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Strengths of social ties modulate
brain computations for third-party
punishment

Zixvan Tang¥%3*7, Chen Qu¥%7*, Yang Hu*%, Julien Benistant?, Frédéric Moisan®,
Edmund Derrington®* & Jean-Claude Dreher®“*

Costly punishment of social norm transgressors by third-parties has been considered as a decisive
stage in the evolution of human cooperation. An important facet of social relationship knowledge
concerns the strength of the social ties between individuals, as measured by social distance. Yet, it

is unclear how the enforcement of social norms is influenced by the social distance between a third-
party and a norm violator at the behavioral and the brain system levels. Here, we investigated how
social distance between punishers and norm-violators influences third-party punishment. Participants
as third-party punished norm violators more severely as social distance between them increased.
Using model-based fMRI, we disentangled key computations contributing to third-party punishment:
inequity aversion, social distance between participant and norm violator and integration of the cost
to punish with these signals. Inequity aversion increased activity in the anterior cingulate cortex

and bilateral insula, and processing social distance engaged a bilateral fronto-parietal cortex brain
network. These two brain signals and the cost to punish were integrated in a subjective value signal of
sanctions that modulated activity in the ventromedial prefrontal cortex. Together, our results reveal
the neurocomputational underpinnings of third-party punishment and how social distance modulates
enforcement of social norms in humans.

Cooperation among strangers is a major evolutionary puzzle"?. One key mechanism for maintaining coopera-
tion in large groups is that some individuals enforce social norms by applying punishment to defectors®*. In a
modified Dictator Game, called the Third-Party Dictator Game (TP-DG)**, participants as observers may pay
to punish greedy dictators that share money unfairly with recipients. Such third-party punishment (TPP) may
be costly to the third-party who themselves receive no material benefit**. Little is known about the brain repre-
sentations of TPP despite the crucial role it plays in norm enforcement. In contrast, “second-party” punishment
(SPP), in which victims retaliate directly against their aggressors, and its underlying brain systems have been
thoroughly investigated®’. TPP may be an evolutionary elaboration of this more ancient mechanism®. A classical
model of SPP defined “egocentric inequity” as the absolute payoff difference between self and others>*'°. This
inequity aversion model has been extended to a third-party perspective deciding sanctions based on the inequity
between the dictator and the recipient, as perceived by the third-party!!. However, it is unclear how the strength
of the social ties (social distance, SD) between the third-party and the dictator affects the sanctions to the dictator.
As SD in a social network determines how much one collaborates with others'? and decreases generosity'*!%, a
third-party might be more likely to turn a blind eye when close others violate social norms.

Here we ask how does the strength of social ties alter our tolerance of norm violation? What are the neuro-
computational mechanisms engaged in making TPP decisions? To disentangle the role of fairness preferences and
SD to the norm violator in punishment, we developed a new TPP computational model and a modified TPP task
to investigate how SD affects TPP at both the behavioral and neural level. Participants, as third-party observers,
were presented monetary splits advocated by a dictator to a recipient. Crucially, the SD between the third-party
(participants) and the dictator varied systematically, but the recipient was always a stranger. Participants were
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asked how much of their own money they would use to punish the unfair dictators, and the dictator’s payoff
would be reduced by three-fold more.

We tested whether TPP increases with higher SD to the norm violator. At the brain level, we sought to identify
the neurocomputational mechanisms underpinning the integration between fairness preferences and closeness
of social ties with norm violators. A first question was to determine whether brain regions known to represent
physical space and more abstract relationships also represent the SD to the norm violator'®. We hypothesized that
a prefronto-parietal system, previously observed in encoding social ties in social networks, would also encode
social ties in the context of TPP'. Another question was to pinpoint the neurocomputational mechanisms under-
lying TPP. Indeed, the brain system (anterior cingulate, anterior insula) engaged in secondary-punishment may
either reflect social norm concerns or retaliatory motives*®. In contrast, norm enforcement by unaffected third
parties cannot be explained by retaliatory motives'’, therefore our approach has the potential to clearly explain
the motives and neurocomputational mechanisms underlying TPP. Finally, a last question was to determine how
the brain integrates the different signals of inequity aversion for an unaffected third-party as measured by the
payoft difference between the dictator and the recipient), the strength of their social ties to the norm violator,
measured by social distance, and the cost of punishing during TPP. Our hypothesis was that the ventromedial
prefrontal cortex (vmPFC), which is engaged in evaluating norm violations''8, is performing this integration
process when deciding between different levels of punishment.

Results

Behavioral results.  Punishment level. 'The behavioral choices are shown in Fig. 1A. We studied how pay-
ment conditions (Costly/Control), social distances and inequity levels (90 vs. 10/85 vs. 15/80 vs. 20) affected the
punishment amount. Participants punished the dictator more severely in the Control (non-costly) condition
(8.32£0.74 vs. 6.15+0.72, F(1, 30) =5.94, p=0.021) than the Costly, and when the social distance between the
third-party and the dictator was larger (F(1, 30)=50.54, p<0.001), as well as when the unfairness of allocations
was greater (F(2, 46)=9.42, p<0.001). The interaction of the three factors was not significant (F(2, 64)=0.95,
Pp=0.392), nor were the interactions between payment conditions and inequity levels (F(2, 164) =0.32, p=0.729),
but the interaction between payment conditions and social distances was significant (F(1, 30) =20.57, p<0.001),
as was the interaction between social distance and inequity level (F(2, 44) =6.44, p=0.004).

Reaction time. We then investigated how payment conditions (Costly/Control), social distances, and inequity
levels affected the reaction time. Participants spent more time to make a decision when the social distance
increased (F(1, 29) =16.08, p<0.001), but the difference in reaction time between costly and control conditions
(F(1,73)=1.09, p=0.300), and the different inequity levels (F(2, 42) =1.88, p=0.165) were not significant. There
were no two-way or three-way interactions between the factors.

fMRI results.  Brain systems modulated by social distances. In a first GLM, we investigated the brain regions
engaged with higher inequity levels and with higher social distance during the decision phase (parametric mod-
ulators, GLM 1). For SD, both in the Costly and Control (non-costly) punishment conditions, a brain system
composed of the bilateral dorsolateral prefrontal cortex (dIPFC), ACC, PCC, bilateral IPL and bilateral insula in-
creased activity with increasing social distance (see Supplemental Material Fig. S1). Since these activations were
similar, as SD increased in both the Costly and Control condition, and since costly condition was more mean-
ingful in the context of TPP, we only focused on the effect of costly SD in the rest of this paper. A brain system
including bilateral dIPFC, ACC, PCC, bilateral IPL, and bilateral insula, was positively correlated with increasing
social distance (see Fig. 2A and Supplemental Material Table S1). To illustrate how the BOLD signal varied with
social distance, we extracted the percent signal change from these regions (5 mm radius spheres with center at
the reported peak coordinates), and found increased BOLD signal as social distance increased (Fig. 2B).

