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A B S T R A C T   

One hallmark of human morality is a deep sense of fairness. People are motivated by both self-interest and a 
concern for the welfare of others. However, it remains unclear whether these motivations rely on similar neural 
computations, and the extent to which such computations influence social decision-making when self-fairness 
and other-fairness motivations compete. In this study, two groups of participants engaged in the role of 
responder in a three-party Ultimatum Game while being scanned with functional MRI (N = 32) or while un-
dergoing high-density electroencephalography (N = 40). In both studies, participants accepted more OtherFair 
offers when they themselves received fair offers. Though SelfFairness was reliably decoded from scalp voltages 
by 170 ms, and from hemodynamic responses in right insula and dorsolateral prefrontal cortex, there was no 
overlap between neural representations of fairness for self and for other. Distinct neural computations and 
mechanisms seem to be involved when making decisions about fairness in three-party contexts, which are 
anchored in an egocentric, self-serving bias.   

1. Introduction 

A motivation for fairness constitutes a universal cornerstone of the 
moral sense. Humans are deeply sensitive to issues of justice and fair-
ness, both in their own lives and the lives of others (DesChamps et al., 
2016). This sense of fairness emerges during early childhood (Cowell 
et al., 2019; Sloane et al., 2012; Ziv and Sommerville, 2017) and across 
cultures (Huppert et al., 2019), although some aspects show variability 
(Blake et al., 2015). However, successful social interactions often 
require individuals to balance their own self-interest with the wants and 
needs of others within specific ecological contexts. 

The interplay between self-interest and other-regarding concerns 
plays a prominent role in behavioral economics. Arguably, the main 
function of morality is to regulate an individual’s social interactions 
with others in the general direction of cooperation (Curry et al., 2019). 
Our moral intuitions about how to treat others and how they ought to 
treat us are produced by a number of evolved systems, each specialized 
for regulating different classes of social interactions (Cosmides et al., 
2019). Though moral cognitions and behaviors are routine, they rely on 
both heuristics (i.e., cognitive short-cuts) and deliberate processing, 
involving neurocognitive computations for updating and maintaining 
value orientations and social expectations, representing the goals and 
beliefs of both self and others, and selecting adaptive responses while 

accounting for specific social norms (Buckholtz and Marois, 2012; 
Decety and Yoder, 2017; Ruff and Fehr, 2014; Stallen et al., 2018). 

The standard microeconomic model of the profit maximizing firm 
assigns essentially no role for prosociality and social conscience. It as-
sumes that people are mostly motivated by their material self-interest 
and strive to maximize their own payoffs (e.g. Bolton and Ockenfels, 
2000; Kahneman et al., 1986). However, there is a vast literature in 
behavioral economics and psychology documenting that many people 
are strongly motivated by fairness and reciprocity and are willing to 
reward or punish other people at a considerable cost to themselves 
(Gintis et al., 2005). This does not mean that the notion of self-interest as 
being an important motivator of behavior should be abandoned alto-
gether (van Dijk, 2013; van Dijk et al., 2004). Rather, the empirical 
literature has supplemented this motive with other motives that econ-
omists call social preferences (e.g., Bowles, 2016). Moreover, while 
research in behavioral economics has revealed prosocial tendencies in 
human interactions, some argue that people primarily pursue 
self-interest as long as they can maintain the appearance of being fair 
(Caviola and Faulmüller, 2014). Indeed, prosocial behavior declines 
when it is not observable by other affected parties or expectations to 
behave prosocially are reduced (Engelmann et al., 2013; Leimgruber 
et al., 2012; List, 2007; Overgaauw et al., 2012). 

Evolutionary theory suggests that inequity aversion (i.e., the 
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negative reaction to inequitable rewards) is essential for establishing 
long-term cooperation among genetically heterogeneous individuals 
(Bowles and Gintis, 2013; Brosnan and Bshary, 2016). Consistent with 
this view, inequity aversion has only been observed in species which 
engage in repeated interactions with non-kin such as chimpanzees, 
macaques, ravens, and crows (Brosnan, 2013; Wascher and Bugnyar, 
2013). Importantly, humans are ultra-social and care deeply about 
fairness, and appear to possess a genuine concern for the welfare of 
others which exists alongside their own self-interest (Baumard et al., 
2013; Crocker et al., 2017; Henrich et al., 2010; Tomasello, 2014; Ver-
munt, 2014). In other words, prosocial and egoistic motivations both 
shape decision-making but can conflict when individuals’ choices 
simultaneously affect themselves and others (Volz et al., 2017). 

Economic games provide experimental control of objective measures 
of relative payoffs, and so have been previously effective at investigating 
fairness-related social decision-making. One popular game is the Ulti-
matum Game (UG) which involves two players, a Proposer and a 
Responder (Güth et al., 1982). The Proposer divides an endowment and 
offers a portion to the Responder. The Responder must decide to accept 
or reject the offer. If the offer is rejected, both players get nothing. If 
people were motivated solely by self-interest, then Proposers would 
offer very little money and Responders would accept any nonzero offer. 
However, this is rarely the case, with many Proposers choosing to offer 
close to 50%, and most Responders rejecting offers of less than one third 
of the initial amount (Gabay et al., 2014; Güth et al., 1982; Sanfey, 
2007). Thus, individuals in both roles appear motivated to adhere to an 
“equal division” rule or fairness norm. 

