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1 | INTRODUCTION

Fairness is a fundamental tenet of human social behavior and resource
allocation, and people generally show a strong preference for an
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Abstract

In an ultimatum game, the responder must decide between pursuing self-interest and
insisting on fairness, and these choices are affected by the intentions of the proposer.
However, the time course of this social decision-making process is unclear. Representa-
tional similarity analysis (RSA) is a useful technique for linking brain activity with rich
behavioral data sets. In this study, electroencephalography (EEG) was used to measure
the time course of neural responses to proposed allocation schemes with different inten-
tions. Twenty-eight participants played an ultimatum game as responders. They had to
choose between accepting and rejecting the fair or unfair money allocation schemes of
proposers. The schemes were offered based on the proposer's selfish intention (mone-
tary gain), altruistic intention (donation to charity), or ambiguous intention (unknown to
the responder). We used a spatiotemporal RSA and inter-subject RSA (IS-RSA) to explore
the connections between event-related potentials (ERPs) after offer presentation and
intention presentation with four types of behavioral data (acceptance, response time,
fairness ratings, and pleasantness ratings). The spatiotemporal RSA results revealed that
only response time variation was linked with the difference in ERPs at 432-592 ms after
offer presentation on the posterior parietal and prefrontal regions. Meanwhile, the IS-
RSA results found a significant association between inter-individual differences in
response time and differences in ERP activity at 596-812 ms after the presentation of
ambiguous intention, particularly in the prefrontal region. This study expands the
intention-based reciprocal model to the third-party context and demonstrates that brain

activity can represent response time differences in social decision-making.

KEYWORDS
EEG, intention, RSA, unfairness aversion

equal—rather than unequal—distribution of resources (Kahneman
et al., 1986; Polezzi et al., 2008). Research on fairness often involves
the classical ultimatum game (UG) task, wherein a player (the pro-
poser) divides a monetary amount between the two players, and the
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other player (the responder) can choose to either accept the pro-
poser's offer or reject it (Glth et al., 1982). The responder's rejection
would mean that both players receive nothing. As such, a rejection by
the responder is often thought to reflect an aversion to inequity
(Guroglu et al., 2010). Prior studies found that unfair treatment elicits
a negative emotion in the proposer, and they struggle to balance self-
interest and unfairness aversion (Gabay et al., 2014). Several psycho-
logical processes are reflected in a range of behavioral indicators. For
example, rejection behavior in the responder has been proposed to
reflect resistance to inequity (Falk et al., 2003); the response time
(RT) captures the cognitive processes that accompany the struggle
between the player's payoff and a fair distribution (Rubinstein, 2007),
fairness ratings reflect the player's perception of how fair the distribu-
tion scheme was (Knoch et al., 2006), and the ratings of pleasantness
are associated with the negative emotional experiences arising from
the offer (Aoki et al., 2015). These behavioral indicators reflect differ-
ent aspects of inequity aversion and can vary independently. For
example, previous research has found that a disruption of the left dor-
solateral prefrontal cortex (DLPFC) reduced a player's rate of rejecting
their partner's unfair offers but did not affect their perception of the
unfairness of the offers (Knoch et al., 2006).

Intentions of others are critical for certain social decision-making,
such as moral judgment, judicial decision-making, and social interac-
tion (Frith & Frith, 1999; Buckholtz et al., 2008; Young et al., 2007),
but researchers disagree on its influence on fairness decisions. The
equity aversion model maintains that only unfairly distributed out-
comes affect behavior; however, it does not account for intention
(Bolton & Ockenfels, 2000; Fehr & Schmidt, 1999). On the contrary,
the intention-based reciprocity model reveals that intention plays a
major role in decision-making. Past research has suggested that peo-
ple reciprocate perceived (un)benevolent intentions with (un)benevo-
lent behaviors (Falk & Fischbacher, 2006; Rabin, 1993). Thus, the first
aim of this study was to examine the effect of intentions on people's
inequity aversion from all aspects. The literature on this subject has
primarily focused on the acceptance rate. Moreover, studies investi-
gating the effect of intention on direct reciprocity have shown that
good intentions do not result in worse outcomes for the responder
compared to bad intentions (Guroglu et al., 2010; Ma et al., 2015).
However, the players’ reactions in circumstances where there is a
mismatch between the valence of intentions and the distribution out-
comes have rarely been examined.

In this study, we considered an adapted UG paradigm, wherein
the proposer can keep the money from the UG task or donate it to
charity. We recorded the responders' acceptance rate, RT, fairness
ratings, and pleasantness ratings for the different offers. The
intention-based reciprocity model suggests that the responder's
actions would be contingent upon the proposer's intention, whereas
the inequity aversion model suggests that the responder's actions
would be independent of the proposer's intention.

In addition to testing these predictions, we evaluated how the
ambiguity of intentions affects a player's decision-making process. In
most cases, it is not entirely possible to determine the intentions of

others, whereas behavioral outcomes are much easier to observe. This

can lead to an “outcome bias,” that is, people who observe bad out-
comes tend to think that the actor's decisions are of poor quality or
that there are procedural errors (Mazzocco et al., 2004). Some studies
indicate that people may also have an outcome bias for estimating
intentions (Charness & Levine, 2007). For example, when people do
not have access to complete information about others’ intentions,
they may be more likely to link good behavioral outcomes to good
intentions and negative consequences to bad intentions. We tested
these assumptions in this study.