Brain system modulated by inequity levels. Next, we investigated the brain regions in which BOLD signal corre-
lated with inequity level. SPP studies have identified inequity aversion related brain regions in the anterior insula
(AI) and rostral anterior cingulate cortex (rACC)*"®. We therefore hypothesized these brain regions would also
reflect inequity aversion in TPP. As predicted, we found that when inequity levels were higher, the rostral ACC
and bilateral insula were more engaged (Fig. 3A). This indicates that these regions are sensitive to unfair alloca-
tions in TPP. We also observed engagement of the rostral ACC/vmPFC with higher inequity level. Again, we
extracted the percent signal change from the reported activations, and found increased activations at higher
inequity levels (Fig. 3B).

Brain regions modulated by expected value of the chosen punishment option. Finally, we identified the brain
regions encoding the expected value of the chosen punishment option. These regions integrate SD and inequity
level to attribute a value that presides the punishment decision. To calculate the expected value of the chosen
punishment option, we developed a computational model of the utility of the chosen punishment option (meas-
ured by U (x1, X2, X3, psp) with Eq. (1) in combination with Eq. 2).

Using GLM2, we searched for brain regions engaged with the utility of the SD-dependent chosen punishment
amount. We found that only activity in the vmPFC and middle temporal gyrus correlated with the utility of the
chosen punishment (see Fig. 4, left panel, and Supplemental Material Table S1). To illustrate how the BOLD sig-
nal varied with subjective utility, we extracted the percent signal change from the vmPFC (5 mm radius spheres
with center at the reported peak coordinates), and found decreased BOLD signal as subjective utility increased
(Fig. 4, right panel).
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Figure 1. Behavioral results. (A) Punishment severity at different social distances. The punishment severity
varied as a reversed hyperbolic function of payment condition on social distance (1, 2, 3, 5, 10, 20, 50, 100) for
different inequity levels (90 vs. 10, 85 vs. 15, 80 vs. 20) and payment conditions (costly, control). The LOESS
(locally weighted scatterplot smoothing) method was used to create smooth trendlines for visualization purpose.
The error bars show SEM. (B) Variation of utility (measured by Eq. 1) with social distance. The color-coded
heatmap shows utility for costly punishment against social distance at each inequity level (red indicates high and
green indicates low utility values).

In addition, to visualize the extent of brain regions encoding the utility of the costly chosen punishment and
inequity aversion levels, we overlapped these 2 regression analyses. The vmPFC, observed in the negative cor-
relation with costly utility, overlapped with the vmPFC that was also observed in the positive correlation with the
costly inequity level (see Supplemental Material Fig. S2). This indicates that the vmPFC integrates both inequity
aversion and social distance signals but was mainly sensitive to inequity aversion to make the final decision.

Discussion

One important feature of human social life is the prevalence of cooperative norms that guide social behavior and
prescribe punishment for noncompliance?’. Here, we combined model-based fMRI with TPP. We studied the
combined effect of two factors driving sanction levels for third-party norm enforcement: (i) the social distance
(SD) between the unaffected third-party and the norm violator and (ii) the inequity level between the norm
violator and the recipient. It has been proposed that altruistic punishment requires three core computations:
cost-benefit calculation, inequity aversion and social reference frame®'**. Our study provides a neurocomputa-
tional account of this proposition: the subjective value reflects a cost-benefit calculation integrating both inequity
aversion and social distance, and determines the TPP decision. Our study identifies the neurocomputational
mechanism underlying SD-related TPP by testing different models that compute a cost-benefit calculation that
integrates the above two factors. We reveal that computation of inequity aversion and of SD between a third-party
and norm violators are crucial brain mechanisms to determine a sanction during TPP.
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Figure 2. Social distance-related fMRI results. (A) Increasing social distance engaged a large bilateral
dorsolateral prefrontal cortex-parietal network, including the anterior cingulate cortex (ACC, peak MNI
coordinates 6, 30, 27; t(30) =4.46, p(SVC-FWE) =0.008), PCC (peak MNI coordinates — 3, — 33, 30; #(30) =4.93,
p(SVC-FWE) =0.002), bilateral IPL (left IPL: peak MNI coordinates — 36, —42, 39, #(30) =5.69, p(SVC-

FWE) =0.001; right IPL: peak MNI coordinates 33, — 48, 45, #(30) =5.08, p(SVC-FWE) =0.005), bilateral dIPFC
(right dIPFC: peak MNI coordinates 42, 9, 24, #(30) =6.58, p(FWE) =0.05; left dIPFC: peak MNI coordinates
-36, 15, 24, (30) =6.37, p(FWE) =0.008), and bilateral insula (left insula: peak MNI coordinates —27, 21,

-6, 1(30)=5.16, p(SVC-FWE) =0.001; right insula: peak MNI coordinates 30, 18, -9, #(30) =4.30, p(SVC-
FWE) =0.007). (B) Percent signal changes with increasing social distance in costly third-party punishment. The
error bars show SEM.