This appears to be a social norm, because unfair offers are accepted at 
a higher rate if they are randomly determined by a computer instead of 
by another person (Sanfey et al., 2003). Though there are some cultural 
variations, these norms appear to be universal across human societies 
(Cowell et al., 2016; Henrich et al., 2010). In fact, fairness preferences 
emerge even when individuals respond to hypothetical distributions 
(Camerer and Hogarth, 1999; Eriksson et al., 2017; Gillis and Hettler, 
2007). Importantly, both in hypothetical contexts and when using real 
financial incentives, when individuals explain why they choose to reject 
an offer, they are most likely to select “be fair” rather than being morally 
right, earn money, or punish the proposer (Eriksson et al., 2017). Thus, 
the current study utilized hypothetical offers in order to focus on basic 
fairness preferences and their neural instantiations. 

Past neuroeconomics work has characterized the neural mechanisms 
that guide Responders to accept or reject fair and unfair offers during the 
UG (Feng et al., 2015; Gabay et al., 2014). Converging evidence points 
towards a social decision-making network, which supports evaluations 
of fairness across social contexts (Decety and Yoder, 2017). In this 
network, the temporoparietal junction (TPJ) and medial prefrontal 
cortex play a key role in inferring the intentions of others, while the 
anterior insula (aINS) and dorsal anterior cingulate (dACC) conjointly 
work with amygdala, orbitofrontal cortex (OFC), and the striatum to 
facilitate updating and maintaining value representations which are 
integrated in vmPFC (Balleine and Killcross, 2006; Morrison and Salz-
man, 2010; Ruff and Fehr, 2014; Tremblay et al., 2017; Wassum and 
Izquierdo, 2015). Selecting appropriate responses in light of social 
norms is facilitated by dlPFC (Ruff et al., 2013). 

Research has also used ultimatum-style games to investigate the 
interaction between self-interest and concern for others’ welfare. One 
approach asks participants to play the role of Responder twice, once for 
themselves, and then again for another person. Another approach adds 
one or more players. In such three-party games, the endowment is 
divided between one Responder and one or more Observers (Dawes 
et al., 2012). While the Responder plays the same role as in the classical 
UG, Observers have no opportunity to influence the outcome and must 
passively observe the offer and decision. Two regions, dACC and aINS, 
extending into the ventrolateral aspect of the inferior frontal gyrus, have 
garnered special attention. These regions serve as core input and output 
nodes of the salience network, which coordinates responses to 

motivationally relevant stimuli (Harsay et al., 2012; Seeley et al., 2007; 
Shackman et al., 2011). In fMRI studies using sequential self-other de-
cisions, hemodynamic activity in dACC and aINS is greater for unfair 
compared to fair offers when deciding for oneself, but only aINS re-
sponds when deciding for another person (e.g. Civai et al., 2012; Cor-
radi-Dell’Acqua et al., 2013). Increased aINS response is observed even 
when distributions are randomly generated by a computer (Dawes et al., 
2012), suggesting that aINS may encode deviations from expectations 
(e.g. equal division) to support a cognitive heuristic to reject inequality 
(Civai, 2013). 

Studies using electroencephalography (EEG) have also investigated 
event-related potentials (ERPs) that are responsive to fairness. Most of 
this work focuses on the medial frontal negativity (MFN), which is a 
relatively early negative-going potential over frontocentral sites. MFN 
shows more negative amplitudes in response to unfair compared to fair 
offers (e.g. Peterburs et al., 2017). The dACC is the purported neural 
generator of the MFN (Gehring and Willoughby, 2002), so it is not 
surprising that the few studies that have used three-party UG variants 
with EEG find self-specific MFN amplitude increases to unfair offers 
(Alexopoulos et al., 2013, 2012; Ma and Hu, 2015). Positive-going po-
tentials after the MFN, such as the late positive potential (LPP) and the 
closely related P3/P300, are thought to be a general marker of attention 
allocation towards salient stimuli (Cacioppo et al., 1996). Previous work 
finds greater amplitudes for these ERPs in response to larger rewards 
(Peterburs et al., 2013; Yeung and Sanfey, 2004). For example, in 
gambling tasks, P3 amplitudes are greater when outcomes affect the self, 
as compared to another, whether they are positive or negative (Shen 
et al., 2013). However, LPP effects are sometimes absent in 
ultimatum-style games (Peterburs et al., 2017), though one study using a 
three-party variant found reduced amplitudes for mutually disadvanta-
geous outcomes (Ma and Hu, 2015). Finally, the early posterior nega-
tivity (EPN) reflects early, nearly obligatory processing (Hajcak et al., 
2010). The EPN is enhanced for visual stimuli with positive valence (Keil 
et al., 2002; Weinberg and Hajcak, 2010). Importantly, EPN amplitudes 
are greater when viewing or evaluating morally good, compared to 
morally bad social interactions, both in children and adults (Cowell and 
Decety, 2015; Yoder and Decety, 2014). Investigating early stages of 
information processing is crucial for clarifying how interactions be-
tween self-interest and concern for others unfold over time. 

A few studies have attempted to distinguish between egoistic pro-
cessing and other-focused processing during social decision-making. For 
instance, a positive peak emerges around 260 ms when individuals make 
decisions about sacrificial moral dilemmas, and this component appears 
to track the subjective unpleasantness of those decisions (Sarlo et al., 
2012). Importantly, this P260 response is specifically correlated with 
egoistic empathic dispositions (i.e., personal distress), but not altruistic 
empathic dispositions (i.e., empathic concern), suggesting that 
self-relevance may play an important role at this early stage of infor-
mation processing (Sarlo et al., 2014). In fact, posterior scalp voltages 
during the same time period distinguish between decisions on behalf of 
strangers compared to decisions on behalf of a close friend or oneself 
(Zhan et al., 2020). However, it is not currently known how self-interest 
and concern for others impact this stage of information processing when 
both motivations are directly relevant to a making a decision. 

