceunfobserved heterogeneity the composition

of the participants.

Surprisingly, despite themiportance ascribed to Opunish® ®elpdDmechanismsthere is little direct
evidence documenting conditions in which one mechanism outperfbensher, andhow heterogeneity

in the populatioraffects this comparisort is alsounclearwhich types of individuals drie redudions in
social injusticeand howthis reduction mighvary acrossnechanismsOnewidely discussed accounn

the superiorityof @unistO mechanismsshows thatreducing the attractiveness of selfish behavior
promotescooperation. For exaphe, in public goods gameallowing for the possibility of punishment
producesa strong tendency towards cooperat{®nl10).

More broadly existing approacheare limited by challenges related to) (solating theeffectsof social
mechanisma onnormenforcement, andif characterizindypes ofindividuals in terms ofotherregarding
concerns thaare not directly observablélthough field evidence has been invaluable in demonstrating
the importance ofsocial mechanisrmg, isolating how the various types of individuals shaperm
enforcement in the field is extremely difficult, if not impossiliteis even more difficult to assesset
effects of interactionsbetweentypes ofsocialmechanism and types of individualgsing field evidence
becausenechanism tend tacontinueevolvingover time(9, 11).

These are not issues incantrolledlaboratory setting, where we can obsebehavior at the individual

level and statistically quantiffypes of individuals using a latent class approa¢h2, 13). Unlike
approabes that userandom effects or individudével estimatios where individual differences are
distributed alonga continuum, latent class models assume that the population is composed of discrete
classes of individuals, mirriog the notion of@ypefrequently invoked in theorieal and agenbased
simulations(14). Furthermore, oncendividual typesare statistically calibreed using experimental data,
simulations carthenbe performegdjustlike in agentbased simulationdo generate newnsights(15, 16,

17). By combininglaboratory games with latent class modelimgs can characterize thénteractions
betweentypes ofindividuals, the social mechanism usedand the consequences$ this interactionon



norm-compliance and social justickn this paper, w focus on twaocialmechanismthat are pervasive
in human societiem enforcinga distributive norm (i) punishingnormviolatorsand (ii) helpingpoorer
individuals(Fig. 1A).
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Figure 1BThe Social Mechanisms, Interaction between Types, and Experiment&hradigm

1A. Social Mechanism®Two mechanisms (OpunishO and OhelpO) are studied. Within each one, we consig
outcomes to be determined by interactions between heterogeneous types of individuals.

1B. Interaction between Type®We consider two types (SF and OR) in two roles (D and TP). The proportior|
ORDs in the population is denoted byn [0, 1], where the remaining 1!! are SFD. Similarly, the proportion of
ORTP is! n [0, 1]. This results in four types of interactio(SFD, SFTP); (SFD, ORTP); (ORD, SFTP); and
(ORD, ORTP).

1C. Experimental ParadigmsbD is endowed with 100 MU. In Stage 1, D must decide how much to give to K
This is observed by TP, who is endowed with 120 MU. In Stage 2, under the OpunishO @opylifidh can punisk
D by 40 MU at the cost to TP of 10 MU; under the OhelpO condition (bottom), TP can give 40 MU to R at th
TP of 10 MU. This is repeated for 20 rounds.




TheThird-Party Game

We studiedthe behavior of subjects itwo types ofthreeperson game® the third-party punishment
game and thé¢hird-party help gamebthat capture the interactisetween types ofocialmechanisra

and types of individualsEach game involves three play@s dictator (D), a recipient (R), aradthird

party (TP).In both games D is given an endowmerdf 100 monetary unit§MU), which D canshare
with R in any proportionAfter the units are shareBQs decision is revealedT®, who isendowed with
120 MU. In the punishmentgame TP must decide whetheasr not tospend 10 MU tgunishD by 40
MU, whereasn the helpgame TP mustdecidewhetherto spend 10 MU tdelpR by 40 MU (Fig. 1C)

One important feature of the gamedhiat otherregardingactionsare takerby D and TPon avoluntary

basis rather thabecausef formal mechanisra Standard game theopyredicts thaD wonOdistribute

any proportion to Rand thatTP will neitherpunishD nor help R. Another feature of the game tisat

unlike the prisonerOs dilemma ganmtherregardingactions do not lead tBareto improvementn the
punishmenigame TPOotherregardingactions are driven by egalitariam, whereas irthe help game
otherregardingmotives aredriven by both egalitarianismand social welfareefficiency concerns, which
potentially providea stronger incentive foFP to takethe otherregardingaction(7, 18, 19). Note that, by

design, TPOs other regarding action always reduces the difference in payoffs between D and R by the
same amount (i.e40 MU) independent of the social mechanism.