Our behavioral findings showed that third-parties punish norm violations less when the norm violator was
socially close to the participant. These findings mirror the role of SD on generosity in the vicarious reward
domain'. In these previous studies, participants were more generous to close others, an effect referred to as social
discounting. Similarly, we found that when close others violated social norms (i.e., made unfair allocations), the
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Figure 3. Inequity-related fMRI results (in GLM 1). (A) The inequity level was one of the parametric regressors
in GLM 1. Rostral ACC (peak MNI coordinates 6, 45, 15; #(30) =3.86, p(SVC-FWE) =0.030), vimPFC (peak
MNI coordinates 9, 57, — 6; £(30) =4.43, p(SVC-FWE) =0.005), and bilateral insula (left insula: peak MNI
coordinates -24, 18, — 15, £(30) =3.78, p(SVC-FWE) =0.023; right insula: peak MNI coordinates 33, 24, — 15,
£(30) =4.43, p(SVC-FWE) =0.005) were positively correlated with increasing inequity level. (B) Percent signal
changes with increasing inequity level in costly third-party punishment. The error bars show SEM.

third-party was more tolerant (less likely to punish them). Our study confirms previous results on TPP without
social distance manipulation, in which the third-party dislikes distributional inequity between the dictator and
the recipient!!. It has been proposed that the amount of punishment for crimes is driven by only two factors:
the wrongdoer’s intention and the amount of harm caused to the victim*. However, our study indicates the
need to take the strength of social ties between the wrongdoer and the punisher into consideration, and to go
beyond egocentric inequity models'. The representation of the strength of social ties, as assessed by SD, is a key
knowledge of interpersonal relationships in one’s social network!?. These representations can be used to form
social inferences and impinge on subsequent behavior including TPP. For example, primates prevent outsiders
from forming alliances with their close allies, especially when this might place them at a disadvantage®*. Our
SD-dependent TPP model of inequity extends previous behavioral TPP studies that showed that outgroup
perpetrators were punished more severely than ingroup perpetrators®. Together, our new SD-dependent TPP
model of inequity incorporates both SD and the third-party perspective in the inequity model.

The brain underpinnings of altruistic punishment have previously been proposed to be composed of different
brain networks®!®, engaged in detection and generation of an aversive experience for a social norm violation,
integration of harm to the victim and intent, and inferring others’ intentions into blame. However, these processes
were not captured by computational modeling. Here, we combined computational models and fMRI to address
the neurocomputational mechanisms underlying norm-guided behavior.

First, our model-based fMRI findings revealed a clear overlap between the ACC and bilateral insula in ineq-
uity aversion for both SPP and TPP. A recent meta-analysis on social punishment revealed that both SPP and
TPP engage the dIPFC and the bilateral anterior insula*. A second meta-analysis study found social punishment
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Figure 4. Model-based fMRI results of the utility of the punishment chosen by the third-party. The
ventromedial prefrontal cortex (peak MNI coordinates 9, 57, — 3; #(30) =5.08, p(SVC-FWE) =0.001) was
negatively correlated with the utility of the chosen punishment (U (x1, x2, x3, psp)) from the computational
model. Percent signal changes from 3 levels of utility (Low: the lowest 1/3, Medium: the middle 1/3, High: the
highest 1/3. Values from GLM2) in costly third-party punishment. The error bars show SEM.

related activations in the bilateral insula/claustrum, the (left) superior medial frontal gyrus and the (right)
inferior frontal gyrus?. The bilateral insula, as part of the salience network, may detect the presence or threat of
norm violation and generates an aversive response, and provides an emotional measure of the severity of harm
caused to the victim® This brain saliency network is known to process aversive stimuli, such as empathic pain
and inequity®*® but also rewards***°. In our study, when dictators were at higher SD, subjects were more willing
to punish, and punished more severely. This indicates that these regions exhibit the capacities necessary to detect
norm violation in general, and not-only as a victim. Previous meta-analyses also revealed that SPP and TPP
tasks trigger different responses in the mentalizing system?, with TPP preferentially engaging social cognitive
regions and SPP affective regions®. Critically, our current findings reveal that responses in the bilateral Al and
rACC reflect general notions of distributional norm violation computed from others’ perspectives. Our TPP
study allows us to interpret this brain system as truly reflecting inequity aversion or social norm concerns, rather
than retaliatory motives because unfair offers did not affect third-parties directly>®.

Second, our study determined the neurocomputational mechanisms underlying TPP when the strength of
the social ties between the unaffected third-party and the wrongdoer varied. We observed a large brain network
with increased activity when dictators were at greater social distances. There are different ways to define dis-
tance in social networks®, but it generally refers to the smallest number of ties required to connect individuals.
Assessment of social distance for direct and indirect ties (friend of a friend) are important to maintain one’s
reputation in a social network and to favor trust of others who share mutual friends®. A recent neuroimaging
study characterized the network of students in an academic program, a subset of whom viewed videos of several
classmates®. When participants viewed each classmate, network position information, including social distance,
was encoded in distributed brain responses. Social distance was encoded in the inferior parietal cortex and the
superior temporal cortex, consistent with the proposal that physical space around oneself and spatial distances
are encoded in a similar fashion'®. Other brain regions, including the mPFC and the hippocampus have also
been proposed to encode both cognitive maps of spatial and non-spatial relational structures®*. Thus, when
encountering others, people may retrieve those individuals’ proximity to themselves according to a mental map
of their social network, which may allow successful navigation in the social world. However, because participants
were performing passive viewing tasks of faces or were at rest in these previous studies, it was not possible to
investigate the brain computations engaged in encoding social network positions for subsequent behavior such
as TPP, as we have in this model-based fMRI study.

Third, we found that the vmPFC computation reflected the subjective utility of each punishment
option, consistent with its role in both individual value-based decision making®>*® and integration of social
information®?%373_ A previous TPP study manipulated the intentionality of the norm violator and reported
that vmPFC encoded the subjective value of sanctions'!. Some studies also revealed vmPFC engagement for
subjective utility of punishments**. Similarly, for decisions involving both potential gains and losses and the
integration of cost-benefit, the vmPFC has been observed to reflect both appetitive and aversive values*"*2. The
vmPFC is associated with the computation of fairness by representing values of normatively valued goods®**
and computes subjective value of indirect reciprocity, a type of cooperative behavior that reflects that one can
transmit helping behavior to an uninvolved third person*%. Our results therefore support that computations
involving distributional inequity and strength of social ties between third-parties and norm violators are inte-
grated to generate decisions to sanction in the vmPFC.
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Cooperation between individuals seems to be at odds with evolutionary theories that individuals fight for
survival and reproduction. Cooperation has clear evolutionary benefits because it favors survival of the popula-
tion as a whole. Various mechanisms may explain how natural selection promotes unselfish behavior, such as TPP
and indirect reciprocity*#. Fundamental questions regarding the evolution of TPP remain. TPP may be crucial
for punishments beyond those directly affected by norm violation?. Consistent with this, the level of punishment
by third parties is correlated with cooperation®’. In real life, people punish norm violators using confrontation,
gossip, and social avoidance in different ways according to context*®. That is, direct punishment (confrontation)
is more likely when punishers have more to gain, for example when they have been personally victimized by
norm violations. In contrast, indirect punishment (gossip and social avoidance) is more likely when the costs of
potential retaliation may be large—when violations are severe and when offenders possess more relative power.
Recent findings also indicate that reversing ranks and reducing inequality is more likely to occur when other’s
rank/power is perceived as illegitimate, such as when high social rank is acquired through coercion or spoliation,
relative to when it is acquired through merit*. Further studies are needed to better understand the neurocompu-
tations required to make decisions integrating these relationships between power, norm enforcement and social
distance between group members™. Social distance is in itself a simple measure of a highly complex construct that
combines a multitude of factors including blood kinship, affection and professional relationships, to name but a
few. These are very heterogeneously dispersed across different social distances and vary between different cultural
groups®"*2. Hence, larger scale studies involving greater numbers of participants will be required to disentangle
the contributions of these diverse contributary factors towards tolerance or punishment of anti-social behavior.