To date, neuroeconomics studies of fairness preferences in three- 
party contexts have relied on activation-based univariate analyses. 
Information-based techniques, such as multivariate pattern analysis 
(MVPA) provide an important complement to activation-based tech-
niques for mapping out the neural computations of decision-making. 
One study demonstrated overlapping representations of unpleasant-
ness for self and other in left aINS and dACC using MVPA across three 
modalities: electrical shocks, disgusting tastes, and unfair monetary of-
fers (Corradi-Dell’Acqua et al., 2016). However, participants in that 
study responded to UG offers for self and other in different trials. Thus, 
an important but unanswered question is the extent to which neural 
representations of fairness for the self and fairness for others are 
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encoded by similar or distinct neural computations, particularly when 
these motivations can be in conflict. The concept of shared representa-
tions was originally proposed to account for common information rep-
resentation (both at the computational and neural levels) between self 
and other for a variety of psychological functions (Decety and Som-
merville, 2003). This framework has been successfully applied mostly to 
the domains of actions, intentions, and emotions (Cross and Obhi, 
2016). Moreover, there is now strong evidence from neuroeconomics 
that the expected subjective value of myriad diverse options is internally 
transformed into a single common currency (Levy and Glimcher, 2015; 
Ruff and Fehr, 2014). However, the ultimate decision value of each 
choice incorporates contextual information, including relevant social 
norms. Given that many everyday decisions, especially moral decisions, 
involve a tension between self-interest and concern for others, this study 
was designed to determine the impact of these respective motivations at 
the behavioral and neural levels. 

In order to investigate the extent to which similar or distinct neural 
computations guide decision-making for self and for others, participants 
in the current study were requested to play the role of Responder in a 
three-party variant of the Ultimatum Game while undergoing functional 
MRI (n = 32) or EEG measurements (n = 40). Importantly, this task 
independently manipulated the participants’ own payoffs and the pay-
offs of a powerless neutral observer, allowing for self-interest and 
concern for others to potentially compete when influencing rejection 
decisions (Fig. 1A). Univariate techniques were used to characterize 
which neuro-hemodynamic and electrophysiological signals were asso-
ciated with self-interest, the welfare of the observer, or both. A com-
plementary machine-learning approach examined whether neural 
signals which reliably distinguish between fair and unfair offers for the 
self also encode fairness for others. 

2. Materials and methods 

2.1. Participants 

32 healthy adults participated in Study 1 between May and 
September of 2016. Exclusion criteria included metal in the body, re-
ported history of major psychiatric illness, current medication for mood 
or behavioral problems, or a head injury resulting in unconsciousness 
lasting more than 10 min. One participant was excluded because of 
excessive head movement (>3 mm translation) and four participants 
were excluded for excessive noise (see fMRI data preprocessing), leaving 
a final sample of 27 participants in Study 1 (15 female, 13 male, Mage =

26.7, range = 18–54). Concurrently, 40 healthy adults participated in 
Study 2 between May 2016 and February 2017. Metal in the body was 
permitted, but all other exclusion criteria were the same as Study 1. 

Three participants were excluded from EEG analysis for insufficient 
number of clean trials per condition. The final sample in Study 2 con-
sisted of 36 participants (23 female, 13 male, Mage = 23.9, range =
18–44). Participants were compensated with $20 cash. All participants 
provided informed written consent. All procedures were approved by 
the Institutional Review Board at the University of Chicago. 

2.2. Task description 

Participants were asked to play the role of Responder in a three-party 
Ultimate Game. In each trial, an anonymous hypothetical Proposer 
distributed $12 (displayed as stacks of cartoon $1 bills) between the 
Proposer, a neutral observer, and the participant. The participant’s 
allocation was shown at the bottom of the screen. The Proposer was 
identified by a blue box and appeared on the left in 50% of trials 
(Fig. 1A). Participants could accept the offer, meaning all three players 
would be allowed to keep the money from the hypothetical offer, or 
reject the offer, meaning no player would receive any money. Partici-
pants were instructed to indicate their response as soon as they had 
made their decision by pressing one of two buttons. The words “Accept” 
and “Reject” were shown at the center of the display to remind partic-
ipants of the key-response mappings. As soon as a response was selected, 
this text was replaced with “You get:“ and the dollar amount earned. If 
the participant did not respond within 3.5 s, the trial was counted as a 
miss and the task was continued. Trials were separated by a jittered 
fixation cross (M = 4 s, SD = 1.1 s). The response-key mappings were 
counter-balanced across participants. 

Four types of offers independently manipulated fairness for the self 
(“Self”) and fairness for the neutral observer (“Other”). “Fair” offers 
were at least one third of the initial endowment (>= $4). “Unfair” offers 
were those less than 15% (i.e. $1). Thus, the possible offers were: 
SelfFair-OtherFair (4:4:4), SelfFair-OtherUnfair (6:1:5), SelfUnfair- 
OtherFair (6:5:1), and SelfUnfair-OtherUnfair (10:1:1). 

In Study 1, participants viewed 64 distributions in each of two 
scanning runs. Each run was further divided into two “chunks” which 
were separated by a blank fixation cross. Each chunk contained 32 
distributions (eight of each type) presented in random order. Responses 
were provided using the first and second finger of the right hand on an 
MRI-compatible button box (hardware issues prevented the use a left- 
handed button-box, though all participants expressed comfort with the 
response box). In Study 2, the number of trials was doubled to meet 
EEG/ERPs signal/noise requirements, and participants responded by 
pressing either the ‘A’ or ‘L’ key on a computer keyboard. 

