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Prosocial emotions predict
individual differences in economic
decision-making during ultimatum
game with dynamic reciprocal
contexts

Jaewon Kim, Su Hyun Bong, Dayoung Yoon & Bumseok Jeong™*

Social decision-making is known to be influenced by predictive emotions or the perceived reciprocity
of partners. However, the connection between emotion, decision-making, and contextual reciprocity
remains less understood. Moreover, arguments suggest that emotional experiences within a social
context can be better conceptualised as prosocial rather than basic emotions, necessitating the
inclusion of two social dimensions: focus, the degree of an emotion’s relevance to oneself or others,
and dominance, the degree to which one feels in control of an emotion. For better representation,
these dimensions should be considered alongside the interoceptive dimensions of valence and
arousal. In an ultimatum game involving fair, moderate, and unfair offers, this online study measured
the emotions of 476 participants using a multidimensional affective rating scale. Using unsupervised
classification algorithms, we identified individual differences in decisions and emotional experiences.
Certain individuals exhibited consistent levels of acceptance behaviours and emotions, while
reciprocal individuals’ acceptance behaviours and emotions followed external reward value structures.
Furthermore, individuals with distinct emotional responses to partners exhibited unique economic
responses to their emotions, with only the reciprocal group exhibiting sensitivity to dominance
prediction errors. The study illustrates a context-specific model capable of subtyping populations
engaged in social interaction and exhibiting heterogeneous mental states.

Keywo rds Prosocial emotions, Reciprocity, Social decision-making, Personality, Individual differences,
Social interaction

Multiple factors influence human decision-making. Neuroeconomic studies have consistently demonstrated that
punitive reactions increase as the perceived fairness of a partner decreases'~. This relationship finds support
in the reinforcement learning (RL) literature, wherein reward prediction error (PE) has been shown to predict
human decision-making*°.

Emotion is another important component of human decision-making. Empirical studies have indicated
the influence of predictive emotion on human decision-making®=®. Decision affect theory posits that humans
anticipate emotions prior to decision-making (predictive emotion). After a decision is made, actual experienced
emotions combine the outcome of decisions, counterfactual comparison to unchosen options, and the likelihood
of the outcome. Recently, the violation of expectations about emotions was found to impact human decision-
making'. These findings suggest that predictive emotions modulate the relationship between objective reward
value associated with options and actual decision-making.

Social decision-making is frequently investigated using an ultimatum game (UG). In a UG, a proposer makes
an offer to a responder who decides to accept or reject this offer. If accepted, both players receive the reward that
the proposer splits. If rejected, none of the players receive the reward. In this latter case, the responder engages
in what is termed altruistic punishment by exerting pressure on the proposer to behave cooperatively, despite
the potential cost this may impose on the responder!®.

Graduate School of Medical Science and Engineering, Korea Advanced Institute of Science and Technology (KAIST),
291, Daehak-Ro, Yuseong-Gu, Daejeon 34141, South Korea. "email: bs.jeong@kaist.ac.kr

Scientific Reports|  (2024) 14:11397 | https://doi.org/10.1038/s41598-024-62203-y nature portfolio


http://crossmark.crossref.org/dialog/?doi=10.1038/s41598-024-62203-y&domain=pdf

www.nature.com/scientificreports/

Studies using a UG task have shown that decision-making in a social context is respectively influenced by
perceived fairness'?, predictive emotions'®'2, and emotional feedback from partners'*~'*>. However, the com-
prehensive relationships between social decisions, emotions, reciprocity, and individual differences in those
relationships are still unknown.

Simultaneous ratings of affect during UG, referred to as dynamic affective representation mapping (dARM),
facilitate tracing momentary emotions during UG social decision-making. It has been suggested that emotional
experiences are context-dependent, with individual differences in emotional responses to reward PE and the
representation of each emotion criterion®.

Emotional experiences paired with social context can be better examined as prosocial emotions'®!” than
basic emotions'®. Basic emotions are represented by the two dimensions of valence and arousal’®. A modified
version of James-Lange theory of emotion suggests that these dimensions encode interoceptive information,
with hedonic valence information processed by the orbitofrontal cortex and arousal information processed by
the anterior insula?’. However, the adequacy of this two-dimensional (2D) affective representation for prosocial
emotions remains uncertain.

In the realm of emotional theory, the Jamesian perspective conceptualizes emotions as integrated bodily state
mappings. Concurrently, the somatic marker hypothesis suggests that interoception empowers individuals to
differentiate between self and non-self, thereby influencing intuitive decision-making and emotional biases?*?!.
Furthermore, The higher-order theory of emotion posits a convergent viewpoint, asserting that emotions are
inextricably intertwined with autobiographical information, encapsulated by the notion of “no self, no emotion™?.
Similarly, the theory of constructed emotions contends that emotions are socially generated constructs of affective
experiences, necessitating an understanding of their source and the elements of control®.

Hence, two other affective dimensions have been proposed for classifying prosocial emotions. Tangney et al.
leveraged the dimension of focus, which refers to the degree of an emotion’s relevance to oneself or others, to
classify nine prosocial emotions'’. Another dimension proposed was dominance, which is the degree to which
an emotion feels in or out of control to a person®.

Recognizing that social context can provoke prosocial emotions and that utilizing a two-dimensional affective
representation is insufficient, emotions in social context can be better explored using four dimensions: valence,
arousal, focus, and dominance. Whether these candidate features are appropriate for representing prosocial
emotions and subtyping individuals’ experiences of them should be explored®.