The reduction in inequityconsistsof two componentsD DOsnorm-compliance and TPOsinequity
reduction The initial inequity is 100 MU, which isthe difference in endowment betweBrandR. DOs
norm-compliancecanreduce inequityat the outsetthe inequity carnthen be further reduced ByP. Our
focus is orfinal inequity, which isthe outcome ofheinteractiors betweerD andTP.

We designed the experimentith the following considerationgi) TPOgpayoff is always higher thathat

of D andR. This is dondo control social comparissmwith the other players in the tripleThis means
that TPOsmotivationis induced purely froma sense ofsocial justice rather than jealousy or enii)
Since ve weke interested itomparingthe impact ofdifferent socialmechanism on social inequityto
make themechanismexogenously determined, wedid not offer TP the option to choose between
punisting D andhelping R. (iii) We adopted aepeated game witfixed matching protocol because we
are studyinga social settingvith complete information where each parnsif the otheis areselfishor
otherregardingafter each playSincemoves aresequential and nadditionalmotivationis providedfor
cooperabn, the endgame effect isninimal.

Results

AggregateDictator andThird-Party Behavior

Fig. 2A shows the mean frequency B3 inequity reductionOn averageTP choseto reducenequity
more under the Ohelp®ondition. Logistic regression analysisirther confirms that TP implemened

inequity reductiordependingon whatD gave(Tale S1). Not surprisingly D wasmore normcompliant
and gavemore underthe @unishOcondition (Fig. 2B). Total inequity reductionwas determined byD@

norm-compliance andhe likelihood of TP& inequity reduction Fig. 2C showsthat althoughTP was
more likely toreduce inequitynderthe elpOcondition, it was actuallythe @unisifOconditionthatled to

a more equitable outcomBut differently, theOpunish@echanism is superior to ti@@help@echanism
despite the fact that thetfer is socially more efficient than the former
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Figure 2 BFrequency of Third-Party Action, Norm Compliant Allocation, and Inequity Reduction

2A. Mean Frequency of Inequity Reduction by TP (+SEMPTP is more likely to reduce inequity under the
OhelpO condition, controlling for what D giyes 0.001).

2B. Average NormCompliance by D (+SEM)DPD gives significantly more under the Opunism@itbon than the
OhelpO one< 0.001).

2C. Total Inequity Reduction, by Mechanism (+SEMPThe OpunishO condition reduces more inegpppst
inequity @ < 0.001).

Utility Model Characterization dhe Heterogeneity of Types

These results emphasize the importance of théesraction betweenD and TP in different social
mechanism. However, he aggregate result not account for the possibilithat the outcome actually
emergedbased on thénteractionbetweendifferent types ofindividuals within a mechanismit is also
unknown howthe outcomewill changeif the composition ofindividual typeschanges across societies
and over time

Arguably, in the GelpDmechanism the greater the number @ftherregardingTPs, the greatethe
reduction insocialinequity. In such a scenario, evehD is otherregarding he or shanay wish tofree-
ride andwill reduce the amount givan R knowing thatTP will act to reduce inequityAs a result, the
superiorityof the Gelpdmechanisndepends orthe proportion ofotherregardingDs in the population.
Similarly, in the @unistOmechanism, the greater tpeoportionof otherregarding TPs, the greattire
reduction in inequity. In this scenarieyenif D is selfish,he or shanay be forced tadbehaveas other
regardingin order to avoidbeing punisheddecreasingex anteinequity. Substantial field evidence
suggests an alternative where the effectiveness afocial mechanismdepends upon the relative
composition of different typesf individualswhose behavior depends upon the typsamfialmechanism
used(l, 20).

To investigate the interaction betwesacial mechanismand the heterogeneityof types we have to
provide a benchmark to understatite degree of heterogeneityn the population incharacteriing
GunistOand delpdbehavior This requires a model that simultaneously accountsi¥dhé interaction
betweenthe decisiors made byD and TP, (ii) the effects of dferent social mechanisms, and)(iihe
existenceof different types oD andTP.