Fig. 1. Task Structure and Behavioral Responses. (A) Example SelfFair-OtherUnfair trial followed by fixation. The Proposer is marked with a blue box (50% 
probability of left side). Distributions remained on the screen for 3.5 s. The possible outcomes for deciding to accept (top) or reject (bottom) are shown. (B) Estimated 
marginal mean responses from the logistic hierarchical linear models. Errors bars represent 95% confidence intervals. (For interpretation of the references to colour 
in this figure legend, the reader is referred to the Web version of this article.) 
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2.3. Behavioral data analysis 

Responses were analyzed separately for each study. In each, the 
proportion of “Accept” decisions for each distribution type was calcu-
lated for each participant. Unsurprisingly, nearly all SelfFair:OtherFair 
offers were accepted (M = 98.0% in Study 1 and M = 98.3% in Study 2). 
To account for this overdispersion, beta-binomial distributions were 
used to model acceptance rates. Specifically, proportions were regressed 
on SelfFairness (Unfair|Fair), OtherFairness (Unfair|Fair), and the Self * 
Other interaction with a random intercept for each subject in the 
‘glmmTMB’ package (Brooks et al., 2017). Significant interactions were 
interrogated by applying a simple slopes approach for two level-1 pre-
dictors (Preacher et al., 2006). 

2.4. fMRI methods 

2.4.1. fMRI data acquisition 
Data for Study 1 were acquired with a 3.0 T Philips Achieva MRI 

scanner equipped with a 16-channel head coil. High-resolution T1- 
weighted anatomical scans were acquired using a 3D MP-RAGE 
sequence (repetition time = 8 ms; echo time = 7 ms; voxel size = 0.9 
× 0.9 × 0.9 mm3; matrix = 256 × 256). Functional images were ac-
quired along the transverse plane oriented to the AC-PC line using a 
single-shot EPI sequence (voxel size = 3.5 × 3.5 × 3.5 mm3; skip gap =
0.5 mm; flip angle = 77◦; matrix size = 64 × 64; echo time = 26 ms; 
repetition time = 2 s, reconstructed 32 slices, interleaved acquisition). 
Each scanning run acquired 246 volumes. 

2.4.2. fMRI data preprocessing 
Preprocessing was carried out in SPM12. For activation-based uni-

variate analysis, functional images were first realigned and high-pass 
filtered (cutoff = 128 s). Next, the mean realigned image was coregis-
tered to the participant’s structural scan. Structural scans were then 
segmented into five tissue types, and those were separately normalized 
to the SPM12 structural template. The warping parameters obtained 
from this process were then applied to the functional images before 
smoothing using a 7 mm full width half maximum (FWHM) Gaussian 
smoothing kernel. For information-based multivariate analysis, each 
chunk was individually realigned, high-pass filtered, and coregistered to 
the participant’s structural scan. No smoothing steps were applied to 
these native-spaced chunks (four per participant). In each case the 
ArtRepair toolbox (Mazaika et al., 2009) was applied to identify indi-
vidual volumes with high motion or noise. Four participants were 
excluded because they required more than 15% of their volumes within 
a run to be repaired. 

2.4.3. Contrast analysis 
For the univariate fMRI analysis, general linear models (GLMs) 

generated three specific contrasts aimed at identifying regions whose 
hemodynamic responses were associated with SelfFairness, OtherFair-
ness, or the Self * Other interaction. At the first-level, stimulus onsets 
and durations were modeled with a boxcar function and convolved with 
the canonical hemodynamic response function (HRF) in SPM12. Trials 
were modeled beginning at the onset of the distributions slide and ended 
when the participant pressed a response key. Movement parameters 
were modeled as nuisance regressors. Using the ArtRepair toolbox 
(Mazaika et al., 2009), functional images with more than 0.5 mm/TR 
were interpolated and a separate regressor for every such image was 
added to the first-level design matrix in order to “deweight” these 
images. 

Residuals were also calculated from the first-level GLMs. Participant- 
specific smoothness estimates were generated using the 3dFHWMx 
function in AFNI (Cox, 1996). Smoothness parameters were then aver-
aged across participants and passed to 3dClustSim to generate 
non-parametric threshold maps. Cluster extent was chosen to produce a 
bi-directional alpha level of 0.05 with a height threshold of p < .005. 

2.4.4. Spatial MVPA analysis 
For the multivariate pattern analysis, the rest block was removed, 

and runs were split into two chunks (before the rest or after the rest), for 
a total of four chunks per participant. Separate GLMs were estimated for 
each chunk, as in the univariate analysis, except no smoothing was 
applied. A 3-voxel radius searchlight was then passed through beta maps 
for each condition to generate samples for classification (Kriegeskorte 
et al., 2006). Standardized beta weights from each sphere were passed to 
a linear support vector machine (SVM) with the default cost parameter 
of 1. SVMs were trained to classify SelfFairness, OtherFairness, or the 
four distinct stimulus classes (one-vs-one) using leave-one-chunk-out (i. 
e. 4-fold) cross-validation. Threshold-free cluster enhancement (TFCE) 
was used to assess statistical significant while controlling for multiple 
comparisons at FWEp < .05 (Smith and Nichols, 2009). 

2.5. EEG methods 

2.5.1. EEG data acquisition 
Stimuli were presented via a 23′′ Samsung S23A700D monitor with 2 

ms response rate with a native display resolution of 1920 × 1080 at 60 
Hz refresh rate. Participants viewed the stimuli while seated in a chair 
approximately 80 cm from the monitor resulting in a visual angle of 16◦. 
EEG data were collected using a BrainVision ActiChamp measurement 
system with 32-channels laid out according to the 10–20 system. Elec-
trode impedances were kept within the manufacturer’s recommenda-
tions (max 25 kΩ). Scalp voltages were digitized at 2000 Hz with 
reference to Cz. 