This study aims to establish a representation of individual emotional experiences and decision-making during
ultimatum game. We hypothesised that individuals could be clustered into subpopulations according to their
distinct trajectories of UG social decision-making, as measured by the binary decision of accepting monetary
rewards. Furthermore, emotional experiences during UG social decision-making were represented by valence,
arousal, focus, and dominance. By clustering multidimensional emotion experiences during UG, we examined
the utility of these dimensions in subtyping populations based on the trajectory of emotions. Finally, we examined
the differential relationship between emotional experience and UG social decision-making among subtypes. It
is suggested that hierarchical account that assumes homogeneity of parameters in subpopulation, can identify
individual differences in cognition and behaviours®. Utilizing the emotion subpopulation as group label, we
illustrate a hierarchical model of emotion and social decision-making that can aid in identifying and predicting
individual social decisions influenced by emotions.

Methods

Ethics statement

This study was reviewed and approved by the Korea Advanced Institute of Science and Technology (KAIST)
Institutional Review Board, Assurance # KH2021-084. In compliance with the guidelines set forth by the KAIST
IRB, under protocol # KH2021-084, all participants provided their informed consent. The study adhered to the
editorial and publishing policies of Scientific Reports regarding research involving human participants and
identifying information, as well as the Declaration of Helsinki.

Participants
For this exploratory study, we determined the target sample size of 500 participants using a heuristic approach.
This exceeded the sample size of the previous study'® and reflects a deliberate yet flexible estimation rather than
derivation from traditional statistical power analyses. This decision underscores our intent to prioritize broad
investigation over precise effect size predictions, aligning with the exploratory objectives of this study. A power
analysis was conducted post-experiment, and the detailed information is provided in the supplementary material.
A total of 636 participants were initially recruited through Prolific, an online psychological experiment
platform (URL: https://www.prolific.co/). Among them, 89 returned before completing the emotion classifica-
tion task (ECT), and 51 did not complete all experiments. Further, 19 participants retracted their consent upon
completing the task, and one participant did not provide consent. Thus, 476 participants were considered for
the subsequent analyses. In the pre-screening phase, 113 individuals consented to the use of their demographic
data but opted not to participate in the main study. Therefore, demographic information for 523 participants
was de-identified and analysed in compliance with Prolific’s regulations (Table 1). Nationalities were classified
into regions according to Standard Country or Area Codes for Statistical Use (M49)%.

Experimental design
The participants engaged in an in-house computerised cognitive task comprising three stages: ECT, dARM with
UG, and clinical rating questionnaires. The task design was based on that of Heffner, Son, and FeldmanHall
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Number of participants N=523
Age (N=523) 32.0 (10.0)
Gender (N=521)

Man 259 (49.7%)
Woman 248 (47.6%)
Non-binary 14 (2.7%)
Education (N=521)

Doctoral 11 (2.1%)
Master 122 (23.4%)
Bachelor 192 (36.8%)
College 55 (10.6%)
High school 113 (21.7%)
Etc 28 (5.4%)
Ethnicity (N=523)

White 287 (54.9%)
Black 137 (26.2%)
Asian 22 (4.2%)
Other 29 (5.5%)
Mixed 48 (9.2%)
Relationship (N=514)

Seeing/engaged 206 (40.1%)
Single 172 (33.5%)
Married/civil partner 120 (23.3%)
Separated/divorced/widowed/etc 16 (3.1%)
Employment (N =520)

Full-time 297 (57.1%)
Part-time 85 (16.4%)
Unemployed 73 (14.0%)
Not in paid work 26 (5.0%)
Due to starting a new job 8 (1.5%)
Etc 31 (6.0%)
History of mental health condition or illness (N =523) 106 (20.3%)
History of long-term health condition or disability (N=523) 106 (20.3%)
Regions (N'=523)

Europe 243 (46.5%)
Africa 168 (32.1%)
America 83 (15.9%)
Oceania 22 (4.2%)
Asia 7 (1.3%)

Table 1. Demographic summary of participants. Values are in either mean (SD) or number of participants
(%).

(2021)'°, Heffner, FeldmanHall (2022)'? and utilised open-source PsychoPy programs that were modified by the
authors?®? (Fig. 1). Details of experimental procedures are provided in the Supplementary Text.

Emotion classification task

At the beginning of the experiment, the participants rated 18 different discrete emotions using valence, arousal,
focus, and dominance (Fig. 1A). Nine basic and prosocial emotions were considered to be of interest. Eight basic
emotions, except for fear, were selected from the octant of emotion classification plots for enhanced separation'®
Fear was also included, as five labels overlapped with six basic emotions'®. The nine prosocial emotions were
sourced from Tangney, Stuewig, and Mashek!” (Supplementary Table S1).

Because the input format could have influenced the responses, valence and arousal were acquired using a
traditional 2D affect grid with 501 x 501 resolution. This grid had horizontal and vertical valence and arousal
axes, respectively. Focus and dominance were obtained separately using individual 9-point Likert scales, ranging
from — 4 (completely toward others) to +4 (completely toward myself) for focus, and from — 4 (completely out of
control) to +4 (completely in control) for dominance. The definitions of each affective dimension and emotion
label were explained before the experiment.
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Figure 1. Diagrams of experimental procedures. (a) During the ECT, the participants rate basic and prosocial
emotions using affective dimensions. (b) Within each trial, participants sequentially experience four phases: (1)
forming expectations about the proposer’s offer and anticipating their emotional reaction to it, (2) receiving the
actual offer from the proposer, (3) rating the emotions they experience upon receiving the offer, and (4) making
a decision to accept or reject the proposer’s offer. (c) Conceptual diagram of each affective dimension and its
gradient. (d) Rewards are drawn from pseudorandomised values corresponding to three different fairness levels
represented by colored boxes. Examples of potential response trajectories are indicated using dashed lines.