Event-related potentials (ERPs) were widely applied to study the
temporal progression of brain processing during inequity aversion.
Fairness processing is generally thought to be associated with two
ERP components: feedback-related negativity (FRN) and P3 (Ma
et al, 2015). FRN is a negative component that appears at 250-
350 ms over the frontocentral areas of the brain after feedback pre-
sentation (Miltner et al., 1997). It is commonly associated with reward
prediction error (Holroyd & Coles, 2002; Sambrook & Goslin, 2015).
P3 is a positive deflection that peaks at 300-600 ms after stimulus
presentation, and its amplitude is maximal at the centro-parietal sites
(Luo et al., 2014). Typically, researchers compare these ERP compo-
nents by calculating the differences between average group responses
to different kinds of feedback. While ERP components can disclose
information about conditional changes in timing or amplitude caused
by various forms of feedback, standard ERP components depend on
averages from certain electrodes and time windows that are arbitrarily
selected by researchers across different studies. Moreover, the func-
tional significance of these components remains nebulous and can be
altered by experiment-specific factors (Donchin et al., 1978).

Unlike traditional ERP component methods, a new multivariate
pattern analysis—representational similarity analysis (RSA)—can be
used to calculate the similarity between different representations in
the brain under different stimuli or experimental conditions
(Kriegeskorte et al., 2008). The objective of RSA is to identify activa-
tion patterns that reliably differentiate between stimuli or experimen-
tal conditions. If differences in patterns of neural activation can be
reliably mapped to differences in the stimulus's properties or differ-
ences in the behavior elicited by the stimulus, then we can infer that
these temporal or spatial neural patterns support the discrimination of
the stimulus's properties or drive the corresponding behavior. Com-
pared with fMRI data, scalp-recorded ERP data have the advantages
of high temporal resolution and low cost, and the RSA of these data
allows us to reveal the rapid neurodynamic processes underlying cog-
nition. Although the RSA approach is well suited to social neurosci-
ence research (Popal et al., 2019), its usefulness for ERP data in this
field is still limited. Recently, RSA methods for ERP data have become
popular (He et al., 2022; Hu et al., 2022; Kiat et al., 2022). For exam-
ple, Kiat et al. (2022) examined the temporal course of the brain rep-
resentation of saliency and high-level meaning-based representations
by applying RSA to ERP responses to natural scenes. They found that
the link between the saliency-based representational space and ERP
data first appears slightly earlier (at about 80 ms) than the link in the
significance-based representation space (which appears at about
100 ms). RSA can be used for both single-trial ERP data and averaged
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ERP data, but averaging ERP data across conditions is useful for
increasing the signal-to-noise ratio of the ERP data. For example, He
et al. (2022) performed a single-trial RSA analysis and found a much
weaker representative similarity than average data. Therefore, in our
study, RSA was applied to average ERP waveforms rather than to
single-trial data.

The second objective of our study was to use RSA to investigate
the temporal dynamics of fairness decision-making processes related
to intentions. Therefore, we recorded the ERP activity for offers
received from proposers with different intentions in a UG. To make a
final decision, the responders had to consider the fairness of the dis-
tribution scheme while taking intention into account. Through the
RSA of this ERP data, we examined whether the representations of
the ERP activity correlated with the diverse behavioral representa-
tions (acceptance rate, RT, fairness rating, and pleasantness rating) for
each time point. As discussed earlier, the FRN and P3 components are
related to outcome processing for the reward allocation scheme. FRN
may reflect the prediction error associated with violating social norms
and the associated negative emotions in the ultimatum game, such as
unfair aversion (Zheng et al., 2017); meanwhile, the P3 reflects the
accumulation of evidence in a decision-making task (O'Connell
et al., 2012). Based on these studies, we predicted that the link
between the emotion ratings representation and the ERP representa-
tion would appear during the early stage (250-350 ms) and that the
link between the RT and the ERP data would become evident after
that (350-600 ms). Decision-making involves the evaluation of
options, with final decisions requiring the combination of accumulated
evidence from different brain regions and timescales (Lin et al., 2020;
Pinto et al., 2022). As a result, the decision to accept or reject some-
thing should take place after the accumulation of evidence. Therefore,
we predicted that the link between acceptance and the ERP data
would emerge after the link between RT and ERP data (>350-
600 ms).

In addition, the inter-subject RSA (IS-RSA), which combines inter-
subject correlation (ISC; Hasson et al., 2004) and RSA methods, allows
us to explore the connection between brain activity and behavioral
performance by individual differences. Unlike the general RSA, which
highlights the connections between the differences across various
experimental stimuli and ERP activity, the IS-RSA is concerned with
whether differences in the responses of different individuals to the
same stimuli respond to differences in their brain activity. There were
large individual differences in the participants' responses to ambigu-
ous stimuli (Kim et al., 2022). Therefore, in our experiment, we
focused on whether differences in the decision-making behavior of
different participants regarding ambiguous intention were related to
differences in ERP activity when the proposer's intention was pre-
sented. Previous studies have shown that ERP activity in frontal and
parietal scalp regions during a later time window (from 500 to
1000 ms) after experimental stimulus presentation reflects specific
cognitive processes for judging others’ intentions or beliefs (Geangu
et al., 2013; Liu et al., 2009; McCleery et al., 2011), Therefore, we pre-
dict that the connection between ERP activity and behavior should

occur within a time window later than 500 ms.

2 | METHODS

21 | Participants

Thirty-one neurologically and psychiatrically healthy volunteers were
recruited from Shenzhen University. Three participants were excluded
because of excessive recording artifacts. The data of the remaining
28 participants (mean = 19.07 years, SD = +1.02 years; 11 females)
were analyzed. All participants were right-handed, had a normal or
corrected-to-normal vision, and signed an informed consent form. All
the participants received 50 Chinese Yuan (¥50) for their participation,
along with the additional money (0-10 Yuan) acquired during the
UG. The experiment was approved by the Medical Ethical Committee

of Shenzhen University.