2.5.2. EEG data preprocessing 
EEG data were processed offline using BrainVision Analyzer (BVA; 

Version 2.1). First, Cz was recovered, and data were re-referenced to the 
average of all channels. The average reference was selected in order to 
maximize detection of EPN effects (Luck and Kappenman, 2012). Next, 
low-pass (0.1 Hz, 12 dB/octave), high-pass (30 Hz, 24 dB/octave), and 
notch (60 Hz) filtering was performed using a Butterworth zero phase 
IIR filter. Data were then downsampled to 256 Hz before using inde-
pendent component analysis (ICA) to remove ocular artifacts. As 
implemented in BVA, restricted infomax ICA was performed to identify 
31 ICs. Ostensible blink components were identified by correlation with 
algorithmically defined blinks in Fp1 or Fp2. Components were then 
visually inspected for time-course and scalp distribution, then blink 
components were removed and the remaining components were 
back-projected into sensor-space. Following ocular correction, 
semi-automatic procedures were used to identity periods of artifact 
within individual channels. In addition to automated procedures (max 
gradient = 100 μV/ms; max difference within 200 ms = 200 μV; low 
activity cutoff = 0.5 μV) data were visually inspected for artifacts. Any 
channel with more than 20% of its data marked as artifact was removed 
and not included in ERP analyses (M = 0.6, SD = 1.1, range = 0–5). 
Excluded channels were topographically interpolated prior to classifi-
cation analysis. 

2.5.3. ERP analysis 
After data cleaning, segments were extracted beginning 200 ms 

before stimulus onset and continuing until 1000 ms after stimulus onset. 
Segments were time-locked to the offer slide. After segmentation, 
baseline correction was applied using the average of the 200 ms pre-
ceding stimulus onset. Baseline-corrected trials were averaged together 
to create individual ERPs. Three difference waves were created: Self-
Unfair > SelfFair, OtherUnfair > OtherFair, and Self * Other. For each 
difference wave, mean amplitudes within specific time windows for the 
posterior EPN (125–255 ms) and frontal MFN (300–350 ms) and LPP 
(350–800 ms) were extracted based on previous work and visual in-
spection of the overall grand averages (Luck and Kappenman, 2012). 

Based on previous literature and visual inspection of time-course 
voltages and scalp maps, two clusters were created: frontal (F3, Fz, 
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F4) and posterior (O1, Oz, O2). Mean amplitudes for EPN (125–225 ms), 
MFN (300–350 ms), and LPP (350–800 ms) were extracted from the 
three difference waves. Only trials to which participants provided a 
response were included in the analysis. Any participant with fewer than 
16 artifact-free segments for any of the individual conditions was 
excluded from analysis (n = 3). For the remaining participants, the 
number of clean trials per condition ranged from 39 to 64 (M = 59.0, SD 
= 4.9). Prior to statistical analysis, averages within each time window in 
each condition were examined, and any individual whose mean ampli-
tude was more than three standard deviations above or below the mean 
for that condition was excluded from analysis. This identified one 
participant. Each ERP was assessed via t-test, and the false discovery rate 
was applied across all tests to control for multiple comparisons. In order 
to identify the neural generators of the observed scalp voltages, low- 
resolution electromagnetic tomography analysis (LORETA), as imple-
mented in BVA, was applied to significant ERP components (Pascual--
Marqui et al., 1994). Estimated current source densities were rendered 
on an MNI-space template brain for visualization. 

2.5.4. Temporal MVPA analysis 
Baseline-corrected segments for each trial were exported separately 

for each distribution type for each participant. When the number of 
available clean segments was unbalanced between types, random sub-
sampling was used to equalize segment counts. For each of the 358 
timepoints, scalp voltages at each electrode were standardized, then 
used as samples to train a linear SVM to distinguish between SelfFair-
ness, OtherFairness, or the four distinct distributions. As with the MRI 
MVPA analysis, the default cost parameter of 1 was used. Performance 
was evaluated with 5 repetitions of 5-fold cross-validation. Timepoint- 
by-timepoint accuracies were then assess at the second-level using 
threshold-free cluster enhancement, with extent (e = 2/3) and height (h 
= 2) parameters chosen based on previous simulations (Mensen and 
Khatami, 2013; Smith and Nichols, 2009). 5000 Monte Carlo simula-
tions were used to identify timepoints with accuracy above chance at 
FWEp < .05. Beta weights for each electrode were extracted from the 
linear SVMs during periods of significant decoding accuracy during EPN 
or LPP. Mean importance values where then normalized and projected to 
the scalp. LORETA was used to generate source estimates for the 
normalized scalp importance projections. 

3. Results 

3.1. Self-interest is a better predictor of behavior 

In Study 1, SelfFair offers were more likely to be accepted than 
SelfUnfair offers (OR = 6.39, 95% CI [2.67, 15.35], p < .001), and the 
influence of SelfFairness was significantly greater than the influence of 
OtherFairness (Z = 2.57, p = .005). There was also a significant Self * 
Other interaction (OR = 4.52, 95% CI [1.18, 17.28], p = .028). Com-
parison of the simple slopes (Preacher et al., 2006) indicated that while 
participants were more likely to accept OtherFair distributions than 
OtherUnfair distributions (p < .001), this effect was more pronounced 
for distributions which were also SelfFair (β = 3.36) than SelfUnfair 
distributions (β = 1.85). 

Behavioral responses in Study 2 followed a similar pattern (Fig. 1). 