Materials and methods

Participants. Thirty-four Chinese undergraduates (mean age =20.39, SD = 1.46; 19 men) were recruited via
online fliers. All participants were right-handed and had no history of psychiatric or neurological disorders.
They all gave informed consent and the procedure was approved by the ethics committee of the South China
Normal University (NO. 049). All experimental protocols and procedures were conducted in compliance with
the latest revision of the Declaration of Helsinki. One participant was excluded from our data analysis because
of random choices, two participants were excluded due to excessive head movements during scanning (>2 mm
translation or >2° rotation), and one session of the data had to be excluded for five participants due to head
movements. Finally, 31 participants mean age =20.42, SD =1.48 including 16 men remained.

Procedure and tasks. Pre-scanning phase: social distance manipulation. On arrival, participants received
verbal and written instructions for the tasks. Following the procedure by Strombach', participants were first
asked to rate their perceived closeness to specific persons in their social environment on a 100-point scale,
i.e., mother, father, siblings, grandparents, kin, best friend, roommates, circle of friends, colleagues, neighbors,
acquaintances, lover and strangers. They skipped the rating for relationships that did not exist in their social
environment (e.g., lover). Before entering the scanner, participants were asked to write down one name that best
corresponded to the person at the following SDs in their social entourage: 1, 2, 3, 5, 10 and 20. Notably, we also
included SD levels of 50 and 100 in the fMRI experiment: 50 represented a person the participants had met but
did not know well and 100 represented complete strangers. Therefore, participants were not required to indicate
names for the persons at these two SDs. Furthermore, participants were explicitly asked to exclude individuals
toward whom they had a negative attitude.

There were 2 practice sessions before scanning. These followed the same procedure as that during scanning,
except with respect to the order of the trials. This was to familiarize participants with procedures before they
entered the scanner. After completing the scanning session, participants received a 100 CYN participation
payment.

Scanning-phase: the modified TP-DG task. We adopted a modified Third-Party Dictator Game (TP-DG)>*,
for the current fMRI study. Participants were instructed to consider a situation involving a dictator (labeled as
player A) and a recipient (labeled as player S) (Fig. 5). The dictator was endowed with 100 CNY and could freely
allocate the endowment between themself and the recipient. Decisions from the dictators could be seen by the
participants inside the scanner. Participants, as third-party observers, could decide whether to use portions of
their own endowment to punish unfair allocations. The key additional manipulation was for the participants
to imagine that the dictators were specific members of their own social entourage that corresponded to the SD
indicated between the dictator and the participant on each trial. This distinguishes the current design from a
standard TP-DG in which the dictators are strangers.

The SD between the participant and the dictator was displayed iconographically on a scale consisting of
101 icons (see Fig. 5). The white icon at the left end of the scale represented the participant and the blue icon
indicated a specific person A from their social entourage at social distance SD. The number under the blue icon
indicated the SD between the participants and A numerically. The gray icon at the right end of the scale repre-
sented the recipient S, always at SD 100. This design allowed us to investigate the behavioral and neural effects
of SD manipulation between the unaffected third-party observer and the dictator while keeping constant the
SD between participants and the recipient.

Scanning was comprised of 6 sessions, each containing 54 trials. Among them, there were 48 trials displaying
unfair allocations equally distributed among 12 blocks (i.e., 4 in each block). In half of the blocks, participants
could punish the dictator by reducing their payoff at the cost of their own endowment (i.e., Costly condition).
In the other half, they could punish the dictator without any cost to their endowment (i.e., Free punishment
condition, reflecting the control condition). The target trials covered all 24 combinations between SDs (i.e., 1, 2,
3,5, 10, 20, 50, 100) and unfair allocations (i.e., 90 vs. 10, 85 vs. 15, 80 vs. 20), with each combination appearing
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Figure 5. Experimental design. Participants in the scanner (represented by individual I in white on the central
figure) were in the role of a third-party and could freely/costly punish norm violators (different people A in
blue) while social distance between them increased. At the beginning of each block, there was an instruction
screen showing the type of punishment (i.e., “free punishment” or “costly punishment”). Each trial started
with a cue (a circle indicated costly punishment, a circle with a line inside indicated free punishment). Next
the SD information for this trial was given on top of the screen (here only 31 icons are displayed to facilitate
visualization, instead of the 101 icons shown during scanning). Then, participants were shown the unfair
allocations between A and a stranger S (here 90 MU for the norm violator A and 10 for S). They were also
presented with their own allocations (values in white) corresponding to each punishment options (in blue).
Participants were required to choose one punishment level from 7 options, i.e., 0, 5, 10, 15, 20, 25, 30, within
5000 ms. Then, the selected option was highlighted in red as feedback (500 ms). For example, here the third-
party punisher (participant) decides to use 10 MU to punish the norm violator by 30. If participants failed to
make the decision in 5000 ms a warning screen (1000 ms) was shown.

once for each condition respectively, the order of the trials were pseudorandomized. Furthermore, we added 6
filler trials displaying quasi-fair allocations (i.e., 65 vs. 35, 60 vs. 40, 55 vs. 45), randomly assigned to the 6 blocks.
These quasi-fair trials were included because in a pilot study we found that when all the allocations were unfair
participants accepted the unfair allocations as “normal behavior” and did not punish. We decided to include
quasi-fair trials, as opposed to completely fair trials (50/50 split), both to reflect the difference in the power of
dictators and the recipients but also so that these trials would not stand out so obviously from the unfair alloca-
tions in the other trials. All blocks and trials were presented pseudo-randomly.