2.2 | Experimental procedure

The participants arrived at the lab where they were asked to read the
instructions for the experiment. They were asked to play a UG with
the other participants, who would divide a given amount of money as
part of the game (e.g., ¥10). In our modified version of the UG, the
responders were also briefed about a charity project, including its
name, primary goal, beneficiaries, and an example of its activities. The
responders were then told that the proposer could decide to either
keep the money received in the subsequent UG for themselves or
donate it to charity. In the first case, any money the proposer received
in the subsequent UG would be added to their total payoff and kept
by themselves; otherwise, the money is also handed to the proposer,
but the proposer must donate it to charity. Given this information, the
proposer put forward an allocation scheme for the money (e.g., both
the proposer and the responder receive ¥5 from the initial ¥10). The
allocation outcome was revealed to the responder, but the intention
(keeping for oneself or donating to charity) was not always revealed.
The responder could accept the offer or reject it; acceptance would
result in both the proposer and the responder gaining the amount
they were proposed to receive, whereas rejection would lead to nei-
ther player receiving anything. All participants acted as responders in
the UG and were informed that their proposers' offers had been col-
lected in the previous experiment. To exclude the possible influence
of sex on fairness consideration, the proposer's gender was not
shown.

Figure 1 shows that in each trial, the identification number of the
proposer was initially presented (duration: 1500 ms), followed by a
blank screen (duration: 1000-1200 ms). Next, the proposer's inten-
tion, represented by a yellow ball, appeared on the screen. A yellow
ball in the box above the letter “S” (meaning “self”) indicated that the
proposer had chosen to keep their share of the money (selfish inten-
tion condition). A yellow ball in the box above the letter “C” (meaning
“charity”) indicated that the proposer had chosen to donate their
share of the money to charity (altruistic intention condition). A yellow
ball in the middle of the two boxes indicated that the proposer's

choice was unknown to the responder (ambiguous intention

85U807 SUOWIWIOD 8AIIE81D) 3|cedldde 8y Aq peusenob afe saolie O ‘@SN JO Sa|Nn 10} Akeid 738Ul UQ 48] UO (SUORIPUOD-pUe-SLUBIAL0D A8 | 1M Ae1q U1 UO//:SANY) SUORIPUOD Pue SWia | 8u1 88S *[£202/20/20] Uo AriqiTauluo Aelim ‘AriqiTelAsenir JO Aiseaun Aq €229z WAU/2Z00T 0T/I0pAW0D A8 | imAreiq i Bul|uo//:Sdny WwoJj pepeojumod ‘0 ‘€6T0L60T



XU ET AL.

FIGURE 1
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Experimental procedure for a single trial. The participants (responders) are shown the identification number of the proposer,

followed by their choice regarding the money (whether to keep it for themselves or donate it to charity). In the ambiguous condition, the choice is
not displayed. After seeing the offer made by the proposer, the participants make their choice by pressing “F” to accept the offer or “J” to reject
it. The final results are displayed at the end of the trial. “Y” indicates the responder (participants), and “P” indicates the proposer (partner). The

red borders represent instances where the EEG activity was recorded.

condition). Following the display of another blank screen (duration:
1000-1200 ms), the proposer's allocation scheme for the money was
displayed to the participant. The letters “Y” and “P” were used to
denote the participant and proposer, respectively. After 1000 ms, a
decision cue was presented below the offer, and the participant
(responder) was given an option between pressing the “F” key to
accept the offer or the “J” key to reject it, without any time restric-
tion. The correspondence between the accept/reject decision and
pressing the “F/J” key was counterbalanced between subjects. Once
the participant had decided, the payouts for the proposer and
responder were presented for 1500 ms, and the trial ended. The sub-
sequent trial began after an interval of 1000-1500 ms.

This experiment included 10 practice trials and 300 formal trials
divided into three blocks which lasted ~40 min in total. It included
five types of offers with different levels of fairness (two fair offers:
6/4 and 5/5; two unfair offers: 9/1 and 2/8; one filler offer: 7/3).
Prior researchers suggested that UG offers were considered unfair if
they were <3 out of 10 yuan and fair if 24 out of 10 yuan, while 3 out
of 10 was difficult to classify as “fair” or “unfair.” Therefore, 4/6 was
considered a fair offer, and 7/3 was often used as a filler trial
(Glth, 1995; Henrich et al., 2006; Peterburs et al., 2017). In our study,
we followed this setting. The offers of 6/4, 5/5, 9/1, and 2/8 were
each repeated 72 times, and the filler offer of 7/3 was repeated
12 times. The proposer chose to keep the money for themselves in
one-third of the trials and to donate it to charity in another one-third
of the trials. The proposer's choice was ambiguous in the remaining
one-third of the trials. Therefore, we had a three (intention: selfish
vs. altruistic vs. ambiguous) by two (offer fairness: fair vs. unfair)
design with the following six experimental conditions: selfish-fair,
altruistic-fair, ambiguous-fair, selfish-unfair, altruistic-unfair, and
ambiguous-unfair.

After the participants had completed all the trials, a trial was ran-
domly selected as the final result. The participants received a ¥50 base
fee along with the money they received from the UG. Finally, the par-
ticipants rated both the pleasantness and fairness of each

experimental condition on a 7-point Likert scale. (1 = very unfair,
7 = very fair or 1 = very unpleasant, 7 = very pleasant).