There was a significant main effect of SelfFairness (OR = 3.94, 95% CI 
[1.73, 8.99], p = .001), as well as a significant Self * Other interaction 
(OR = 6.27, 95% CI [1.80, 21.81], p = .004). Simple slopes analysis 
again indicated that OtherFair distributions were more likely to be 
accepted, but the effect of OtherFairness was stronger for SelfFair dis-
tributions (β = 3.21, p = .001) than SelfUnfair distributions (β = 1.37, p 
< .001). In Study 2, the main effect of SelfFairness was only marginally 
greater than the effect of OtherFairness (Z = 1.50, p = .067). Model 
parameters are shown in Table 1. 

3.2. Self-interest and third-party fairness elicit activations in different 
regions 

Though no regions showed greater response to SelfFair distributions, 
multiple regions showed significantly greater response to SelfUnfair 
distributions (Fig. 2, Table S1), including bilateral midcingulate cortex 
(MCC), precentral and postcentral gyri, dorsomedial prefrontal cortex 
(dmPFC), and bilateral aINS. 

For the OtherUnfair > OtherFair contrast, significant voxels were 
identified in right precentral and postcentral gyri which did not overlap 
with the clusters defined by the SelfUnfair > SelfFair contrast. Several 
regions showed greater response to OtherFair distributions, including 
precuneus, left inferior parietal cortex, and right inferior cortex. A 
partially overlapping cluster in precuneus was identified in the Self * 
Other interaction contrast. This contrast also revealed clusters in bilat-
eral supramarginal gyrus. 

Two additional contrasts were generated to isolate regions sensitive 
to self-interest when other-fairness was preserved or vice versa 
(Table S2). Specifically, SelfUnfair-OtherFair distributions compared to 
SelfFair-OtherFair distributions revealed two large clusters in bilateral 
occipital cortices. In contrast, SelfFair-OtherUnfair distributions were 
associated with decreased signal in right posterior inferior temporal 
cortex, compared to SelfFair-OtherFair distributions. No significant ac-
tivations overlapped between the contrasts. 

3.3. Self-interest predicts MFN, EPN, and LPP amplitudes 

SelfFairness was associated with multiple ERPs (Fig. 3). SelfUnfair 
distributions elicited a larger MFN (t(35) = − 3.05, FDRq = 0.032, d =
0.51). Conversely, SelfFair distributions were associated with more 
positive EPN (t(35) = 6.33, FDRq < 0.001, d = 1.06) and LPP (t(35) =
− 3.46, FDRq = 0.014, d = 0.58). OtherFair distributions elicited a more 
positive EPN than OtherUnfair distributions (Fig. 4; t(35) = 3.88, FDRq 
= 0.017, d = 0.65). There were no significant mean amplitude differ-
ences in the Self * Other difference wave. LORETA estimations identified 
sources throughout the frontal midline during the EPN, MFN, and LPP 
windows for SelfFairness and during MFN and LPP for SelfUnfairness. 
Sources were also identified in posterior temporal lobe and lateral oc-
cipital lobes, posterior midline cortices, and right insula. These sources 
appeared during EPN and expanded through the MFN and LPP time 
windows. During the EPN, OtherFairness and OtherUnfairness demon-
strated putative generators in vmPFC, laterial occipital cortex and pos-
terior temporal cortex. Multi-slice LORETA results are shown in 
Supplementary Figures S1-S4. In addition, LORETA sources were iden-
tified throughout vmPFC in each time window and dACC/SMA in middle 

Table 1 
Model summary for behavioral responses. A) Estimates from the multi-level logistic beta-binomial regressions of acceptance decisions on distribution type. B) Random 
effect variance estimate. CI: 95% confidence interval.    

Study 1 Study 2 

A Fixed effect Odds Ratio (CI) Z p Odds Ratio (CI) Z p  
SelfFairness 6.39 (2.66, 15.35) 4.15 0.0000 3.94 (1.73, 8.99) 3.26 0.0011  
OtherFairness 1.38 (0.63, 2.99) 0.81 0.4184 1.66 (0.77, 3.57) 1.31 0.1916  
Self * Other 4.52 (1.18, 17.28) 2.20 0.0277 6.27 (1.8, 21.81) 2.88 0.0039 

B Random Effect Variance SD  Variance SD   
Participant 1.42 1.19  3.15 1.77   
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and later time windows. 

3.4. Self-interest can be decoded from multiple nodes of the social 
decision-making network 

High classification accuracy for SelfFairness was observed 
throughout the visual cortex and in left precentral gyrus, rdlPFC, and 
raINS (Fig. 5A and B, Table S3). The searchlight analysis did not identify 
any regions capable of decoding OtherFairness, or the four distinct 

classes. 

3.5. Self-interest can be decoded from scalp voltages 

SelfFairness were reliably decoded during the EPN time window 
(176–207) and during the LPP time window (Fig. 5C). Between 500 and 
1200 ms, 85% of samples (597 ms) showed above chance accuracy. The 
SVM distinguished between OtherFair and OtherUnfair distributions 
briefly during the LPP time window (three samples between 570 and 

Fig. 2. Whole-brain effects of fairness evaluations. All clusters significant at FWE-p<.05 (height p < .005).  