Dynamical affective representation mapping with ultimatum game
The participants underwent 30 trials of the one-shot UG as responders. The trials were divided into three blocks
of 10 trials, each with different levels of fairness: unfair (mean offer $0.9), moderate (mean offer $2.8), and fair
(mean offer $4.9) blocks with a range of offers $0-7. The rewards in each block were pseudorandomised values
with a standard deviation of 1.0. Blocks were presented in a random order. The participants were instructed
that they would interact with a new person in each trial and that the blocks represented distinct groups. Unique
human-like figures were presented for each block. The earned credits were provided to participants in cents
($1.00=1 cent). Because clustering algorithms could not handle missing values, a predictive mean matching
algorithm was used to impute the missing values in rewards and affective dimensions using R’s mice() package.
The choice of predictive mean matching was because of its robustness against misspecification of the imputa-
tion model. Analyses were performed after realigning the randomised blocks in an ascending order of fairness.
At the beginning of each trial, the participants were asked to respond with expected rewards (range of 0-9)
and the affective dimension they would feel if given the expected amount (Fig. 1B). Subsequently, the offers
were given to the participants. After being presented with the offer, the participants rated their current affective
dimensions and decided to accept or reject it. The effect of fairness order on the overall acceptance proportion
(Paccept) Was tested using ordinary least squares regression.

Clinical ratings questionnaires

Upon completing dARM with UG, the participants rated their level of depression (Patient Health Questionnaire
9, PHQ-9)™, anxiety (Generalised Anxiety Disorder 7, GAD-7)*, state anxiety (State-Trait Anxiety Inventory,
STAI-X-1)*?, emotion regulation (Emotion Regulation Questionnaire, ERQ)**, and shame and guilt (Personal
Feelings Questionnaire 2, PFQ-2)** (Supplementary Table S2). Missing values in clinical ratings were imputed
with the average of each participant’s valid responses. The participants’ mean scores of depression, anxiety, and
state anxiety corresponded to moderately severe, moderate, and moderate levels, respectively.

Unsupervised clustering of reward acceptance and experienced emotions
K-means clustering was applied to the entire time series of participants’ expected reward and reward acceptance.
Considering the total within the sum of squares values, K =4 was selected (Supplementary Figs. S1-2).

Simple partitional clustering algorithms were inapplicable because the data of the expected and experi-
enced emotions was multidimensional and changed over time. We classified the emotion time series by apply-
ing t-distributed stochastic neighbor embedding (t-SNE) on the bottleneck layer output of the autoencoder
using TensorFlow?>*. Similar to reward, four clusters were identified (see Supplementary Figs. $3-4). One-way
ANOVA and post hoc Tukey HSD tests were applied to compare the expected and experienced emotions between
groups (Supplementary Table S3).
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Embedding reward acceptance trajectory onto experienced emotion state space

Uniform manifold approximation and projection (UMAP), a dimensionality reduction algorithm, was applied
to the time series of expected and experienced emotions*. Subsequently, kernel density estimation plots were
separately visualised for each emotion group using Python’s matplotlib and seaborn packages. Consequently, the
clustering of subjective emotion experiences based on individual emotion trajectories was observed.

Owing to the similarity in the temporal behaviour of reward acceptance and emotional experience, we tested
whether the two variables exhibited a nested structure. To that end, we plotted the reward acceptance trajec-
tory group along the UMAP emotion experience state space. If external reward values can substitute emotion,
embedding reward acceptance trajectory along the state space of emotion experience would be identical to the
emotion experience embedding results. If emotion experience exhibits independent variance that the reward
acceptance trajectory cannot explain, the embedding results would be divergent.

Generalised linear mixed model to predict social decision-making

To replicate the results of Heffner, Son, and FeldmanHall'® and compare the predictive ability of our novel mul-
tidimensional dynamic ARM measure with that of a traditional affect grid, a generalised linear mixed model
(GLMM) was applied to the participants’ decision for each trial as a dependent variable. PEs for reward, valence,
arousal, focus, and dominance were used as predictors, with participants as the grouping variables. This design
was adopted from previous work and facilitated the distinguishing between the contributions of reward and
emotion PEs during UG social interactions (Eq. 1). The models were nested based on the magnitude of Akaike
Information Criteria (AIC) value reduction and compared using AIC for predictive accuracy®® (Supplementary
Table S4). The significance of model comparisons was tested via likelihood ratio tests. The beta coefficients for
each predictor in the winning models were evaluated to test the significance of contributions from each PE term
through proportional Z-tests.

Mb>5a : Decision ~ Reward PE + Valence PE + Arousal PE + Focus PE + Dominance PE | participants . ..
(1

Results
K-means clustering algorithm to detect individual differences in social decision-making based
on increasing offer fairness
Ordinary least squares regression revealed no significant influence of fairness order on acceptance propor-
tion (Pyceepy)- Participant clustering based on their trajectories of reward acceptance resulted in solutions where
cluster centroids exhibited three distinct stationary trajectories characterised by consistently low, middle, and
high values, along with a unique dynamic trajectory aligning with the actual reward (Fig. 2). We named these
clusters as non-cooperative (NON), indifferent (IND), rational (RAT), and reciprocal (REC) groups, respectively.
The mean acceptance ratios for each reward acceptance group were 0.18 (NON, N =130), 0.58 (IND, N=105),
0.83 (RAT, N=165), and 0.48 (REC, N=76). A one-way ANOVA indicated significant differences in p,..,; among
reward acceptance groups (F=36.37, p<0.001). A post hoc TukeyHSD test confirmed significant differences
between all group pairs except for the IND-REC comparison (Supplementary Table S5). Thus, the clusters
exhibited distinct temporal patterns and an estimated decision-making summary.