We simplified the popuation into a mixture of two types @ and TPbselfish dictato(SFD) andother



regardingdictator (ORD) and selfishthird-party (SFTP and otherregardingthird-party (ORTP (Fig.
1B). One key insight from agebfised simulations is tht#te emergence of certain outcomes is sensitive
to the fractionsof types in the populatioand which types interaed, suggestinghat asocialmechanism
musttake heterogeneity of typesito account in order tpromote social justice-or example consider
SFD and ORDinteracting with OR'P. SFD would presumably exhibit mor@aorm-compliancein the
GunistOmechanisnthanthe Gelpbone However, ifTP is more likely toreduce inequityn the Gelpd
mechanismdeterminingwhich mechanisnis more effective depends avhetherDOsorm-compliance

or TPOénequityreductioncauses greater reduction iimequity.

We used an inequitgversion mode(19, 21) in which individualsmake tradeoffdetweentheir own
monetary payffs and irequity. In this model, slfish individualsonly maximizetheir monetary payoff
while otherregarding individualslso considerinequity. In addition to concesof inequity betweerD
andR, an ORTPalsoconsides the efficiency of the socialmechanism

Using latent class modeling, we estimated the relative proportichs tfo types of individual®selfish
or otherregardingb as well as the degree of the latt&ur results showthat gproximately 32% of
individuals belonged to thaetherregardingtype (ikelihood ratio tesp < 0.001).

ConditionsunderWhich @unist©Outperforms®elpd

Using the calibrated model, wegerformed two sets of simulations. We figtnulatel four types of
interactionsillustrated in Fig 1B, which serve as extreme cases wheddvidual types areeither selfish
or otherregarding Second,we changd the proportion ofotherregardingindividuals to examindghe
boundary conditionanderwhich onesocialmechanism might be superiordoother.

Fig. 3A presents thsimulated results fonorm-compliance Comparing the tofeft and bottorreft cells,
ORD is more normcompliant andgives more to Rhan SFD. When examininghe impact ofsocial
mechanism(OpunishO or Ohelp®dP (top-left and topright cells) we notice that SB is nonrnorm-
compliantindependent of mechanismiving the samédow amount 4%) to R when interacting with both
SFTPand ORTP. However, here is a striking difference in ORDOs n@ompliancein the interaction
betweensocial mechanism and the type of T#ttomleft and bottorright cells) Underthe Opunish®
condition (red bars) ORD behavessignificantly more normcompliantin the presence ddRTP, giving
34%, which istwice as much as when SFT®gresent (17%)nder the same conditiobnderthe OhelpO
condition(blue bars) whenORD is interacting with ORTP, we obserae.46% reductior{17% to 13%)
in giving compared to when interacting with SFTReault of ORDOs freeriding on ORT#ing other
regarding, an interesting phenomenon we ttedtrowdingout effect
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Figure 3BNorm-Compliance and Inequity Reduction by Mechanism and Type

3A. Norm-Compliance by Mechanism and TypedWhen ORTP is present under the Opunish® conditieniggioy
and bottorBright cells, red bars), ORD is more compliant than SFD, giving 34% versus 4%. When SFTP is
in the same condition (teleft and bottordeft cells, red bars), SFD only gives 4%t ORD gives 17.56%. Whe
ORTP is present under the Ohelp® condition (bottom cells, blue bars), the crowding out effect is observe(
reduces giving by 3.46% from 17% to 13%, compared to when SFTP is present. Bootstrapped SEMs (r¢
sample sie = 1,000) are presented together with the mean.

3B. Inequity Reduction by Mechanism and TypebWith SFD, ORTP (togright cell) reduces inequity more und
the OhelpO condition (blue bar, 36%) than the OpunishO one (red bar, 30%). With ORD, QRTightbott)

reduces inequity more under the Opunishd condition (red bar, 79%) than the OhelpO one (blue bar, 55%
ORD reduce a comparable amount of inequity when matched with a selfish counterpart under both conditi
right and bottorrleft cells). Bootstrapped SEMs (replication sample size = 1,000) are presented with the mea

3C. Inequity Reduction by Mechanism for ORD and ORTPBThere is a mutually reinforcing effect in reducil
inequity when ORD is paired with ORTP under the Opusisidition (dark grey bar). Due to the crowdiogt
effect, under the OhelpO condition, ORD and ORTP together (dark grey bar) reduce inequity by less the
reduced by ORTP and ORD in isolation.

3D. Difference in Inequity Reduction between OPuniéhand OHel@A positive value denotes that the Opun
condition reduces inequity. If the proportion of otinegarding Ds and TPs is sufficiently high (the uppent), the
OpunishO mechanism is more effective than the OhelpO one.