We performed a two-way repeated-measures analysis of variance
(ANOVA) to compare the acceptance rates, RTs, fairness ratings, and
pleasantness ratings across six conditions: 3 (intention: selfish
vs. altruistic vs. ambiguous) x 2 (offer fairness: fair vs. unfair). The
Greenhouse-Geisser correction was applied if the sphericity assump-
tion for the ANOVA was violated. We used Bonferroni corrections for
our post hoc analyses.

2.3 | Electroencephalogram recordings and data
preprocessing

The electroencephalographic (EEG) data were recorded by Brain Prod-
ucts System (Brain Products GmbH, Munich, Germany) at a sampling
rate of 1000 Hz with a pass band of 0.01-100 Hz. The 64 electrodes
are arranged in accordance with the international 10-20 system. The
ground electrode was placed on the medial frontal line between Fz
and FPz. The recordings were referenced online to the FCz mastoid
and referenced offline to the average of the left and right mastoids.
The vertical electrooculogram was recorded with one electrode
located below the right eye. All electrode resistances were kept
below 10 kQ.

The electrophysiological signals were analyzed using MATLAB
(R2020b; MathWorks). These signals were filtered with a band-pass
filter of 0.1-30 Hz. To correct electrooculographic artifacts, an inde-
pendent component analysis procedure (Jung et al., 2001) was
employed. The EEGs were segmented into 1200 ms periods (200 ms
before and 1000 ms after the offer onset) and were baseline cor-
rected by subtracting the mean prestimulus signal (200-0 ms before
the offer onset). Any artifacts in any channel exceeding +120 uV were
removed. Finally, the EEG epochs of the offer presentation were sep-
arately averaged for the selfish-fair, altruistic-fair, ambiguous-fair,

selfish-unfair, altruistic-unfair, and ambiguous-unfair conditions.
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24 | Spatiotemporal RSA

For the ERPs of the offer presentation, we used a spatiotemporal RSA
to explore whether—and at what time points—it was possible to dis-
criminate between the six experimental conditions based on neural
activity. First, we constructed the neural representational dissimilarity
matrix (RDM) and downsampled the EEG signal to 250 Hz. For each
participant, we extracted the average ERP amplitude after reducing
the noise through a noise normalization procedure (Guggenmos
et al., 2018). The spatial features included scalp voltages from 60 chan-
nels, and the temporal features were chosen from the epoched EEG
data utilizing a 100 ms (25 time points) sliding window. The step size
of the sliding window was one time point (Lu et al., 2015). In each
channel, a data vector was extracted from the 25 time points as the
spatiotemporal pattern of ERP activity of the middle time point. We
then calculated the dissimilarity of the spatiotemporal pattern
between all the possible pairs of conditions (e.g., selfish_fair and self-
ish_unfair, selfish_fair and altruistic_fair, and so on) at each channel
and per time point (t). To do this, we computed the (1-Spearman's r)
values between the vectors, and then created the final 6 x 6 neural
RDM per channel and per time point for each pair.

During the next step of our analysis, we constructed RDMs from
the behavioral data. For each participant, we calculated the absolute
differences in the acceptance rate, RT, fairness ratings, and pleasant-
ness ratings for all the possible pairs of conditions to create four
6 x 6 behavior RDMs. All the behavioral data were normalized to the
Z score before subtraction. The neural and behavioral RDMs were
then compared. The diagonals and the lower triangular part of the
RDMs were omitted (Ritchie et al., 2017). For each participant, the
four behavioral RDMs were quantitatively compared with the neural
RDMs per time point and per channel using Spearman's correlation
analysis. The correlation coefficients were transformed into Fisher's
Z-scores for further analysis.

Finally, we evaluated the four behavioral models to deduce which
of them could be used to explain the brain's electrical activity in a spe-
cific brain representation. For each participant, we obtained a similar-
ity time series at each channel and stored the data in a matrix. As a
baseline group, we generated an all-zero matrix of the size of (subject
x channels x time point). A nonparametric cluster-based permutation
test was used to search for significant correlations between the neural
and behavior patterns relative to the baseline. The procedure was
applied in the FieldTrip toolbox (Oostenveld et al., 2011) as follows:
(1) The Fisher's Z-scores at each time point in each channel were
tested against an equally sized baseline group by dependent-sample t-
tests. (2) The time points and channels whose statistical values
exceeded a threshold (p = .05) were selected and combined into a
spatiotemporal cluster based on spatial and temporal adjacency.
(3) The sum of the t-values inside each detected cluster was used to
construct cluster-level statistics. (4) The distribution of the cluster-
level statistics under the null hypothesis was approximated using
10,000 random draws. (5) The uncorrected t-test value was then com-
pared against the permuted distributions, and any clusters that

exceeded a one-tailed significance threshold (p = .05) were

considered significant. The significant clusters were determined for
the first and last time points in at least three channels (Wang
et al.,, 2020). To improve the spatial resolution, channels containing at
least 15 adjacent time points were selected. A noise ceiling was com-
puted based on the degree of noise in the data. Noise ceilings indicate
how well the best possible model would perform and consists of a
range that has both a lower bound and an upper bound. For the upper
bound, we calculate the correlation between each participant's RDM
with the group-averaged RDM, which included all participants. The
lower bound estimate calculates the correlation between each partici-
pant's RDM with the group-averaged RDM, which included all other
participants after excluding the participant's own data (Nili
et al, 2014).