Autoencoder neural network classifier identification of central tendency of emotions based on
proposer’s offer among individuals

Leveraging an autoencoder neural network classifier, we identified individual differences in emotional responses
to the proposer’s offer (Fig. 3). Participants’ emotional experiences were classified into four clusters, which exhib-
ited behaviours similar to those of reward acceptance clustering; that is, three groups experienced consistently
low, intermediate, and high emotions and one group whose emotion trajectory was chasing the reward structure.
Participants experienced a limited range of arousal, unlike the other three affect dimensions.

Embedding the reward acceptance trajectory along the reduced state space of emotion experience indicated
alignment with and dispersion from the spatial representation of emotion experience groups. The stationary
reward groups (NON, IND, RAT in Fig. 4) occupied regions similar to that of the matched emotion groups,
whereas the dynamic groups (REC in Fig. 4) exhibited similar patterns of more dispersed spatial representations
that spanned the entire range of the UMAP emotion space.

Emotion PEs with prosocial dimensions and reward PE predict UG decisions

GLMM results revealed that model M5a, which incorporated all emotion and reward PEs, explained the par-
ticipants’ responses significantly better than the other models with simpler structures. A likelihood ratio test
indicated significant improvement in the explanatory power when the reward, dominance, focus, and arousal
PEs were sequentially added to the valence PE (y*(4) =495.83, P <0.001, y*(5) =350.57, P <0.001, *(6) =131.75,
P<0.001, and 4(7) =89.37, P<0.001).

Estimation of the beta coefficient of each predictor showed that the participants rejected more often when
they received a smaller reward and felt less pleased and less in control than expected (Table 2). The valence PE
outperformed all other PEs, including the reward PE. The dominance PE indicated a relatively small contribu-
tion. Thus, the participants adjusted their decisions most significantly when they experienced greater unexpected
(dis)pleasure. Their adjustments were less pronounced in response to reward PE and least pronounced after
dominance PE, respectively. PEs along the arousal and focus dimensions did not influence decisions.

The predictors of the model did not show high intra-individual-level correlations (Supplementary Table S6),
and their variance inflation factor (VIF) statistics indicated low collinearity with one another (Supplementary
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Figure 2. Individual differences in the trajectory of UG social decision-making. Cluster centroids are plotted
for each cluster owing to the application of k-means on participants’ acceptance of a given reward. NON non-
cooperative group, IND indifferent group, REC reciprocal group, RAT rational group.

Table S7). These results support the reliability of the relationship between the reward PE, emotion PEs, and the
participants’ social decisions.

Individuals differed in their economic responses to predictive emotions.

Individuals experienced different emotional trajectories in response to identical external rewards. Further, par-
ticipants” sensitivity to predictive emotions in social decision-making was unique in each affective dimension.
Consequently, we investigated whether individuals with different emotional trajectories exhibited unique rela-
tionships between predictive emotions and UG social decision-making.

Each emotion experience group was subjected to GLMM analysis. Beta coefficient profiles for each emotion
group confirmed individual differences in sensitivity to predictive emotions during UG social decision-making
(Table 3). The non-cooperative individuals responded only to valence PE, whereas the rational individuals
changed their decisions in response to reward PE. The indifferent group responded either to reward PE or
valence PE. Participants in the reciprocal group changed their decisions in response to reward PE, valence PE,
and dominance PE. The contributions of the focus and arousal PEs to the social decision were insignificant in
any group. The predictive ability of the winning models was generally good, with all area under the curve (AUC)
values exceeding 0.9 (Supplementary Fig. S8).

Discussion

Using unsupervised classification algorithms, we identified individual differences in the trajectory of social deci-
sions and emotional responses to monetary rewards. Affective representation incorporating prosocial dimensions
enabled the identification of individual differences and improved the explanatory power of GLMM models in
predicting participants’ decisions. Specifically, prediction errors of dominance, valence, and reward dimensions
positively predicted the recipients’ decision to accept. Subgroup analyses confirmed the dominance dimension’s
utility, as individuals who showed different emotional responses to identical monetary rewards exhibited distinct
economic responses to emotional experiences.

Participant decisions and emotional experiences were paired with the proposer’s offers within the same
trial. Consequently, a comprehensive linkage was established between individual social decision-making, the
contextual reciprocity to which the individual belongs, and an individual’s emotional response to the reciprocal
atmosphere.

Previous studies reported a positive relationship between perceived reciprocity about a partner and the
decision to maintain favourable interaction"***%, The subjective sense of reciprocity, which was embodied as a
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Figure 3. Context-dependent emotion experiences during UG social decision-making. Cluster centroids of
emotions are plotted for each cluster using the autoencoder classifier. Each colored line represents one of the
four groups. Groups of the same colour across (a—d) represent the same groups. NON non-cooperative group,
IND indifferent group, REC reciprocal group, RAT rational group.

reward PE, has been extensively studied for its contribution to associative learning“'S’“’“. Furthermore, antici-
patory emotions®® and expectation violations'®!? influence human decision-making within the social context.