TPOsnequity reduction is shown in Fi3B. We see thalvhenSFDandORTP interactd underthe Gelpd
condition (top-right cell, blue bap, it led to greaterinequity reduction(36%) than underthe @unishO
condition(red bar,30%). In this scenario hie threatof punishmentid not increasenorm-complianceon

the part of D, but idid increase thékelihood of TP reducinginequity. That is, whenthe impact ofthe

efficiency concerron inequity reductiorsurpasssthat of normcompliancecaused bypunishmentthe

®elpd condition will lead to greaterinequity reductionthan the OpunishO conditibmterestingly,
interaction betwee®RD and ORTP underthe @unistOcondition (bottomright cell, red bap leadsto

greaterinequity reductiorby TP (79%)thanunderthe ®elpOcondition (blue bar,55%); this is primarily

caused by substantialyreatemorm-complianceunderthe @unistOcondition.

We further simulated how changes in the proportiomtbErregardingindividuals in a society might
influence the relative mesiof the Opunish@nd elpdmechanismswe first observe the proportion of
ORDs and ORTPs that are equally effectivein inequity reductionin both mechanisms (Figd). We
plotted the differencén total inequity reductiorbetweerthe Opunishéhd delpdmechanismsn Fig. 3D.
As shown, the PunistOmechanisnis more effective thathe Gelpdoneif the proportion ofORDsand
ORTPsis sufficiently high. When the proportion @RDs falls below a certain threshold,the Gelpd
mechanisnis more successful at reduciagcialinequity.

Fig. 4A. Fig. 4B.

o

o

Percentage of ORD
28

o
w

o
i

& o
< <

Las

02 04 06 02 04 08 08 1
Percentage of ORTP Percentage of ORTP
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4B. Indifference Curvefor Inequity Reduction Under OHelpO

Reinforcingand Crowdingout Effects of Heterogeneity and Mechanism

In Fig. 3C, we seehow the interactionbetweendifferent types of individuals affected outcomes, and how
they differed by the type of mechanismsed.In particular, weexaminednequity reductior(i) by ORD if

ORTP is not preserftvhite bars, top)(ii) by ORTPif ORD is not presenflight grey bars, bottom)and
(iii) when ORD and ORTP atmth pesent(dark grey bars)

Interestingly we found thaDRD and ORTP redudénequity bysimilar amouns underthe @unistOand



Gelpdconditions We also observe a mutually reinforcing effect in reducing inequity whemRD is
paired withORTP underthe QunisfOcondition Together they reducedinequity by 78.526, which is
more than the sum reduced by ORT®.&%) and ORD 83.3%%) in isolation In contrast, de tothe
crowdingout effect under the GelpOcondition, ORTP and ORD together redddeequity by less
(54.94%)than the sunof the redudbn by ORTP(36.03%)and ORD(33.39%)in isolation

Discussion

A considerablenumber ofobservationdrom field studieshave documented salfrganizedmechanism
being used teolve collective action probles) redue poverty and prometjustice (1, 20). By focusing
on voluntaryinequity reductionwe show that on averagthe GunistOmechanismeads toa more just
outcome thanhe Gelpdone but wherheterogeneous typeseconsideredind the norrviolator is purely
selfish the elpOmechanismis more effective in promoting justice. Our findings are particular
importance when considering how to dessgecialmechanismato redue inequityin conditions wherghe
effectiveness of thmechanisnis sensitive tahe heterogeneity of typds thepopulation.

In this paper, & have demonstrate that when D is selfishthe Gelpdmechanismreducesa greater
amount ofinequity thanthe @unistOmechanism but his should be interpreted with few caveats.
Apparently, vhen the cost of being punished is sufficiently laigfe) may exhibit morenorm-compliant

behavior. In our experiment, we set thenisiment for SFD as 40MU, which is 40% of the total
endowment. We condusd more simulations to investigate how inequity reductiégm the two

mechanism would be affected bipequity reductionwhatD will lose andR will gain) at different cost

to TP, see the Supporting Information for details. We varied experimental parametessich as

consequence and cogthile fixing the parameters for inequiiversion, efficiency concern, arttle

proportion of ORtype individuals estimated from data. We found that whtre consequence of

inequity reductionwere sufficiently large,the @unisfOmechanismproducel a greater reduction in
inequity tharthe elpdmechanism

Aside fromthe @unistOand elpdmechanisrs, we also occasionally observe otmeechanisra used to
reduceinequity. Besides reducingOs payoff, TP camansfer wealth fronD to R, like Robin Hood, or
reward a normcompliant D. We have examinal the effectiveness of different mechanismwhen
interacting withdifferent typesin the populationbut how different mechanisms endogenousiyerge
evolve andshape the behavior of thedividuals remains to beinswered We aim to systematically
examine these questions in future work.