Fig. 3. ERP Effects of SelfFairness. Traces for SelfFair (blue), SelfUnfair (red), and the Unfair-Fair difference wave (black) at posterior (A) and frontal (B and C) sites. 
Scalp projections and rendered LORETA source density estimates are shown for (MNI z = − 10 and x = 4). *p < .05 (FDR-corrected). (For interpretation of the 
references to colour in this figure legend, the reader is referred to the Web version of this article.) 
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590 ms, then 652–671 ms). Above chance decoding was observed for 
199 ms of the final 275 ms of the trial. For the 4-distribution classifi-
cation analysis, decoding accuracy was above chance during the EPN 
time window (176–195 ms), and then for all timepoints after 367 ms. 
LORETA estimates for classifiers trained to categorize SelfFairness or the 
4-way classifier were associated with widespread frontal midline 

sources, including vmPFC, dmPFC, SMA, and ACC. All classifiers were 
associated with sources throughout visual cortex and middle cingulate 
cortex, extending into dorsal posterior mPFC. Similarly, dmPFC and 
right aINS were identified for the SelfFairness classifier and 4-way 
classifier, but not OtherFairness (Fig. 5D). 

Fig. 4. ERP Effects of Other Fairness. Traces and OtherFair (blue), OtherUnfair (red), and the Unfair-Fair difference wave (black) at posterior sites. Scalp projections 
and rendered LORETA source density estimates are shown for (MNI z = − 10 and x = 4). No significant other-directed fairness effects were observed at the frontal 
cluster. *p < .05 (FDR-corrected). (For interpretation of the references to colour in this figure legend, the reader is referred to the Web version of this article.) 

Fig. 5. Multivariate effects of fairness. Regions with above chance classification accuracy for SelfUnfair vs SelfFair are shown in red (TFCE-p < .05). Estimated 
marginal percent signal change are shown for dlPFC (A) and aINS (B). (C) Mean classifier accuracy for Self (red), Other (blue), and 4 Classes (yellow) support vector 
machine classifiers over time. Chance accuracy for each classifier is shown as a gray line (Self: 50%, Other: 50%: 4 Classes: 25%). Shaded bands represent classifier 
standard deviation. Thick line and rasters at bottom mark samples where accuracy was above chance at TFCE-p < .05. (D) Scalp maps of feature importance with 
earliest and latest significant sample. Importance is calculated as mean standardized beta weights from all SVMs with above chance accuracy during EPN or LPP time 
window. Importance for 4 Classes reflects mean absolute beta weights across the six one-vs-one linear SVMs. Rendered LORETA source estimates are shown beside 
scalp plots (MNI coordinates z = − 10 and x = 4). (For interpretation of the references to colour in this figure legend, the reader is referred to the Web version of 
this article.) 
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4. Discussion 

Human societies are becoming increasingly interconnected, inter-
dependent, and cosmopolitan, with individual decisions often impacting 
both the decision maker and multiple others, making people more 
accustomed to the idea that strangers can be trusted or more morally 
responsible (Buchan et al., 2009). Both evolutionary theory and eco-
nomics predict that individuals who constitute large social groups are 
motivated by a conjunction of selfish and selfless interests, and both 
motives can compete. The current study manipulated fairness for the self 
and other in a three-party economic game, and used multiple method-
ologies to map out spatiotemporal neural dynamics sensitive to the 
payoffs of oneself or a powerless anonymous observer. Together, the 
findings point towards a primacy of self-interest over third-party con-
cerns, not only in terms of decision-making, but in its implemention at 
the neural representation level. Across the fMRI and the EEG studies, 
participants were more sensitive to the plight of the neutral observer 
when they themselves received at least one third of the initial endow-
ment. Results from the neuroimaging studies (fMRI and EEG) provide 
consistent results. Neuro-hemodynamic responses and MFN amplitudes 
showed sensitivity to fairness for the participant, and importantly, those 
effects did not overlap OtherFairness responses. Finally, despite reliable 
decoding of fairness for the self as early as 170 ms in Study 2, and in 
several regions of the social decision-making network in Study 1, there 
was no evidence for shared fairness representations for self and other. 

Results from previous fMRI studies comparing fairness for the self to 
third-party fairness using sequential decisions point towards a dissoci-
ation between regions encoding self-interest, such as dACC and vmPFC, 
and those encoding deviations from the social norm of equity, in 
particular aINS (Civai et al., 2012; Corradi-Dell’Acqua et al., 2013; 
Dawes et al., 2012). Here, all decisions affected the participant as well as 
the neutral observer. The SelfUnfair > SelfFair contrast revealed acti-
vation in dmPFC, primarily in supplementary motor area (Fig. 2). No 
such clusters were detected in the OtherUnfair > OtherFair contrast, nor 
in the Self * Other interaction. Greater hemodynamic response for un-
fairness towards the self, but not the neutral observer was detected in the 
aINS. Importantly, our task structure was designed for self-interest and 
concern for others to directly conflict, since any money allocated to the 
neutral observer could not be allocated to the participant. One study 
indicates that cooperative and competitive contexts impact the extent to 
which neural representations of self and other overlap (Wittmann et al., 
2016), and these inherent tradeoffs may alter participants’ framing of 
their relationship with the observer. Earlier interpretations of the 
functional significance of aINS extending into IFG highlighted its role in 
rapidly updating representations of relevant stimuli (Tops and Boksem, 
2011). Thus, the results presented here suggest that when self-interest 
and third-party fairness concerns are manipulated independently, 
one’s own payoffs become more salient, and the impact of third-party 
fairness on aINS response is diminished. It will be important for future 
studies to utilize different tasks or vary the social identity and group 
membership of the players to characterize other contextual factors 
which might cause representations of fairness for self and other to re-
cruit similar regions. 