2.5 | Inter-subject RSA
The RSA was performed using a custom script written for our study.
For the ERPs of the ambiguous intention presentation, we used an IS-
RSA to explore whether the individual differences in brain activity for
ambiguous intention were linked to individual differences in behav-
ioral performance. First, we constructed the neural representational
dissimilarity matrix (RDM) and downsampled the EEG signal to
250 Hz. For each participant, we extracted the average ERP for
ambiguous intention after reducing the noise using a noise normaliza-
tion procedure (Guggenmos et al., 2018). The voltage maps at each
time point were first redefined as 5-point average maps using a mov-
ing window (window size: 20 ms; window center moving in 1-time-
point steps) (Cecere et al., 2017). Next, we separately calculated
(1-Spearman's r) between all possible pairwise participants’ scalp dis-
tributions at each time point to generate a 28 x 28 subject correlation
matrix to estimate the dissimilarity of individual variability in brain
activity in the ambiguous intention condition in each time point.
Second, we constructed RDMs from the behavioral data. For the
ambiguous intention condition, we calculated the absolute differences
in the acceptance rate, RT, fairness ratings, and pleasantness ratings
for all possible subject pairs to create four 28 x 28 behavior RDMs.
All the behavioral data were normalized to the Z score before subtrac-
tion. The correlations between the neural and behavioral RDMs at
each time point were then calculated for the lower triangle of the
matrix using Spearman's correlation analysis and the significance
levels of the correlation were assessed using a Mantel permutation
test (Mantel, 1967; Nummenmaa et al., 2012). The correlation coeffi-
cients were transformed into Fisher's Z-scores for further analysis.
Finally, we corrected for multiple comparisons using cluster-based
correction. Adjacent time points with significance levels exceeding the
threshold (p < .05) were selected and combined into a cluster. The
sum of the z-values inside each detected cluster was used to con-
struct cluster-level statistics. For each time point in the cluster, we
recomputed the Spearman correlation coefficient (Fisher's Z-scores)
between the neural RDM and behavioral RDM after shuffling the
order of the observations in one of the two matrices and then

summed these correlation coefficients. This procedure was repeated
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10,000 times to generate a null distribution of the correlation cluster
sum. We then sorted these values and determined the 0.95 quartiles.
Next, we used this quartile as our threshold based on clustering and
compared the sum of each original cluster to this threshold; any clus-
ters that exceeded the significance threshold were considered signifi-
cant. We then mapped the topography of the significant time clusters
following the leave-one-out method developed by Kiat et al. (2022).
In IS-RSA, the RDM was constructed by inter-individual differences
among participants; there was no separate RDM for each participant.
Therefore, the method for calculating the noise ceiling is inapplicable
to IS-RSA.

3 | RESULTS

3.1 | Behavioral results

Figure 2a demonstrates the average acceptance rates for the six con-
ditions. A 3 (intention) x 2 (offer fairness) within-subjects ANOVA
showed a significant main effect of intention (F [2, 54] = 41.46,
p < .001, n? = 0.60). Post hoc analysis indicated that acceptance rates
were significantly greater for altruistic intention (mean = SE: 0.91
+ 0.03) than for ambiguous (0.67 + 0.04; p < .001) or selfish (0.54
+ 0.04; p < .001) intentions. Moreover, the acceptance rates were sig-
nificantly higher for ambiguous intention than for selfish intention
(p < .001). The offer fairness had a significant main effect
(F [1, 27] = 89.60, p < .001, n® = 0.77), and the acceptance rates of
fair offers (0.94 + 0.02) were significantly higher than those for unfair
offers (0.47 £ 0.05). A significant interaction effect was observed
between intention and fairness (F [2, 54] = 39.92, p <.001,
n? = 0.60). The analysis of simple effects revealed that intention had

- kkk - --
*%

a significant effect on unfair conditions (all p < .001). The acceptance
rates were significantly higher for altruistic intention than for the
other two types of intentions and also for ambiguous intention com-
pared to selfish intention. However, this was not so in fair condition
(all p > .08).

Figure 2b shows the averaged RT for the six conditions. An
ANOVA of RT revealed a significant main effect of intention
(F [2, 54] = 5.264, p < .01, n? = 0.16). The post hoc analysis indicated
that the RTs were higher for ambiguous intention (1013 + 66 ms) than
for altruistic (895+39 ms; p = .083) and selfish (886 + 42 ms;
p = .063) intentions and the differences were marginally significant.
The difference in the RTs between altruistic and selfish intentions was
not significant (p = 1.00). Offer fairness had a significant main effect
on RT (F [1, 27] = 9.20, p < .01, n? = 0.25). The RTs were significantly
longer for the unfair condition (991 + 50 ms) than for the fair one
(871 = 46 ms). Additionally, the interaction of intention and fairness
was not significant (F [2, 54] = 0.45, p = .64, n*> = 0.02).

For the fairness rating, a two-way repeated-measures ANOVA
revealed significant main effects of both intentions (F [2, 54] = 51.46,
p <.001, n? = 0.66) and offer fairness (F [1, 27] = 125.68, p < .001,
n? = 0.82). A post hoc comparison indicated that fairness ratings were
significantly higher for altruistic intention (5.50 = 0.20) than for
ambiguous (4.05 + 0.15; p < .001) or selfish (3.62 £ 0.15; p < .001)
intentions, and there was a marginally significant difference in the fair-
ness ratings between ambiguous and selfish intentions (p = .052). Par-
ticipants gave a higher fairness rating for fair offers (5.79 + 0.18) than
for unfair offers (2.99 + 0.18). The interaction between intention and
offer fairness was also significant (F [2, 54] = 31.92, p <.001,
n? = 0.54). An analysis of simple effects revealed that when the offer
was fair, the fairness ratings were significantly higher for altruistic
intentions than for selfish or ambiguous intentions (both p < .01), and
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FIGURE 2 Behavioral results of the
experiment. (a) Acceptance rates,