Our combination of experimental data, a latent class mada simulation offers a useful tool for
understanding thiateractionbetween social mechanisms and heterogeneous types of individuails.
framework, all individuals are utilitynaximizers, satising their own preferencem different social
mechanisms. Our approach successfully uncovers preference in types of mdivahd, more
importantly, provides better estimates for preference parameters. Since this approach can investigate more
complex heterogeneities in preference and behavior (e.g., expected \expaabed utility, Bayesian vs.
reinforcement learning, myopivs. forwardlooking, etc.), we believe that it is worthwhile to investigate

the design of social mechanisms in other issues where heterogeneity in risk attitude and dynamic behavior
are key concerns.
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Abbreviations

Dictator

Recipient

TP

Third-party

OR

Otherregarding

ORD

Otherregarding dictator

ORTP

Otherregarding thirdparty

SF

Selfish

SFD

Selfish dictator

SFTP

Selfish thirdparty

Glossary

Compliance

DOs giving in the presence of ORTP, compared to SFTP

Crowdingout

Underthe OhelpO condition, ORD gives less when interacting
with ORTP than with SFTP

Efficiency

The sum of DOs and ROs final payoff

Ex anteinequity

Payoff difference between D and R before TP's action

Ex postinequity

Payoff difference between D andaRer TP's action

Mechanism

The experimental condition, either OpunishO or OhelpO

Percentage o

inequity reduction

We assume that initial inequity is 100. Any percentage in deduction is de
as (100!'Deduction)/100

11
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Supporting Information
Experimental Method
Procedure

A total of 300 subjects participated in our study, which was undertaken at the laboratory of the Center for
Behavioral Economics at the National University of Singapore (NW&Bjpjectswere recruited via
advertisements posted on theiversityOs online course management systachcamdrom all fields of

study at NUSTheya showup fee of $4plus payments that were tied to decisions they made during the
experiment. On averagsubjects made approximately $15.70 in cash.

Upon arrival at the lab, each participant was randomly assigned a number that determined where he or she
sat and his or her rol@®, R, or TP) Subjectsstayed in the same role throughout the experiment. The
experiment was conducted onlin@nce everyone had successfully logged in to a specifically designed
online system, the instructions appeared onscreen. The instructions (reproduced below in OlnstructionsO)
were read aloud to ensure that all participanesakof the procedures and payoffs. The participants could

only communicate electronically and they were separated by dividers to ensure anoiBauhy.
experimental session lasted for twenty rounds. The same triplet of subjects made decisions for ten rounds
after which they were randomly matched with other subjects playing the other two roles for another ten
rounds.We conducted sixteen experimental sessions with 300 participants in totah(Me24.6, SD =

2.3; 48% female)Each experimental sessitasted about an hour and a half. Subjects were paid in cash
before they left the laboratory.

Design

The experimental setup was based on Fehr and Fischbacher@mrtigirdunishment game (1). We
studied thirdparty responses to violations of a distributl norm under two experimental conalits B
Opunish® and OhBlpda betweersubject designParticipants were randomly assigned to one of three
roles D D (red), R (blue), or TP (greert) forming a triplet withone of each roleEach condition
comprisel 150 participants in 50 triplets.

In the first stage, D decided how to split a stake of 100 MU with R. R must accept any amount allocated
by D. TP was endowed with 120 MU and could either keep the endowment or take an action to reduce
inequity at a cosdf 10 MU. Under the OpunishO condition, if TP decided to reduce inequity, 40 MU was
deducted from DOs payoff. Under the OhelpO condition, TP could reduce inequity by giving 40 MU to R.

We designed the experiment according to the fixed matching protéaoh session consisted of 20
rounds in total. Participants underwent the decision making tasks repeatedly with the same triplet of
players for ten rounds, after which they were randomima¢ched with players of the other two roles for
another ten rounds

Instructions

In the following textbox are the instructions that were given to participants. Note that amounts in this
section are in Singaporean dollars.

" Amounts are in USD, converted from Singaporean dollars at the average exchange rate of USD 1.0 = SGD 1.25.
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This is an experiment on decision making. The instructions are simple and if you followatefailg
and make good decisions, you could earn a considerable amount of money which will be paid t
cash before you leave today. Different subjects may earn different amounts of cash. What
today depends partly on your decisions, partlyfendecisions of others, and partly on chance.