To our knowledge, the generalization of partial relationships to establish a comprehensive link that spans the
entirety of emotion-decision-reciprocity remains unexplored. DARM facilitates the investigation of momentary
emotions during social decision-making processes. While Heffner, Son, and FeldmanHall attempted to establish
the average trajectory of emotion after making specific decisions, their analyses did not consider emotion vari-
ability according to different levels of perceived reciprocity.

By clustering individuals based on the trajectory of economic decisions and emotional experiences in the
face of variable offer levels, we showed that social context sharing equivalent reciprocity can result in divergent
economic decisions and emotional experiences. Whether our clustering result based on shared reciprocal con-
text can be generalised to context-independent cases remains debatable. Consequently, future studies should be
conducted that modify the task so that the proposer’s offers are not identical across participants.

In our study, the valence, dominance, and reward PEs influenced social decisions, whereas the arousal and
focus PEs did not. This observation aligned with the findings presented in Heffner, Son, and FeldmanHall'’,
where the valence PE had a more pronounced effect than the reward and arousal PEs.

The arousal PE had a nonsignificant influence on participant choices. Literatures on interoception and
decision-making consistently indicates that physiological arousal positively predicts non-social decision-mak-
ing?"**%, During social interaction, higher interoceptive accuracy during heartbeat counting tasks strengthened
coupling between anticipatory physiological arousal and UG decision making*®, stabilized UG decision making
through improved emotion regulation*’. Heightened interoceptive awareness resulting from mindful meditation
led to increased UG acceptance behaviours*® and moral behaviours during the temptation to lie card game®.

We interpreted our findings to support the claim that the impact of emotion PEs was contingent on the
context'’. In the previous study, participants at risk of depression exhibited a weakened relationship between
the emotion PE and punitive behaviours. As our sample participants” average depression (PHQ-9) scores cor-
responded to a moderately severe level, the nonsignificant contribution of arousal PE was consistent with previ-
ous reports.

Furthermore, we exemplified the usefulness of representing emotions using additional affective dimensions of
social nature in classifying individuals and predicting their monetary decisions. These dimensions were adopted
based on social psychology literature. As a two-dimensional affect grid that only incorporates interoceptive
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Figure 4. Reward and emotion resemble but are also distinct. The trajectories of experienced emotions were
reduced to two components using UMAP. Kernel density estimation was plotted for (a) experienced emotion
groups and (b) reward acceptance groups. Notably, each reward acceptance group occupied a region similar
to that of the corresponding emotion group. The same parameters were applied for (a) and (b), including grid
size =600, levels =5, thresh =0.3, and alpha=0.8. NON non-cooperative group, IND indifferent group, REC
reciprocal group, RAT rational group.

Intercept 1.31 (0.12) 10.65 <0.001
Reward PE 0.60 (0.06) 9.49 <0.001
Valence PE 0.91 (0.09) 10.12 <0.001
Arousal PE —0.01 (0.06) -0.18 0.856
Focus PE 0.11 (0.08) 1.41 0.159
Dominance PE 0.21 (0.07) 2.81 0.005

Table 2. Prediction errors on reward, valence, and dominance as predictors of decisions to accept offers
during UG. PE terms are calculated by subtracting the expected value from the experienced values (e.g.,
Reward PE =experienced reward — expected reward). All variables were scaled but not mean-cantered. The
model includes participant-specific random intercepts and slopes for reward and emotion PEs. This analysis
comprised 14,280 observations from 476 participants. Bobyqa optimiser was utilised.

NON (n=115) 0.31 0.15 1.40%%* -0.01 0.18 0.18
IND (n=147) 0.85%** 0.69*** 0.74*** -0.15 -0.15 0.15
REC (n=102) 2.48%%* 1.00* 13100 -0.11 0.16 0.39*
RAT (n=112) 2.01%%* 0.89*** 0.21 0.08 0.10 0.19
All (n=476) 1310 0.60*** 0.91*** -0.01 0.11 0.21**

Table 3. Summary of GLMM coefficients for each experienced emotion group. NON non-cooperative group,
IND indifferent group, REC reciprocal group, RAT rational group. *p <0.05, **p<0.01, ***p <0.001.
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dimensions of valence and arousal has been widely used, multidimensional affective representation capturing
social variance has been rarely explored. Adopting reward PE and all four affective dimensions significantly
improved the explanatory power of GLMM models.

We also identified individuals who showed distinct trajectories of emotional experiences and differential
weights of emotions on economic decisions. The non-cooperative participants were more likely to reject offers
when their level of pleasure did not meet their expectations. Given a consistently low valence and other affec-
tive dimensions, this group may be in a state of negative, deactivated emotion, preventing them from adjusting
interactions with partners until experiencing a relief of current displeasure. Moreover, reward PE had a nonsig-
nificant contribution to responder choices. Hence, to change this group’s UG behaviour, interventions should
focus more on how pleased they feel rather than optimizing the reward.

The rational group increased punishment only for unexpectedly low offers. Thus, this group’s behaviour was
influenced solely by economic rationality without being swayed by their emotion about their partners. Notably,
this group also exhibited consistently high level of emotions and the highest average scores in state anxiety,
emotion regulation, and shame-proneness (Supplementary Table S8). A possible explanation is that they more
actively regulated their emotions and were more attuned to discrepancies between their self-image and moral
standards. Considering previous reports that meditation and improved emotion regulation predicts increased
UG acceptance behaviours**® and altruistic behaviours®, these cognitive efforts might be required to maintain
their positive emotional state.

The indifferent group showed a more complex relationship. They rejected more often when they were either
less pleased or less rewarded than expected. This relationship was also the weakest of all groups (Table 3). Con-
sidering relatively neutral values of emotions during the task, this group may have been in a state of emotional
detachment from their partners.