Each block began with a 3000 ms notification of the punishment condition (see Fig. 5). In each trial, par-
ticipants were endowed with 50 CNY. The trial started with a cue to indicate the punishment type (i.e., Costly
or Free), which lasted for a jittered interval (between 3000 and 8000 ms). Next, a 1500 ms screen with the SD
information was displayed. This was followed by the decision screen on which participants saw the money
allocation made by the dictator to the stranger, and were provided with options of different punishment levels
(0, 5, 10, 15, 20, 25, 30 CNY). The dictators would be punished three times as much as the chosen punishment
option. For example, the allocation of 90 vs 10 could result in a payoft of 90, 75, 60, 45, 30, 15, or 0 CNY for the
dictator, depending on the degree of punishment chosen by the participant. Participants were required to select
one option within 5000 ms, by pressing two buttons to move the cursor (with a random initial position), and
confirmed the final choice by pressing another button with their right hand. Participants were required not to
move the cursor until they determined the final option. Once they confirmed their choice, a red frame appeared
on the chosen option for 500 ms. If the participants confirmed their decision within 5000 ms, the jittered cue of
the next trial would show, and if they failed to respond within 5000 ms, a warning screen was shown for 1000 ms
(see details in Fig. 5).

Behavioral data analysis. ~ All behavioral analyses were conducted using R (http://www.r-project.org/) and rel-
evant packages. All the reported p values are two-tailed and p <0.05 was considered to be statistically significant.
Data visualization was performed via ‘ggplot2’ package (https://ggplot2.tidyverse.org).

Regarding the punishment amount data, we performed a mixed-effect linear regression model on the punish-
ment amount using the Imer function in ‘lme4’ package (http://cran.r-project.org/package=Ime4), with payment
conditions (Costly/Control), social distances (as a continuous variable), inequity levels (90 vs. 10/85 vs. 15/80
vs. 20), and both 2-way and 3-way interactions as the fixed-effect predictors. In addition, we included a random
intercept and random by-subject slopes for the three factors and their interactions per participant. For the sta-
tistical inference on each predictor, we performed a Type III ANOVA with Satterthwaite’s method on the model
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fits by using the anova function. Post-hoc multiple comparisons were conducted using the emmeans function
in ‘emmeans’ package (http://cran.r-project.org/package=emmeans).

For reaction time (RT), we also performed a mixed-effect linear regression model on RT by the Imer func-
tion, with payment conditions (costly/control), social distances (as a continuous variable), inequity levels (90
vs. 10/85 vs. 15/80 vs. 20), and both 2-way and 3-way interactions as the fixed-effect predictors, random-effect
factors were specified in the same way as above. The statistical inference on each predictor and the post-hoc
multiple comparisons were conducted in the same way as above.

We also built computational models to further understand the decision making process. The model estima-
tion and comparison were performed using MATLAB (Mathworks Inc., Sherbom, MA). and the VBA toolbox>3.

Computational model of the effect of social distance on third-party punishment and estimation procedures. To
investigate the neurocomputational mechanisms underlying the effects of SD on TPP, we developed a new com-
putational model based on a study of TPP that shows that individuals assign values to all of the options, and then
compare their computed values to select one of them. A classic inequity aversion model assumed that people
felt inequity either when they were worse or better off than other players, and suffer more from inequity when
they are in disadvantaged than when they are advantaged'®. However in TPP, participants are concerned by the
inequity between the dictator and the recipient, for this reason a third-party inequality aversion model (called
TPIA model; Eq. 1) was developed!!. This model estimates the subjective utility of the observer for a given level
of punishment and a level of inequity between the dictator and the recipient. We assumed that the observer dis-
likes the distributional inequity between the dictator and the recipient. As punishment is costly, the observer is
required to trade-off between their own payoff and the level of distributional inequity between the dictator and
the recipient as follows:

U(xl,xz,x3,p) =max(x3 —p,0) —y x abs(max(x1 —3p,0) — xz) (1)

Equation (1) shows the other-regarding third-party inequality aversion model. U is the subjective utility of
the observer (i.e., third-party decision maker) for a given amount of punishment p. x, x,, x3 represent the initial
material payoff of the dictator, the recipient, and the observer, respectively. With x3 being always equal to 50.
x3 — p represents the earnings of the observer, given a certain level of punishment, and cannot be lower than 0,
and abs (max (x1 —3p,0) — xz) represents the difference in allocation between the dictator (in the current study
we manipulated that it cannot be lower than 0) and the recipient after punishment. Finally, y describes the degree
of inequity aversion caused by the difference in allocations between the dictator and the recipient (0<y <1).
Subjects would compute the overall utility for all the seven punishment options and choose the option with the
highest utility.

Based on this initial TPIA model, we tested a number of functions (hyperbolic discounting and flexible
power functions) to account for the relationship between SD and punishment behavior. We tested four potential
candidates, the first and second were based on the hyperbolic discount function'®. We either applied this func-
tion on the level of punishment (Hyperbolic punishment model) or the degree of inequity aversion (Hyperbolic
inequity model). In the case of punishment discounting, we considered that the observers would increase their
level of punishment as the SD between them and the dictator increased. Formally, the chosen punishment level
psp is transformed into the subjective level of punishment p as follows:

1
= 1 _

With k being the discounting rate and SD the social distance. When considering the degree of inequity aver-
sion y, the logic is reversed as the higher the SD, the lower discounting of inequity aversion should be. Accord-
ingly, we applied the hyperbolic discounting function directly on y. Formally, the initial inequity aversion ysp is
transformed into the discounting inequity aversion y as follows:

y = Softmax((l + p XISD) X J/SD) (3)

As y is constrained to be between 0 and 1, we applied a softmax function on the hyperbolic discounting
function and let ysp takes any value.