(b) response times, (c) fairness ratings, and
(d) pleasantness ratings of the six offer
conditions. The error bars represent the

Unfair Fair Unfair Fair standard errors of the means.
RT = response time; * = p < .05;
mm Selfish Bl Altruistic Ambiguous ** =p<.01;** =p < .001.
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the difference in the fairness ratings between selfish and ambiguous
intentions was insignificant (p = 1.00). In contrast, when the offer was
unfair, the fairness ratings were significantly higher for altruistic inten-
tion than for selfish or ambiguous intentions (both p < .01). Moreover,
the fairness ratings were higher for ambiguous intention (2.46 + 0.21)
than for selfish intention (1.71 £ 0.15) when the offer was unfair
(Figure 2c).

For the pleasantness rating, a two-way repeated-measures
ANOVA revealed significant main effects of both intentions
(F [2, 54] = 46.04, p<.001, n?> = 0.63) and offer fairness
(F [1, 27] = 84.66, p < .001, n? = 0.76). A post hoc comparison indi-
cated that pleasantness ratings were significantly higher for altruistic
intention (5.36 + 0.20) than for ambiguous (3.85 + 0.16; p < .001) or
selfish intentions (3.48 + 0.18; p < .001). The difference in pleasant-
ness ratings between ambiguous and selfish intentions was marginally
significant (p = .054). The participants gave a higher pleasantness rat-
ing for fair offers (5.54 + 0.22) than for unfair offers (2.92 + 0.18). A
significant interaction effect was observed between intention and
fairness (F [2, 54] = 27.79, p < .001, n? = 0.48). The analysis of simple
effects revealed that when the offer was fair, the fairness ratings were
significantly higher for altruistic intentions than for selfish or ambigu-
ous intentions (both p < .01), though the difference between selfish
and ambiguous intentions was insignificant (p = 1.00). However, when
the offer was unfair, the pleasantness ratings were significantly higher
for altruistic intentions than for selfish or ambiguous intentions (both
p < .01). Moreover, the pleasantness ratings were higher for ambigu-
ous intention (2.34 + 0.21) than for selfish intention (1.79 +0.17)

when the offer was unfair (Figure 2d).

3.2 | Intention propensity
We used each participant's acceptance rate (AR) of unfair offers to
describe their intention propensity when the intention was ambigu-

ous. Intention propensity was calculated using the following formula:

Selfish
1.0

e
3
1

Intention propensity
o
o
L

(ARambiguous — ARaltruistic| — |[ARambiguous — ARselfish)
(ARambiguous — ARaltruistic| 4+ |ARambiguous — ARselfish)

We obtained an intention propensity index with values ranging from
—1 to 1 for 27 participants. One participant was excluded because he
rejected all unfair offers. When the ARs for ambiguous and altruistic
intentions are equal, the intention propensity index is —1, indicating a
complete propensity for altruistic intentions; when the acceptance
rates for ambiguous and selfish intentions are equal, the intention pro-
pensity index is 1, indicating a complete propensity for selfish inten-
tions. When the acceptance rate for ambiguous intentions equals the
average of those for altruistic and selfish intentions, the intention pro-
pensity index is O, indicating no tendency and a neutral state. Larger
absolute values of the intention propensity index indicate a more
obvious tendency. As shown in Figure 3, most participants have an

obvious tendency (absolute value >0.5).

3.3 | ERP waveforms

Figure 4a illustrates the grand-averaged ERP waveforms separately
for the average of the six experimental conditions at the midline elec-
trode sites. Based on the previous ERP studies on FRN and P3 (Ma
et al., 2015; Polezzi et al., 2008) and a visual inspection of ERP wave-
forms, we measured the FRN and P3 components in the 250-350 ms
and 350-550 ms time windows. As a traditional ERP analysis is not
the focus of this study, the results are reported in the Data S1.

3.4 | Results of the RSA

Figure 5a illustrates the RDM constructed from the behavioral data.
The RSA results revealed a significant correlation between the ERP data
and RT (Figure 5b; 432-592 ms after stimulus onset), with a peak at
528 ms (Fisher Z: 0.08) after stimulus onset. Channels that significantly

FIGURE 3 Intention propensity -0.54
indexes of each participant for ambiguous
intentions. 1 indicates a complete
propensity for selfish intentions, and — 1
-1.0-

indicates a complete propensity for
altruistic intentions.

Altruistic 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27
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FIGURE 4 Event-related potential (ERP) waveforms. (a) Grand-averaged ERP waveforms at midline electrode sites for intention presentation
and the topographic map of 596-812 ms window. (b) Grand-averaged ERP waveforms at midline electrode sites for offer presentation and the
topographic map of 432-592 ms window.
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Results of the representational similarity analysis. (a) The four behavioral dissimilarity matrices. AL_F, altruistic_fair; AL_U,

altruistic_unfair; AM_F, ambiguous_fair; AM_U, ambiguous_unfair; S_F, selfish_fair; S_U, selfish_unfair; (b) Similarity correlation between the four
types of behavioral data and the ERP data; (c) The topographies of similarity correlation for RT_neural correlation in the 432-592 ms time
windows; (d) Inferential comparisons of the four behavioral neural model representations. The upper and lower boundaries of the shaded region
represent the upper and lower noise ceilings. Thick lines represent a significant difference between two representational dissimilarity matrices
(RDMs), and the thin line represents a nonsignificant difference; RT = response time; * = p < .05.

exceeded the chance-level threshold in the permutation test were pri-
marily in the posterior parietal regions in the early stage and spread to
the prefrontal scalp in the late stage (Figure 5c). The noise ceiling analy-
sis showed that only RT_RDM reached the noise ceiling. RT showed a
high neural correlation and provided a greater level of explanation than
other types of behavioral data in 432-592 ms (Figure 5d).