The group with the most complex emotion trajectory (REC group) also exhibited the most complex rela-
tionship between emotion PEs and social decisions. While their affective trajectories followed the variation of
the proposer’s offers, the GLMM results suggested they changed their actions considering their emotional state
independently of the reward PE. It is believed that fairness sensitivity is a distinctive trait of human nature>®"!
and has a bidirectional impact on predictive emotions®. We think that the reciprocal group’s GLMM results
gives support in such thinking.

Appropriate feature selection is important to tackle the heterogeneity problem of mental states by identifying
subset populations®. Psychiatric classification models, including the Diagnostic and Statistical Manual of Mental
Disorders 5 (DSM-5), are established based on case—control studies. They assume homogeneity among disease
populations, which is not supported by empirical evidence®-.

Notably, different emotional clusters identified in this study did not differ in their level of psychopathology
ratings, except for rational groups, which also exhibited an equivalent level of depression and generalised anxiety
to other groups (Supplementary Table S8). A comparison of acceptance behaviours and credits earned between
participants with different levels of psychopathology scores also failed to reach significance (Supplementary
Table S9). Our results support the claim that psychiatric diagnosis models are underspecified®. These variables
can significantly vary independently of individuals’ severity of psychopathology. Hence, we suggest the need
for a more context-specific model of human behaviours and emotional experiences. Affective representation
adopting prosocial dimensions is a potential candidate.

The dominance dimension also appears promising for transdiagnostic phenotyping of individuals, as only
the reciprocal group reacted to the dominance PE and changed their behaviours. Using the unsupervised clas-
sification algorithm implies that these are inherent subsets of participants. Participants were provided with clear
definitions of affective dimensions and each emotion, thus eliminating the possibility of misinterpretation. We
believe prosocial dimensions are necessary for the affective representation of emotions although their sufficiency
remains to be explored.

Subgroup GLMM analyses for the relationship between emotion PEs and social decision-making suggest
that each group reacted differently to monetary rewards and affective interventions. Thus, behavioural tasks can
be individualised to influence participants’ social interactions in a disciplined manner based on their emotional
characteristics. However, whether these group labels represent fluctuating affective states or more stable affective
traits remains unclear. Repeated measurements are required for this inquiry®.

UMAP embedding results also showed a significant overlap between reward acceptance and emotion experi-
ence in the state space of reduced dimensions. Thus, the similarity between the temporal behaviours of social
decisions and emotional experiences carried over to the manifold (Fig. 4). Although emotions were closely
associated with rewards, they were not merely internal proxies for external reward experiences, thus supporting
the conclusions presented in Heffner, Son, and FeldmanHall*°.

Our study had several limitations. First, our task design used a conscious recollection of emotional experi-
ences, excluding behavioural and physiological responses from the analyses. Notably, all emotion groups expe-
rienced a narrow range of arousal centred around the zero point. The task should be modified to contain more
physiologically arousing inputs. Second, the use of pseudorandomised reward trajectory and distinct relation-
ships between reciprocity, emotion, and social decisions necessitates further investigations under a divergent
reciprocity context. Third, verification of participants’ self-reported characteristics and level of engagement was
challenging due to the use of online recruitment methods. We believe that the universality of emotional experi-
ences and concerns regarding the heterogeneity problem in psychiatry partially offsets the limitations of using
an online platform. Fourth, the study was not pre-registered due to the exploratory nature of our findings. Fifth,
momentary emotion labels can be predicted from social decision trajectories to predict prosocial behaviours
further. Relationships between each prosocial emotion category and participants’ social decisions are of signifi-
cant interest to psychological science researchers and the general audience. Sixth, the study assumed a one-way
influence from reciprocity to social decisions mediated via emotional experiences, excluding the behavioural
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influences on participants’ emotions. Finally, we could not replicate the reported influence that preceding trials’
decisions have on subsequent trials'®.

Conclusions

In this study, we established a comprehensive link between predictive emotions, social decision-making, and
perceived reciprocity of a partner by adopting prosocial affective dimensions. We also proposed a novel, data-
driven classification algorithm to identify individuals with distinct economic decision-making and emotional
experiences. Affective dimensions capturing aspects of social interaction aided both the classification and predic-
tion problems of human behaviour and emotion. Further studies adopting more physiologically arousing stimuli
and individual-specific reciprocity are warranted.

Data availability

All data and analysis scripts supporting the findings of this study are currently available at https://github.com/
NarlKim/edr_review. For requests pertaining to the study’s data and analysis scripts, readers are kindly invited
to contact jwk1921 at kaist.ac.kr.