For the last two candidates, instead of using the hyperbolic discounting function, we tested the flexible power
function®. In this function, punishment (inequity aversion) is inflated by an increasing amount as SD grows.
Formally, for punishment the function is as follows (Power punishment model):

p=psp+kxSDV (4)

With k being the curvature of the power function, SD the social distance and W the power level. The equation
for the inequity aversion parameter is (Power inequity model):

y = Softmax(ysp + k x sDW) (5)

We estimated each of the four models using the VBA Toolbox in Matlab. A Bayesian Model Selection (BMS)
was performed using the same toolbox in a random effect analysis relying on the free energy as the lower bound
of model evidence. We used protected Exceedance Probability measurements (pEP) to select the model which
was used most frequently in our population®. Our results show that the Hyperbolic punishment model (Eq. 2),

Scientific Reports |

(2023) 13:10510 | https://doi.org/10.1038/s41598-023-37286-8 nature portfolio


http://cran.r-project.org/package=emmeans

www.nature.com/scientificreports/

achieving a pEP of 0.999, outperformed every other model. With this winning model, we combined it with the
third-party inequality aversion model (TPIA model; Eq. 1), and then computed the utility of the chosen level
of punishment for each decision by each participant and used this as the main parameter in the following fMRI
analysis.

To better illustrate the relationships between the calculated utility from the winning model and our manipu-
lated variables, we plotted a color-coded heatmap of the utility as a function of the social distance and different
inequity levels (see Fig. 1B). The observed pattern showed that increased social distance between the third-party
and the dictator was associated with increased utility of the chosen punishment, but only when social distance
remained below 50. This might be due to the fact that the third-party only had real relationships with dictators
at social distances 1 to 20, while dictators at social distance 50 and 100 were unknown to the third-party. We
also observed that utility decreases with higher inequity levels.

fMRI scanning parameters and data preprocessing. ~Scanning was performed on a 3-T Trio Scanner (Siemens).
Functional data were acquired using echo-planar imaging sequences (repetition time=2 s, echo time=30 ms,
flip angle=90°, field of view=224 mm, slice thickness=3.5 mm). A total of 32 axial slices were acquired in
interleaved order (in-plane resolution 3 x 3 mm). Anatomical images were T1-weighted (MDEFT, 1x1x1 mm
resolution). The presentation of the task and recording of behavioral responses were performed using E-Prime
2.0 software (https://pstnet.com/products/e-prime/). Neural data of 34 participants were analyzed using SPM12
(http://www.fil.ion.ucl.ac.uk/spm/software/spm12/) implemented in MATLAB 7.8 (Mathworks Inc., Sherbom,
MA). The results are visualized using Mango software (Lancaster, Martinez; http://www.ric.uthscsa.edu/mango).
Functional images were realigned using a six-parameter rigid-body transformation. Each individual’s struc-
tural T1 image was co-registered to the average of the motion-corrected images using 12-parameter affine
transformation. Individual T1 structural images were segmented into grey matter, white matter, and cerebro-
spinal fluid. Functional images were, in order, slice timing corrected, motion corrected, segmented using the
T1-weighted image, normalized to MNI space, and smoothed with an 8 mm isotropic Gaussian kernel.

fMRI data analysis. 'We constructed two general linear models (GLM) to explore the decision process. In the
first GLM (GLM 1), for each participant, a first-level intra-individual analysis was conducted with six regressors
of interest per session: a regressor modeling the decision phase of control trials, with two parametric regressors
modeling the social distance and inequity level on each trial, and the same regressors for costly trials. In GLM
2, we constructed the fMRI design matrix with three regressors of interest per session: a regressor modeling the
decision making onset of control trials, a regressor modeling the decision making onset of costly trials, with a
parametric regressor modeling the trial-wise chosen utility on each trial. All the events were modeled as stick
functions with duration zero.

We included six additional event regressors of no interest, describing the onsets of: (i) The verbal instruction
at the beginning of each block; (ii) The SD information of each trial; (iii) The punishment options for filler tri-
als; (iv) The punishment options for no-response trials; (v) The feedback for responded trials; (vi) The feedback
for no-response trials. These events were all modeled as stick functions with duration zero. Finally, six motion
regressors obtained during realignment were included to control for motion of no interest.

We implemented standard general linear models (GLMs) for model-based univariate fMRI analysis. First-level
analyses were conducted using fixed-effect models. Second-level analyses were conducted using random-eftect
models in SPM12. All images were high-pass filtered in the temporal domain (filter width 128 s). Autocorrelation
of the hemodynamic responses were modeled as an AR(1) process.

For small-volume correction analysis, we used ACC, PCC, and IPL atlases from automated anatomical atlas
(aal) template, and spheres of 12-mm centered on coordinates from previous meta-analyses. More specifically,
we used coordinates of vmPFC (MNI coordinate, x=0, y=>52, z= - 8) from a meta-analysis where activities in
the region were correlated with subjective value for monetary incentives®®. We adopted coordinates of bilateral
anterior insula (MNI coordinate, x=—34,y=18,z=— 12 and x=34, y=16, z=—18) from a meta-analysis where
activities in these regions were correlated with the Trust (TG) and the Ultimatum game (UG)®.

Data availability
All the raw data for the current study are available in an open data repository (https://github.com/zixtang/
Social_Punishment_fMRI, it is a private repository, and we will make it public upon acceptance of the paper).

Received: 13 February 2023; Accepted: 19 June 2023
Published online: 28 June 2023

References

1. Ohtsuki, H., Iwasa, Y. & Nowak, M. A. Indirect reciprocity provides only a narrow margin of efficiency for costly punishment.
Nature 457, 79-82 (2009).

2. Hauert, C,, Traulsen, A., Brandt, H., Nowak, M. A. & Sigmund, K. Via freedom to coercion: The emergence of costly punishment.
Science 316, 1905-1907 (2007).

3. Fehr, E. & Fischbacher, U. Third-party punishment and social norms. Evol. Hum. Behav. 25, 63-87 (2004).

4. Buckholtz, J. W. & Marois, R. The roots of modern justice: Cognitive and neural foundations of social norms and their enforce-
ment. Nat. Neurosci. 15, 655-661 (2012).

5. De Quervain, D. J. E et al. The neural basis of altruistic punishment. Science 305, 1254 (2004).

6. Riedl, K., Jensen, K., Call, J. & Tomasello, M. No third-party punishment in chimpanzees. Proc. Natl. Acad. Sci. 109, 1482414829
(2012).