There are [3X] subjects in this roorBubjects will be randomly assigned to one of the three col
RED, BLUE, or GREENEach subject has an equal chance of playing the role of RED, BLUE
GREEN playerEach subject has a different role and will stay in the same role throughout the
experiment.The experiment will consist of [20] decision making rounds. In the beginning of’t
round, subjects will be randomly grouped into [X] triplets. Eagfldticonsists of one RED player, o
BLUE player, and one GREEN player. You will undergo the decision making reyséatedly with the
same triplet of players for [10] rounds. the beginning of the 1'iround,you will be rematched witt
completely diffeent people of the other two colours based on the random assignymntwill play
the same decision making tasks with the newly formed triplet for the remaining [10] round
decision making task of each player will be explained beldle experiment isanonymous
Specifically, you do not know (and will not know) who thiayers are in your tripleSimilarly, the
other players of your triplet doot know (and will not know) who you are.

It is important that you do not look at the decisions of others, and that you do not talk, laugh, ¢
noises during the experiment. You will be warned if you violate this rule. If you violate this rule
you will be asked to leave, and you willtdame paid. That is, your earnings will be $0.

Experimental procedure

In each round, the decision making task occurs in 2 stages, namely, | and Il. Each colore
undertakes its respective task as follows:

Stage |

In Stage |, RED will have a potf A00 cents to divide between herself and BLUE player. RED
divide the pot of 100 cents in any way she pleases (giving BLUE player any amount ranging fr
100 cents)BLUE player gets the division from RED player no matter what it is. For exapl&ED
decides to give BLUE 10 cents, then RED will earn-100= 90 cents and BLUE will earn 10 cen
Similarly, if RED gives BLUE 90 cents, then RED will earn 49@=10 cents and BLUE will earn ¢
cents. Note that these numbers are chosen arbitrarilijustrative purposes only. GREEN player w
merely observe the RED playerOs division of the pot of 100 cents in Stage .

Stage Il
[PUNISH Condition]

GREEN player will be given a pot of 120 cents. GREEN player must decide whether or not to
cents to subtract 40 cents from RED playerOs earning in Stage |I.

1. If GREEN player decides to pay 10 cents to subtract 40 cents from RED playerOs eg
Stage |, then GREEN player will earn 110 cents and RED playerOs earning in Stage | will be
by 40 cents.

2. If GREEN player decides not to pay 10 cents to subtract cash from RED playerOs eg
Stage |, GREEN will earn 120 cents and RED playerOs earning in Stage | will remain the same
3. BLUE playerOs earning in Stage | stays the same.
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[HELP Condition]

GREEN player will be given a pot of 120 cents. GREEN player must decide whether or not to
cents to add 40 cents to BLUE playerOs earning.

1. If GREEN player decides to pay 10 cents to add 40 cents to BLUE playerOs earnir
GREBN player will earn 110 cents and BLUE playerOs earning in Stage | earning will be incre
40 cents.

2. If GREEN player decides not to pay 10 cents to add cash to BLUE playerOs earning,
will earn 120 cents and BLUE playerOs earning in Stageiewiiin the same.
3. RED playerOs earning in Stage | stays the same.

In each round, Players will be informed of thedspective decision outcomes and cash earnings
Stage Il. The above decision task is repeated for 20 rounds, during whittip[&ts will be formed
twice. Each player will be matched with 2 other players of different colors in the beginning &f
and 11" round. Within the first 10 rounds and remaining 10 rounds, each player knows the decis
2 other players in previous roundiportantly, the information about decisions in round 1 to roun
will not be revealed to the other matched players in round 11 to 20.

Payoffs
Your dollar earnings for the experiments are determined as follows. First, we will sum up yo

dollar earnings from all 20 rounds. In addition, we will add a $5 stipviee to this amount. You wi
be paid the total amount when you leave the expetime

ModelFree Results

Fig. S1A andFig. S1B show that there & persistent difference in B§iving and TP€inequity reduction
between the two conditions and throughout the rounds. On average, D gave 13.07 MO.58Eunder

the Opunish® condition and 7.12 MU (SE = 0.45) under the Ohelp® condition. The difference is significant
at the 0.05 level using tatest (1998) = 8.45p < 0.0001). TP reduced inequity at a rate of 33% (SE =