Received: 26 February 2024; Accepted: 14 May 2024
Published online: 18 May 2024

References
1. Thaler, R. H. Anomalies: The ultimatum game. J. Econ. Perspect. 2, 195-206 (1988).
2. Bowles, S. & Gintis, H. Prosocial emotions. In The Economy as an Evolving Complex System III: Current Perspectives and Future
Directions 339-364 (Oxford University, 2005).
3. Yang, Y. & Konrath, S. A systematic review and meta-analysis of the relationship between economic inequality and prosocial
behaviour. Nat. Hum. Behav. 7, 1899-1916 (2023).
4. Sutton, R. S. & Barto, A. G. Reinforcement Learning: An Introduction (MIT, 2018).
5. Pessiglione, M., Seymour, B., Flandin, G., Dolan, R. J. & Frith, C. D. Dopamine-dependent prediction errors underpin reward-
seeking behaviour in humans. Nature 442, 1042-1045 (2006).
6. Bechara, A., Damasio, H., Tranel, D. & Damasio, A. R. Deciding advantageously before knowing the advantageous strategy. Science
275, 1293-1295 (1997).
7. Richard, R., Van Der Pligt, J. & De Vries, N. Anticipated affect and behavioral choice. Basic Appl. Soc. Psychol. 18, 111-129 (1996).
8. Mellers, B. A. & McGraw, A. P. Anticipated emotions as guides to choice. Curr. Dir. Psychol. Sci. 10, 210-214 (2001).
9. Phelps, E. A., Lempert, K. M. & Sokol-Hessner, P. Emotion and decision making: Multiple modulatory neural circuits. Annu. Rev.
Neurosci. 37, 263-287 (2014).
10. Heffner, J., Son, J. Y. & FeldmanHall, O. Emotion prediction errors guide socially adaptive behaviour. Nat. Hum. Behav. 5, 1391-
1401 (2021).
11. Fehr, E. & Gichter, S. Altruistic punishment in humans. Nature 415, 137-140 (2002).
12. Heffner, J. & FeldmanHall, O. A probabilistic map of emotional experiences during competitive social interactions. Nat. Commun.
13,1718 (2022).
13. Mussel, P, Hewig, J. & Weif3, M. The reward-like nature of social cues that indicate successful altruistic punishment. Psychophysiol-
0gy 55, €13093 (2018).
14. Weif}, M. et al. How depressive symptoms and fear of negative evaluation affect feedback evaluation in social decision-making. J.
Affect. Disord. Rep. 1, 100004 (2020).
15. Mussel, P., Weif3, M., Rodrigues, J., Heekeren, H. & Hewig, J. Neural correlates of successful costly punishment in the Ultimatum
game on a trial-by-trial basis. Soc. Cogn. Affect. Neurosci. 17, 590-597 (2022).
16. Lewis, H. B. Shame and guilt in neurosis. Psychoanal. Rev. 58, 419-438 (1971).
17. Tangney, J. P, Stuewig, J. & Mashek, D. ]. Moral emotions and moral behavior. Annu. Rev. Psychol. 58, 345-372 (2007).
18. Ekman, P. An argument for basic emotions. Cogn. Emot. 6, 169-200 (1992).
19. Russell, J. A., Weiss, A. & Mendelsohn, G. A. Affect grid: A single-item scale of pleasure and arousal. J. Pers. Soc. Psychol. 57,
493-502 (1989).
20. Craig, A. D. How do you feel? Interoception: The sense of the physiological condition of the body. Nat. Rev. Neurosci. 3(8), 655-666
(2002).
21. Dunn, B. D. et al. Listening to your heart: How interoception shapes emotion experience and intuitive decision making. Psychol.
Sci. 21(12), 1835-1844 (2010).
22. LeDoux, J. E. & Brown, R. A higher-order theory of emotional consciousness. Proc. Natl Acad. Sci. U. S. A. 114, E2016-E2025
(2017).
23. Barrett, L. E How Emotions are Made: The Secret Life of the Brain (Mariner Books, 2017).
24. Russell, J. A. & Mehrabian, A. Evidence for a three-factor theory of emotions. J. Res. Pers. 11, 273-294 (1977).
25. Feczko, E. et al. The heterogeneity problem: Approaches to identify psychiatric subtypes. Trends Cogn. Sci. 23, 584-601 (2019).
26. Farrell, S. & Lewandowsky, S. Computational Modeling of Cognition and Behavior (Cambridge University, 2018).
27. United Nations. Standard Country or Area Codes for Statistical Use (1996).
28. Peirce, J. W. PsychoPy—Psychophysics software in Python. J. Neurosci. Methods 162, 8-13 (2007).
29. Paul, K. A novel collaborative approach for EEG personality neuroscience research. CoScience.net (2020).
30. Kroenke, K., Spitzer, R. L. & Williams, J. B. The PHQ-9: Validity of a brief depression severity measure. J. Gen. Intern. Med. 16,
606-613 (2001).
31. Spitzer, R. L., Kroenke, K., Williams, J. B. & Lowe, B. A brief measure for assessing generalized anxiety disorder: The GAD-7. Arch.
Intern. Med. 166, 1092-1097 (2006).
32. Spielberger, C. D. et al. The state-trait anxiety inventory. Rev. Interamericana Psicol. Interam. J. Psychol. 5(3 & 4) (1971).
33. Gross, J. ]. & John, O. P. Individual differences in two emotion regulation processes: Implications for affect, relationships, and
well-being. J. Pers. Soc. Psychol. 85, 348-362 (2003).
34. Harder, D. W. & Lewis, S. J. The assessment of shame and guilt. In Advances in Personality Assessment 89-114 (Routledge, 2013).
35. Géron, A. Hands-On Machine Learning with Scikit-Learn, Keras, and TensorFlow (O’Reilly Media Inc, 2019).
36. Van der Maaten, L. & Hinton, G. Visualizing data using t-SNE. J. Mach. Learn. Res. 9 (2008).
37. Mclnnes, L., Healy, J. & Melville, J. Umap: Uniform Manifold Approximation and Projection for Dimension Reduction. arXiv preprint
arXiv:1802.03426 (2018).
38. Aho, K,, Derryberry, D. & Peterson, T. Model selection for ecologists: The worldviews of AIC and BIC. Ecology 95, 631-636 (2014).
39. King-Casas, B. et al. Getting to know you: Reputation and trust in a two-person economic exchange. Science 308, 78-83 (2005).