3.5 | Results of inter-subject RSA

Figure 6a illustrates the inter-subject RDM constructed from the
behavioral data on ambiguous intention. The IS-RSA results revealed a
significant correlation between the ERP data and RT (Figure 6b; 596-
812 ms after intention onset), with a peak at 608 ms (Fisher Z: 0.24).
As shown in Figure 6c, the results of the topography show that elec-
trode sites in the prefrontal region have a greater effect on the simi-
larity between ERP data and behavioral data, especially in the left
prefrontal region. In addition, to verify whether there was greater
behavioral variability in subjects' RT in the ambiguous intention condi-
tion, we calculated the overall RT dissimilarity of the three intention
conditions. We first computed the average RT distance between each

pair of participants. After obtaining the distance between each pair of

participants, a pairwise subject-by-subject (28 x 28) inter-subject
behavioral dissimilarity matrix was obtained. Then we calculated the
average inter-subject dissimilarity of three discrete intentions to
examine the overall dissimilarity. The results revealed that the ambig-
uous condition produced a larger inter-subject dissimilarity (376 ms)
than selfish intention (240 ms) or altruistic intention (262 ms). This
indicated that the inter-individual variation is relatively large under

ambiguous conditions.

4 | DISCUSSION

In this study, we explored how individuals respond to offers from
others with different intentions and evaluated the time courses of
social decision-making in a UG. The behavioral results showed that
unfair offers with altruistic intention had the greatest ARs, fairness
ratings, and pleasantness ratings. Unfair offers with ambiguous inten-
tion had moderate acceptance rates, whereas those with selfish inten-
tion had the lowest. However, the RT was the longest for ambiguous
intention. The RSA of the ERP data showed that the ERP activity at
~430-590 ms after the offer presentation was significantly correlated

with the participants' RT.
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Our behavioral analysis revealed that indirect reciprocity-based
intention had an impact on participants' unfairness aversion. Altruistic
intentions not only increased the acceptance rate of unfair offers but
also changed the individual's perception of fairness and their emo-
tional experience of unfair offers. Previous studies have indicated that
people are more prone to accepting unfair offers because of direct
reciprocity to good intentions than to bad intentions (Falk et al., 2008;
Ma et al, 2015). Our results showed that when the responders
observed the proposer's selfish action (to keep the money for them-
selves), they were more likely to reject the unfair scheme. However,
when they observed the proposer's altruistic action (donating one's
own allotted money to charity to help others), they were more likely
to accept the same unfair offer, even if they only received a small
amount of money. This suggests that good intentions can reduce an
individual's resistance to unfair treatment. This finding is consistent
with the forecast of the intention-based reciprocity model. Altruistic
behavior can send signals of friendliness and generosity (Cronk, 2005;
Smith & Bliege Bird, 2005), and people reward intentions of altruism
even when they do not benefit them. These findings validate the pro-
found influence of intention on fairness and decision-making. They
also resonate with the intention-based reciprocity model of fair pro-
cessing, which suggests that people reward friendly behaviors and
punish unfriendly behaviors (Falk & Fischbacher, 2006; Guala, 2012).

The behavioral results also showed that for unfair offers, the
acceptance rates, fairness ratings, and pleasantness ratings of

ambiguous intention were intermediate between those of selfish and
altruistic intentions. In addition, the RT of ambiguous intentions was
longer than those of the other two intentions. Our findings do not
seem to support the notion of an outcome bias in intention inference,
as acceptance rates were significantly higher for unfair offers with
ambiguous intentions than for those with selfish intentions. This is in
line with the results of Friedrichsen et al. (2022), who also found no
evidence of an outcome bias in a reciprocating decision. We further
calculated each participant's intention propensity to unfair offers
based on the acceptance rates. The results showed that some partici-
pants tended to respond to ambiguous intentions as they would to
altruistic ones, whereas others tended to respond to ambiguous inten-
tions as they would to selfish ones (outcome bias). A majority of par-
ticipants showed an obvious tendency, indicating that there are
considerable individual differences in decision-making under the con-
ditions of ambiguous information. Previous studies have found that
several factors can influence decision-making with ambiguous infor-
mation. These factors include individual abilities such as knowledge,
experience, and skill components (Kahneman & Tversky, 1996), con-
trol (Goodie, 2003), as well as their anxiety level (Gu et al., 2010). This
may indicate that the effect of outcome bias in the process of inten-
tional reasoning is not pronounced and is more related to personal
traits. In addition, the RTs were longer for ambiguous intention than
for the other two intentions. Previous research has revealed that par-
ticipants take longer to respond when accumulating evidence than
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when they are provided with explicit information (Maksimenko
et al., 2021). Ambiguous intention provides insufficient information,
which makes the decision-making process more complicated and
time-consuming.