0.15) under the Opunish® condaiwh 45% (SE ©.16) under the Ohelpd condition.
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To determme whether the difference in Tf@sponsein the two conditions could betdbuted to the
difference in D&giving, we ran a binary logistic regression analysis in STATA 12, which is shown in
Table S1; standard erroo$ the mearare in parentheses. From the regression analysis, we found that the
likelihood of reducing inequity decreases with the amount given, meaning that the more D gave, the less
likely that TP would reduce inequity. Contialy for giving, TP is more likely to reduce inequity under

the OhelpO condition. All the coefficientssaeificant at the 0.001 level

Table S1PLogistic Regression Analysis of TPOs Response

Independent Variable Value SEM
DOs Giving  10.015 (0.003)
HELP Dummy 0.45 (0.094)
Constant 10.9858 (0.159)
No. of Observations 2,000
Log Likelihood  11309.33
12 54.52

Model, Estimation, and Simulation

Model Setup

Third-Party Utility

TPOs utility is modeled in the spirit of Charness and Rabin (2) and Fehr and Schmidt (3). In addition to
inequity aversion, TP cares about efficiency. We add this efficiency concern to capture the fact that
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conditional on D givind , TP is more likely taeduce inequity under the OhelpO condition. We use two
parameters! !k, ! to capture TPOs degree of inequity aversion and efficiency cohiegrce, given
DOs giving, TPOs utility under the OpunishO condition is:

I I T B N N Y o L 11 TR
PO ) {"" NI R IR !!K}'! Ly 160, @

The utility under the OhelpO condition is:

e O T O O I T O PO O 11111111 TR

PO ) {!!" N A TR VI IR I AR

Dictator Utility

We denoteP!! | 11111, 1w ) as the probability that TP will reduce inequity conditional on giving
and TPOs otheegarding preference ((NTR T : Hence
P =1 el ) =1 =1 (01 11w 11w 1is the probability that TP does not reduce inequity.
L1111)is DOsex postutility by giving! after TPOs decisibn We assume that Dnty has inequity
concernd , !, and the degree is the same as TPOs. Under the Opunish® conditiqupstinility is
defined as:

O O e O R W TTTTTTIIITR

LA {. O O O I O B (O O R U T WTTTTTTTTTER TR )

Under the help condition, the ex post utility is defined as:

T O T T B L O W VR T TR TR
Pa! {. R R (A R AR TR NIITRTICR A “)

Hence, DOs expected utility for givings:
e e e yre e rryyrr @ r ri e ori 5)

We assume that D has rational expectatioprobability! (! I 1H1).

Discrete Choice Modeling

We add arindependent and identically distributestreme value error terrh, to utilities in equation (1),

(2), and (5), representing the components in the utility that are unobserved by the researcher. Then we
have a logit specification of the choice probabilitgttis consistent with utility maximization (4, 5). The
choice probability of givind for individual! is:

DOgole isto decide how much money to allocate to the recipisotye believeDOsonsideration is
less likely to be affected by social efficiency. More importantly, unde@theisiOcondition, punishment
reducesDOs payoff, as well as inequity afticiency. It is not distinguishable which one is the concern
for D. Asa result, weassume, ! | for D.

17



LEE L (0 i DU g (e (6)

In this equation, the parametet ! ! | re"ects the sensitivity of the choicee utility differences.
When! = 0, the individual is completely insensitive to the differences in utility and the model would
predict equal probability of the individual choosing either alternative. WHenr , the probability of
choosing the alternative ith a higher utility approaches one (5). Similarly, the choice probability of
decreasing inequity (or justice¥or individual! is:

DL g (-0 (U e )X MR (e 1) @)

Mixture Modeling

We adopt thdinite-mixture model developed by Heckman and Singer (6) to investigate heterogeneity in
the populationWe assume that there are two types of individuabls {,!!,) who have heterogeneous
preferences over the fairness conceérm Within each segmensubjects have homogeneous preferences.
Specifically, one segment of Ds are faiinded ("' ! 1) and the remainder are purely selfish: (! ).

Let! I 1 1 1 be the relative size of the first segment, &nid! the size of the remaining segment.
Conditional orD ! being a member of segméntwe can writehe probability of giving as

RN (NIRRT AN N (A IR IR DY (8)

We can write TPOs choice probability in segrhexst

N X (RN RIS D (NN (HIR IR (9)

The probability of givind , unconditional on segment membership is:

pirrr r Mt nrrnptinr (10)

TPOs choice probability, unconditional on segment membership is:

Lo et e e o (11)

Defining D!Os choice history &s! ! (D! 11111 1 the likelihood of this subject®s choice history
can be computed as:

PIUE DI L E I —gr it ity (12)
PQ D) T Ty e e con e (13)
I (1)1 I'lis the indicator function, which is 1 lif(!) ! !; otherwise, it is 0. Then we have the

likelihood for the observed set of Ds:
Lyt Ity (14)
Using the same procedure, we can obtain the likelihood for TPOs Ichaida this estimation, we

maximize the likelihood ! !l | Il . over the parametet$, !! . Il . 1111 The estimation was
performed using the OPTIMUM package iPAGSS 13. The standard errors of the coefficients were
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calculated using the Delta method (8). To avoid the local maxima problem, we randomly chose 200 sets
of initial values, drawn to ensure that the maximum is global.