Scientific Reports |

(2024) 14:11397 | https://doi.org/10.1038/s41598-024-62203-y nature portfolio


https://github.com/NarlKim/edr_review
https://github.com/NarlKim/edr_review
http://arxiv.org/abs/1802.03426

www.nature.com/scientificreports/

40. King-Casas, B. et al. The rupture and repair of cooperation in borderline personality disorder. Science 321, 806-810 (2008).

41. Burke, C. ., Tobler, P. N., Baddeley, M. & Schultz, W. Neural mechanisms of observational learning. Proc. Natl. Acad. Sci. U. S. A.
107, 14431-14436 (2010).

42. Cooper, J. C., Dunne, S., Furey, T. & O’Doherty, J. P. Human dorsal striatum encodes prediction errors during observational learn-
ing of instrumental actions. J. Cogn. Neurosci. 24, 106-118 (2012).

43. Behrens, T. E., Hunt, L. T., Woolrich, M. W. & Rushworth, M. F. Associative learning of social value. Nature 456, 245-249 (2008).

44. FeldmanHall, O. et al. Emotion and decision-making under uncertainty: Physiological arousal predicts increased gambling during
ambiguity but not risk. J. Exp. Psychol.-Gen. 145(10), 1255 (2016).

45. Herman, A. M., Esposito, G. & Tsakiris, M. Body in the face of uncertainty: The role of autonomic arousal and interoception in
decision-making under risk and ambiguity. Psychophysiology. 58(8), e13840 (2021).

46. Dunn, B. D. et al. Gut feelings and the reaction to perceived inequity: The interplay between bodily responses, regulation, and
perception shapes the rejection of unfair offers on the ultimatum game. Cogn. Affect. Behav. Neurosci. 12, 419-429 (2012).

47. Van't Wout, M., Faught, S. & Menino, D. Does interoceptive awareness affect the ability to regulate unfair treatment by others?.
Front. Psychol. 4, 880 (2013).

48. Kirk, U,, Downar, J. & Montague, P. R. Interoception drives increased rational decision-making in meditators playing the ultimatum
game. Front. Neurosci. 5, 9143 (2011).

49. Feruglio, S. et al. Training the moral self: An 8-week mindfulness meditation program leads to reduced dishonest behavior and
increased regulation of interoceptive awareness. Mindfulness. 14(11), 2757-2779 (2023).

50. Fehr, E. & Fischbacher, U. The nature of human altruism. Nature. 425(6960), 785-791 (2003).

51. Jensen, K., Call, J. & Tomasello, M. Chimpanzees are rational maximizers in an ultimatum game. Science. 318(5847), 107-109
(2007).

52. Boland, R., Verdiun, M. & Ruiz, P. Kaplan & Sadock’s Synopsis of Psychiatry (Lippincott Williams & Wilkins, 2021).

53. Fusar-Poli, P. et al. The psychosis high-risk state: A comprehensive state-of-the-art review. JAMA Psychiatry 70, 107-120 (2013).

54. Micali, N. et al. Long-term outcomes of obsessive-compulsive disorder: Follow-up of 142 children and adolescents. Br. . Psychiatry
197, 128-134 (2010).

55. Hofmann, S. G. & Hinton, D. E. Cross-cultural aspects of anxiety disorders. Curr. Psychiatry Rep. 16, 450 (2014).

56. McGowan, A. L. et al. Dense sampling approaches for psychiatry research: Combining scanners and smartphones. Biol. Psychiatry
93, 681-689 (2023).

Acknowledgements

This study was supported by the Medical Scientist Training Program from the Ministry of Science & ICT of
Korea, and the Brain Research Program through the National Research Foundation of Korea (NRF) funded by
the Ministry of Science & ICT (Grant no. NRF-2022M3E5E8081200). We also would like to thank Editage (www.
editage.co.kr) for English language editing.

Author contributions

J.K. and B.J. conceived the original idea, and planned and designed the experiments. J.K. performed the experi-
ments, derived the models, and analysed the data. All authors contributed to designing the research and the
interpretation of the results. J.K. and B.]. wrote the paper with input from all authors. B.J. supervised the project.

Competing interests
The authors declare no competing interests.

Additional information
Supplementary Information The online version contains supplementary material available at https://doi.org/
10.1038/541598-024-62203-y.

Correspondence and requests for materials should be addressed to B.J.
Reprints and permissions information is available at www.nature.com/reprints.

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

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

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

© The Author(s) 2024

Scientific Reports |

(2024) 14:11397 | https://doi.org/10.1038/s41598-024-62203-y nature portfolio


http://www.editage.co.kr
http://www.editage.co.kr
https://doi.org/10.1038/s41598-024-62203-y
https://doi.org/10.1038/s41598-024-62203-y
www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/

	Prosocial emotions predict individual differences in economic decision-making during ultimatum game with dynamic reciprocal contexts
	Methods
	Ethics statement
	Participants
	Experimental design
	Emotion classification task
	Dynamical affective representation mapping with ultimatum game
	Clinical ratings questionnaires
	Unsupervised clustering of reward acceptance and experienced emotions
	Embedding reward acceptance trajectory onto experienced emotion state space
	Generalised linear mixed model to predict social decision-making

	Results
	K-means clustering algorithm to detect individual differences in social decision-making based on increasing offer fairness
	Autoencoder neural network classifier identification of central tendency of emotions based on proposer’s offer among individuals
	Emotion PEs with prosocial dimensions and reward PE predict UG decisions
	Individuals differed in their economic responses to predictive emotions.

	Discussion
	Conclusions
	References
	Acknowledgements