7. Knoch, D., Pascual-Leone, A., Meyer, K., Treyer, V. & Fehr, E. Diminishing reciprocal fairness by disrupting the right prefrontal
cortex. Science 314, 829-832 (2006).

Scientific Reports |

(2023) 13:10510 | https://doi.org/10.1038/s41598-023-37286-8 nature portfolio


https://pstnet.com/products/e-prime/
http://www.fil.ion.ucl.ac.uk/spm/software/spm12/
http://www.ric.uthscsa.edu/mango
https://github.com/zixtang/Social_Punishment_fMRI
https://github.com/zixtang/Social_Punishment_fMRI

www.nature.com/scientificreports/

8. Krueger, F. & Hoffman, M. The emerging neuroscience of third-party punishment. Trends Neurosci. 39, 499-501 (2016).
9. Sanfey, A. G., Rilling, J. K., Aronson, J. A., Nystrom, L. E. & Cohen, J. D. The neural basis of economic decision-making in the
ultimatum game. Science 300, 1755-1758 (2003).

10. Fehr, E. & Schmidt, K. M. A theory of fairness, competition, and cooperation. Q. J. Econ. 114, 817-868 (1999).

11. Zhong, S., Chark, R., Hsu, M. & Chew, S. H. Computational substrates of social norm enforcement by unaffected third parties.
Neuroimage 129, 95-104 (2016).

12. Basyouni, R. & Parkinson, C. Mapping the social landscape: Tracking patterns of interpersonal relationships. Trends Cogn. Sci.
(2022).

13. Jones, B. & Rachlin, H. Social discounting. Psychol. Sci. 17, 283-286 (2006).

14. Strombach, T. et al. Social discounting involves modulation of neural value signals by temporoparietal junction. Proc. Natl. Acad.
Sci. 112, 1619-1624 (2015).

15. Hyon, R,, Kleinbaum, A. M. & Parkinson, C. Social network proximity predicts similar trajectories of psychological states: Evidence
from multi-voxel spatiotemporal dynamics. Neuroimage 216, 116492 (2020).

16. Parkinson, C., Liu, S. & Wheatley, T. A common cortical metric for spatial, temporal, and social distance. J. Neurosci. 34, 1979-1987
(2014).

17. Buckholtz, J. W. et al. The neural correlates of third-party punishment. Neuron 60, 930-940 (2008).

18. Bellucci, G., Feng, C., Camilleri, J., Eickhoff, S. B. & Krueger, F. The role of the anterior insula in social norm compliance and
enforcement: Evidence from coordinate-based and functional connectivity meta-analyses. Neurosci. Biobehav. Rev. 92, 378-389
(2018).

19. Gao, X. et al. Distinguishing neural correlates of context-dependent advantageous-and disadvantageous-inequity aversion. Proc.
Natl. Acad. Sci. 115, E7680-E7689 (2018).

20. Zoh, Y., Chang, S. W. C. & Crockett, M. J. The prefrontal cortex and (uniquely) human cooperation: A comparative perspective.
Neuropsychopharmacology 47, 119-133 (2022).

21. Blake, P. R. et al. The ontogeny of fairness in seven societies. Nature 528, 258-261 (2015).

22. Du, E. & Chang, S. W. C. Neural components of altruistic punishment. Front. Neurosci. 9, 1-8 (2015).

23. Fehr, E. & Fischbacher, U. Social norms and human cooperation. Trends Cogn. Sci. 8, 185-190 (2004).

24. Mielke, A. et al. Bystanders intervene to impede grooming in Western chimpanzees and sooty mangabeys. R. Soc. Open Sci. 4,
171296 (2017).

25. Baumgartner, T., Gétte, L., Giigler, R. & Fehr, E. The mentalizing network orchestrates the impact of parochial altruism on social
norm enforcement. Hum. Brain Mapp. 33, 1452-1469 (2012).

26. Bellucci, G., Camilleri, J. A., Iyengar, V., Eickhoff, S. B. & Krueger, F. The emerging neuroscience of social punishment: Meta-analytic
evidence. Neurosci. Biobehav. Rev. 113, 426-439 (2020).

27. Zinchenko, O. Brain responses to social punishment: A meta-analysis. Sci. Rep. 9, 1-8 (2019).

28. Fan, Y., Duncan, N. W, de Greck, M. & Northoff, G. Is there a core neural network in empathy? An fMRI based quantitative meta-
analysis. Neurosci. Biobehav. Rev. 35, 903-911 (2011).

29. Tabibnia, G., Satpute, A. B. & Lieberman, M. D. The sunny side of fairness: Preference for fairness activates reward circuitry (and
disregarding unfairness activates self-control circuitry). Psychol. Sci. 19, 339-347 (2008).

30. Tricomi, E., Rangel, A., Camerer, C. E. & O’Doherty, J. P. Neural evidence for inequality-averse social preferences. Nature 463,
1089 (2010).

31. Weaverdyck, M. E. & Parkinson, C. The neural representation of social networks. Curr. Opin. Psychol. 24, 58-66 (2018).

32. Cuesta, J. A., Gracia-Lazaro, C., Ferrer, A., Moreno, Y. & Sanchez, A. Reputation drives cooperative behaviour and network forma-
tion in human groups. Sci. Rep. 5, 1-6 (2015).

33. Parkinson, C., Kleinbaum, A. M. & Wheatley, T. Spontaneous neural encoding of social network position. Nat. Hum. Behav. 1, 72
(2017).

34. Park, S. A., Miller, D. S. & Boorman, E. D. Inferences on a multidimensional social hierarchy use a grid-like code. Nat. Neurosci.
24,1292-1301 (2021).

35. Chib, V. S., Rangel, A., Shimojo, S. & O’Doherty, J. P. Evidence for a common representation of decision values for dissimilar goods
in human ventromedial prefrontal cortex. J. Neurosci. 29, 12315-12320 (2009).

36. Kable, J. W. & Glimcher, P. W. The neural correlates of subjective value during intertemporal choice. Nat. Neurosci. 10, 1625-1633
(2007).

37. Gusnard, D. A., Akbudak, E., Shulman, G. L. & Raichle, M. E. Medial prefrontal cortex and self-referential mental activity: Relation
to a default mode of brain function. Proc. Natl. Acad. Sci. 98, 4259-4264 (2001).