Based on the estimated parameterd ahserved choice history for individualwe can calculate the
probability of the individual belonging to the othregarding segmeny . The probability is obtained by
updating the baseatef in a Bayesian fashion:

Py

! (! ! !1“ !)! NN GAIDLIARE!

(15)

We use these posterior probabilities to predict each indivi@sthoice in round

Estimation Results

Table 2 shows thestimation results from three model specifications: Model I, in which we assume that
both D and TP are purely selfishl (! !, I 11w I 1); Model Il, in which D and TP are
homogeneous, with an othexgarding preferenceé (! !l . I 111w I 1); and Model Ill, in which

there are two types of players, selfish and ethgarding, with aproximately 32% of players being
otherregarding.Based on theesults, Model Il (the mixture modél dramatically improves fithess
relative to Model I, in which we assume purely selfish players, and Model I, in which we assume
homogeneous, otheegardirg players.

Table S2DEstimation Results

Model | Model Il Model 111
Value SEM Value SEM Value SEM
DictatorOs Inequity Aversio - - 0 0) 0.4129  (0.0052)
TPOs Inequity Aversic - - 0.177  (0.0119) | 0.3138 (0.0076)
TPOs Efficiency Concel - - 0.0559  (0.0114) 0.033 (0.0068)
Payoff Sensitivity 8.6675  (0.1812) | 10.0691 (0.2418) | 25.0793 (0.9085)
Probability of Being OtheRegarding - - - - 0.3247 (0.012)
No. of Observations 18103.4906 18005.5417 17156.074
Log Likelihood - 195.90 1894.83
12 4000 4000 4000

Fig. S2showsthe predicted average rate of giving by D and the predicted probability of TPOs response.
The mixture model outperforms other models in terms of predicting participantsO behavior.
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Simulation

Based on the estimated coefficient§!! 17 171, we can predict TPOs response probability

PRI o 1 L
defined ad ! ! .

where! !
I 111 1 11, and ORTPOs response probability!ig! 1! . !

. More specifically, SFTPOs response probability is

T A T

We assume DOs belief about TPOs response is consistent with TPOs predicted response probability. The
we can predict the probability of each giving levél !l 11 . 11w 1 which depends on DOs type
!+ vorl, ! ), and TPOs type.

Theex postinequity is:

I

2!(! D0 T ) TIE QL 0[N it )™ L I L LT LI 1 )E™ L T 1 1

(16)

Bootstrapped Standard Errors

Given the large crossectional dimension (100 Ds and 100 TPs) and a smaller temporal dimehsion (

10), we resampled the data in a crssstional dimension by sampling subjectsO identities. Cameron and
Trivedi (7) discussed using this resampling scheme when the number of individuals is large but the time
series is small and fixed. We carried out D,G®otstrapped samples and estimation exercises based on
the replications. After we obtained the coefficients, we simulated the outcomes for different social
interactions among heterogeneous players.

Simulation Results
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In this section, we report the gifation results on interactidretweerdifferent types of players. Fig. SSA
presents giving by norroompliant Ds across different mixtures of types under both conditions. With
SFDs, under the OpunishO condition, we found that having ORTP only drivesgB€12% more than

having SFTP. With ORD, a sizable drop in giving (3.46%) is observed in the presence of SFTP (17%)
compared to ORTP (13%Jhe same figure shovthe marginal effect of ORTP on norcompliance by

taking the difference igiving when D isinteracting with ORTP and with SFTBy comparing SFD vs.

ORTP and ORD vs. ORTP under the Opunish® condition, we noticed that the impact of ORTP is mainly
on ORD.

Fig. S3A. Fig. S3B.
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S3A. SimulatedNorm-Compliance

S3B. Simulated Inequity Reduction

Fig. S3B presents total inequity reduced across different mixtures of types under both conditions. With
SFD, ORTP reduces inequity more under the OhelpO condition (36%) than the OpunishO one (30%). Whe
ORD and ORTP are together, ORTP reduces inequity more under the Opunish® condition (79%) than the
OhelpO one (55%).
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