Interestingly, participants in the EEG study showed a similar saliency 
effect, limited to SelfFairness. Frontal MFN amplitudes were more 
negative for unfair compared to fair offers directed at the self (Fig. 3), 
which replicates previous ERP studies of three-party UG responding (e. 
g., Alexopoulos et al., 2013, 2012). Self-interest also appears to drive 
attention allocation and deliberation, since LPP amplitudes were greater 
for SelfFair distributions. Such an interpretation is also consistent with 
increased right dlPFC response, identified in the SelfUnfair > SelfFair 
contrast (Fig. 2). LORETA source estimations identify possible neural 
generators, and are thus not well-suited for making strong claims about 
exact cortical locations (Polich, 2007). Nevertheless, when combined 
with the fMRI results from Study 1, they can provide converging evi-
dence for which spatially segregated neural systems are involved in a 

given situation. LORETA identified robust sources along the frontal 
midline, include vmPFC, dACC, and SMA, as well as right aINS. How-
ever, vmPFC sources were more robust for SelfFair trials during EPN and 
much weaker in SelfUnfair, consistent with a rapid recruitment of pre-
frontal structures to facilitate valuation. Moreover, dACC/SMA did not 
appear until the MFN and LPP time windows for SelfUnfair trials, sug-
gesting that these core nodes of the salience network may not be as 
important until these middle and later stages of processing. 

Notably, mean amplitudes during the EPN time window were greater 
for fair offers, both for the self and the neutral observer (Figs. 3A and 4). 
Such amplitudes have previously been implicated in emotional pro-
cessing, especially for stimuli with a positive valence (Keil et al., 2002; 
Weinberg and Hajcak, 2010). This result is thus consistent with con-
ceptions of fairness as inherently rewarding (Decety and Yoder, 2017; 
Tabibnia et al., 2008). Moreover, increased EPN amplitudes have pre-
viously been observed for third-party moral evaluations of praiseworthy 
actions compared to blameworthy actions (Yoder and Decety, 2014), 
suggesting that social fairness norms influence information processing 
within 200 ms. Further support for early value-based processing comes 
from robust vmPFC sources identified by the LORETA analysis during 
the EPN time window (Fig. 3). 

The multivariate techniques employed in this study provide further 
support for a “me first” mode of processing. MVPA searchlights identi-
fied right aINS and dlPFC as regions capable of decoding fairness, but 
only for the self (Fig. 5). This contrasts with recent work which identi-
fied overlapping self and other fairness representations in a sequential 
UG (Corradi-Dell’Acqua et al., 2016). Though interpreting null effects 
requires caution, these results are consistent with the conclusion that 
when payoffs to another involve reducing one’s own payoffs, fairness for 
self and other are representationally distinct. Similarly, the temporal 
searchlight identified several timepoints with significant decoding dur-
ing the EPN time window for SelfFairness, but not OtherFairness. During 
the LPP time window, SelfFairness was decoded in over 20 times as 
many samples as OtherFairness (Fig. 5). The two methods converge on 
the conclusion that variation in one’s own payoffs is robustly repre-
sented in early sensory processing areas and in regions and timepoints 
known to play important roles in social decision-making. The LORETA 
results based on the importance maps should be interpreted with 
caution, given that the spatial distribution of classifier beta weights is 
not necessarily limited by the same physical constraints as scalp EEG. 
Thus, while the absence of robust vmPFC sources during LPP specifically 
for OtherFairness suggests that value-based deliberation may be un-
necessary for third-party fairness decisions, much more work would be 
required to justify this claim. 

An alternative, though not mutually exclusive interpretation comes 
from models of third-party punishment (Krueger and Hoffman, 2016). In 
this framework, aINS is proposed to generate an aversive experience 
related to norm violations, while dlPFC selects appropriate punishment. 
In the social decision-making network, dlPFC supports goal-directed 
response selection (Buckholtz and Marois, 2012; Mitchell et al., 2005; 
Tabibnia et al., 2008; Van Bavel et al., 2015). Moreover, right dlPFC is 
responsive to violations of social norms (Güroğlu et al., 2010) and 
causally involved in adhering to social fairness norms (Ruff et al., 2013). 
Thus, these results could indicate that when others’ payoffs can conflict 
with one’s own payoffs, people reliably prioritize self-interest, and the 
scope of punishment decisions (i.e. rejecting unfair offers) is restricted to 
how situations impact oneself. 

One potential limitation of empirical investigations using functional 
neuroimaging is the necessity for repeated trials. Future work using one- 
shot or in-person naturalistic contexts will be required to determine 
whether results obtained here generalize to other sorts of everyday de-
cisions in which individuals must balance their own self-interest against 
fairness concerns. Moreover, the more an individual is affiliated or 
familiar with another, such as a family member, close friend, or in-group 
member, the more that other would be expected to be perceived as an 
extension of the self, which leads to larger overlap in neural 
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representations (Cheng et al., 2010; Decety and Grèzes, 2006; Wittmann 
et al., 2016). Future work comparing strangers and close others could 
empirically address this effect. Another potential limitation is that, 
while statistically significant, the classification analyses obtained rela-
tively moderate accuracy, suggesting that measures with greater sensi-
tivity may be required to better disentangle neural representations of 
fairness. 

5. Conclusion 

Fairness is foundational to morality, and a cornerstone in the social 
values that facilitate human cooperation in large-scale societies. Yet 
many social interactions involve decisions where concern for the welfare 
of others can conflict with self-interest. Based on the studies presented 
here, it appears that self-focused fairness is encoded more rapidly and 
occupies more cortical real estate than other-focused fairness. This 
supports the view put forward by Camerer and Thaler (1995) that 
self-interested behavior is alive and well, even in ultimatum games, and 
that other-interested behavior is not ready to be buried either. It will be 
important for future work to examine whether this effect extends to 
in-group conspecifics and clarify the extent to which social value ori-
entations and fairness judgments are further influenced by competitive 
or cooperative contexts. 
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