The RSA results revealed a significant connection between the
ERP data and behavioral data. In the UG, individuals make value
trade-offs to maximize their self-interest while also controlling the
negative feelings induced by unequal reward distribution (Li
et al., 2020). This study also takes the proposers' intentions into
account. Behavioral data may point to various facets of an individual's
neural processing. For example, individuals’ emotional responses to
unfair offers may be reflected in their ratings of fairness and pleasant-
ness. Researchers have previously been unable to fully identify and
characterize the mental processes revealed by specific ERP compo-
nents. We discovered that only RT data were strongly linked with
EEG data. RT is a conventional behavioral metric, and our long-term
objective is to connect it to the decision-making process itself. RT is
often associated with task difficulty and confidence ratings
(Baranski & Petrusic, 1998; Bell et al., 1982). More recently, it has also
been used to describe the process of evidence accumulation during
decision-making (Milosavljevic et al., 2010; Ratcliff & Smith, 2004;
Usher & McClelland, 2001). This is the first study to report evidence
showing that the evidence accumulation process for intention and
fairness takes place during 432-592 ms post-stimulus onset in the
parietal region. As predicted, this time window is close to that of the
P3 component (350-550 ms). This is consistent with previous
research on this subject. Philiastides et al. (2006) found that the evi-
dence accumulation process started after about 300 ms following the
visual perception process, and the processing time relied on the inten-
sity of the evidence. Mostert et al. (2015) established that people's
decision-making sensory processing occurs in the 130-320 ms
window after stimulus onset, but evidence accumulation for decision-
making takes longer. Some studies have also indicated that ERP
activity in a conventional P3 time window is responsive to information
accumulation (Darriba & Waszak, 2018; Kelly & O'Connell, 2013;
O'Connell et al., 2012). These findings indicate that participants may
have combined multiple pieces of information (such as fairness, inten-
tion, and amount of money, among others) to make a decision and
that the ERP activity reflects this evidence accumulation process
before making a final decision in a specific period (~432-592 ms).
This suggests that the differences in ERP activity in this time window
induced by different offers may reflect differences in evidence accu-
mulation processes rather than other psychological processes
(e.g., emotional arousal).

The spatial analysis indicated that the process of evidence accu-
mulation occurs mostly in the posterior parietal and prefrontal
regions. Several studies have demonstrated that the activities in these
regions are closely related to the evidence accumulation for percep-
tual decision-making (FitzGerald et al., 2015; Liu & Pleskac, 2011).
Pereira et al. (2021) recorded single-neuron activity in the posterior
parietal cortex of participants and proposed that these neurons are in

charge of evidence accumulation. Moreover, Lin et al. (2020)

suggested that evidence accumulation for value computation over
time was represented in the DLPFC. Our results indicate that the pos-
terior parietal and prefrontal regions are also related to the accumula-
tion of neurological evidence during social decision-making. However,
because of the diffuse and macroscopic character of scalp potentials,
inferences about the origin of the activity should be considered
speculative.

Interestingly, the IS-RSA results also revealed that greater inter-
subject dissimilarity in ERP activity within 596-812 ms elicited by
intention information was associated with a larger dissimilarity in deci-
sion times. Accurate comprehension of the intentions of others is
essential for efficient social interaction. Previous studies have shown
that ERP activity in frontal and parietal scalp regions during a later
time window (from 500-1000 ms) after experimental stimulus presen-
tation reflects specific cognitive processes for judging others' inten-
tions or beliefs (Geangu et al., 2013; Liu et al., 2009; McCleery
et al., 2011). McCleery et al. (2011) proposed that the difference in
ERP activity between 600 and 800 ms may reflect the differential
recruitment of executive processes for inhibitory control of intention.
Our results provide new evidence that brain activity between 596 and
812 ms in the prefrontal region plays an important role in processing
intention, and that this phase of ERP activity could predict subsequent
decision-making time. Previous studies have found that frontal corti-
cal regions integrate input information over a longer time window
than parietal regions and that the inactivation of the prefrontal region
allows rats to make decisions based only on the last few hundred milli-
seconds of accumulated evidence (Erlich et al., 2015). In our experi-
ments, participants perceived the proposer's intention first and made
the final decision in combination with the fairness of the subsequent
allocation scheme. Hence, the late ERP activity in frontal areas may
reflect the accumulation and storage of information about intentions
which can be later used to make decisions.

This study reports the first attempt at exploring the process of
fairness-related decision-making using the ERP-based RSA. Our study
provides several contributions. First, our data support the intention-
based reciprocity model rather than the predictions of the inequality
model. In previous intention-based decision-making studies,
researchers have tended to focus on the individual's behavioral
response to being treated with hostility or benevolence. Our study
extends the intention-based reciprocity model to a third-party per-
spective by finding that as people observe someone showing good
intentions towards a third-party individual, they will also show more
kindness towards that friendly person. This also reflects the reputa-
tion effect of altruistic behavior, in which altruistic intentions allow
individuals to gain a good reputation within a group, leading to imme-
diate or potential future rewards. Second, we used the spatiotemporal
RSA and IS-RSA methods to associate brain activity after intention
presentation and offer presentation with response time, which dem-
onstrates the time course of evidence accumulation in social decision
makings. Our findings can inspire researchers to conduct an extensive
RSA on EEG data to achieve a deeper comprehension of the brain

processes underlying human social behavior.
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5 | CONCLUSIONS

This study analyzed the impact of intention on unfairness aversion and
demonstrated that people's behaviors and emotions are altered by
intention. Compared to selfish and ambiguous intentions, altruistic
intentions reduced the participants’ unfairness aversion, resulting in
higher acceptance rates and a heightened sense of fairness and pleas-
antness even for unfair allocation proposals. Some individual differ-
ences were also apparent in the responses to ambiguous intentions.
Importantly, the RSA revealed that the ERP activity at 596-812 ms eli-
cited by intention information and at 430-590 ms following offer pre-
sentation represented response time differences, which perhaps reflect
the evidence accumulation process before social decision-making.
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