38. Miller, E. K. & Cohen, J. D. An integrative theory of prefrontal cortex function. Annu. Rev. Neurosci. 24, 167-202 (2001).

39. Kim, H., Shimojo, S. & O’Dobherty, J. P. Overlapping responses for the expectation of juice and money rewards in human ventro-
medial prefrontal cortex. Cereb. Cortex 21, 769-776 (2011).

40. Seymour, B. et al. Temporal difference models describe higher-order learning in humans. Nature 429, 664-667 (2004).

41. Plassmann, H., O’Doherty, J. P. & Rangel, A. Appetitive and aversive goal values are encoded in the medial orbitofrontal cortex at
the time of decision making. J. Neurosci. 30, 10799-10808 (2010).

42. Tom, S. M., Fox, C. R, Trepel, C. & Poldrack, R. A. The neural basis of loss aversion in decision-making under risk. Science 315,
515-518 (2007).

43. Moretti, L., Dragone, D. & Di Pellegrino, G. Reward and social valuation deficits following ventromedial prefrontal damage. J.
Cogn. Neurosci. 21, 128-140 (2009).

44. Hu, Y. et al. Spreading inequality: Neural computations underlying paying-it-forward reciprocity. Soc. Cogn. Affect. Neurosci. 13,
578-589 (2018).

45. Rand, D. G. & Nowak, M. A. Human cooperation. Trends Cogn. Sci. 17, 413-425 (2013).

46. Sigmund, K. Punish or perish? Retaliation and collaboration among humans. Trends Ecol. Evol. 22, 593-600 (2007).

47. Henrich, J. et al. Costly punishment across human societies. Science 312, 1767-1770 (2006).

48. Molho, C., Tybur, J. M., Van Lange, P. A. M. & Balliet, D. Direct and indirect punishment of norm violations in daily life. Nat.
Commun. 11, 3432 (2020).

49. Foncelle, A., Barat, E., Dreher, J. C. & Van der Henst, J. B. Rank reversal aversion and fairness in hierarchies. Adapt. Hum. Behav.
Physiol. 84(8), 520-537 (2022).

50. Balliet, D., Tybur, J. M. & Van Lange, P. A. M. Functional interdependence theory: An evolutionary account of social situations.
Personal. Soc. Psychol. Rev. 21, 361-388 (2016).

51. Liu, J. et al. Cross-cultural study of kinship premium and social discounting of generosity. Front. Psychol. 14, 1-13 (2023).

52. Strombach, T. et al. Charity begins at home: Cultural differences in social discounting and generosity. J. Behav. Decis. Mak. 27,
235-245 (2013).

53. Daunizeau, J., Adam, V. & Rigoux, L. VBA: A probabilistic treatment of nonlinear models for neurobiological and behavioural
data. PLOS Comput. Biol. 10, 1003441 (2014).

54. Klein-Fliigge, M. C., Kennerley, S. W,, Saraiva, A. C., Penny, W. D. & Bestmann, S. Behavioral modeling of human choices reveals
dissociable effects of physical effort and temporal delay on reward devaluation. PLOS Comput. Biol. 11, e1004116 (2015).

Scientific Reports|  (2023) 13:10510 | https://doi.org/10.1038/s41598-023-37286-8 nature portfolio



www.nature.com/scientificreports/

55. Rigoux, L., Stephan, K. E., Friston, K. J. & Daunizeau, ]. Bayesian model selection for group studies: Revisited. Neuroimage 84,
971-985 (2014).

56. Bartra, O., Mcguire, J. T. & Kable, J. W. The valuation system: A coordinate-based meta-analysis of BOLD fMRI experiments
examining neural correlates of subjective value. Neuroimage 76, 412 (2013).

Acknowledgements

This research has benefited from the financial support of IDEXLYON from Université de Lyon 442 (project
INDEPTH) within the Programme Investissements d’Avenir (ANR-16-IDEX-0005), and of the 443 LABEX
CORTEX (ANR-11-LABX-0042) of Université de Lyon, within the program Investissements 444 d’Avenir (ANR-
11-IDEX-007) operated by the French National Research Agency, and the grant from the Agence Nationale
pour la Recherche to JCD (ANR-21-CE37-0032). This work was also supported by the National Natural Science
Foundation of China (No. 31970982 and No. 32171019). Z.T was supported by the China Scholarship Council
(CSC grant 201806750013 to Z.T.).

Author contributions
Z.T., C.Q. and J.C.D. designed research; Z.T. performed research; Z.T., Y.H. and J. B. analyzed data; and Z.T,,
C.Q, EM, E.D. and J.C.D. wrote the paper. All authors reviewed the manuscript.

Competing interests
The authors declare no competing interests.

Additional information
Supplementary Information The online version contains supplementary material available at https://doi.org/
10.1038/s41598-023-37286-8.

Correspondence and requests for materials should be addressed to C.Q. or J.-C.D.
Reprints and permissions information is available at www.nature.com/reprints.

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in published maps and
institutional affiliations.

Open Access This article is licensed under a Creative Commons Attribution 4.0 International

License, which permits use, sharing, adaptation, distribution and reproduction in any medium or
format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the
Creative Commons licence, and indicate if changes were made. The images or other third party material in this
article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the
material. If material is not included in the article’s Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from
the copyright holder. To view a copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

© The Author(s) 2023

Scientific Reports |

(2023) 13:10510 | https://doi.org/10.1038/s41598-023-37286-8 nature portfolio


https://doi.org/10.1038/s41598-023-37286-8
https://doi.org/10.1038/s41598-023-37286-8
www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/

	Strengths of social ties modulate brain computations for third-party punishment
	Results
	Behavioral results. 
	Punishment level. 
	Reaction time. 

	fMRI results. 
	Brain systems modulated by social distances. 
	Brain system modulated by inequity levels. 
	Brain regions modulated by expected value of the chosen punishment option. 


	Discussion
	Materials and methods
	Participants. 
	Procedure and tasks. 
	Pre-scanning phase: social distance manipulation. 
	Scanning-phase: the modified TP-DG task. 
	Behavioral data analysis. 
	Computational model of the effect of social distance on third-party punishment and estimation procedures. 
	fMRI scanning parameters and data preprocessing. 
	fMRI data analysis. 


	References
	Acknowledgements


