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Abstract

Interpersonal trust pervades various aspects of social interaction and consti-
tutes a crucial cornerstone for facilitating and sustaining cooperation. Previous
researchers have employed the trust game paradigm to investigate theoretical
models, biological substrates, and influencing factors of interpersonal trust. In
recent years, researchers have begun applying computational models to trust
game data analysis to elucidate the psychological mechanisms underlying inter-
personal trust behavior, and have integrated computational models with neu-
roimaging techniques to enhance understanding of the neural mechanisms un-
derlying trust behavior. Current research utilizing computational models within
the trust game paradigm primarily focuses on the scientific question of “how trust
is formed” ; future directions should involve further developing computational
modeling approaches, integrating non-invasive brain stimulation techniques, and
applying these methods to psychiatric populations to deepen our understand-
ing of the psychological and neural mechanisms of normal and aberrant trust
formation.
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Abstract

Interpersonal trust permeates all aspects of social interaction and serves as a
crucial foundation for promoting and maintaining cooperation. Previous re-
searchers have employed the trust game paradigm to investigate the theoret-
ical models, biological underpinnings, and influencing factors of interpersonal
trust. In recent years, computational modeling has been increasingly applied
to trust game data analysis, enabling deeper exploration of the psychological
mechanisms underlying trust behavior. Integrating computational modeling
with neuroimaging techniques has further enhanced our understanding of the
neural mechanisms that support trust. Current applications of computational
modeling to the trust game have primarily addressed the fundamental question
of “how trust is formed.” Future research should advance computational mod-
eling methods, combine them with non-invasive brain stimulation techniques,
and apply them to clinical populations to elucidate the psychological and neu-
ral mechanisms of both normal and pathological trust formation.

Keywords: interpersonal trust; trust game; computational modeling; func-
tional magnetic resonance imaging

Trust functions as a lubricant in economic and social life (Snijders & Keren,
2001) and as a bonding agent that maintains social relationships (Wilson &
Eckel, 2006). As one of the most complex social skills, interpersonal trust plays
a vital role in social interactions (Fett et al., 2014). Although definitions of
interpersonal trust vary, its core essence refers to a psychological state in which
individuals, based on positive expectations of others’ behavior (e.g., anticipating
cooperation in situations that could involve either cooperation or competition),
willingly place themselves at risk (Krueger et al., 2007; Rotter, 1967). This def-
inition highlights two key features: holding positive expectations about others’
intentions and exposing oneself to risk or disadvantage. Within the framework
of economic game theory, economists have abstracted interpersonal trust from
its complex definitional context while preserving its essential characteristics,
operationalizing it as the Trust Game (TG) paradigm, which has been widely
adopted in trust research. Previous investigations have examined the biological
foundations of interpersonal trust at multiple levels, including neurotransmitters
and hormones (molecular level), decision-making and reasoning (cognitive level),
and brain regions and networks (functional level), proposing various theoretical
models to understand the psychological and neural mechanisms underlying trust
(Krueger & Meyer-Lindenberg, 2019; Riedl & Javor, 2012; Tzieropoulos, 2013;
BRAR, MIEE, 2009; FRRZE, 2020; £REHE, 2015; KTF, 2011; ke, 2016). While
these studies have provided answers to the question of “why and when people
choose to trust or distrust” (3E=, 2016), traditional methods cannot address
the question of “how trust is formed.” The development of the repeated trust
game paradigm and the application of computational modeling methods have
made it possible to answer this latter question.

In recent years, computational modeling has been increasingly applied in
decision-making research due to its rigorous quantitative approach and its
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ability to reveal the hidden dynamic psychological processes underlying behav-
ior and brain activity. This approach offers a novel framework for deepening
our understanding of the psychological mechanisms and neural foundations
of behavior (Montague et al., 2012; Read Montague, 2018). Moreover, this
data-driven quantitative approach not only allows for model evaluation but
also enables model comparison to determine which model better explains and
predicts psychological phenomena (Cheong et al., 2017). Game paradigms
are commonly used in computational modeling research. In repeated games,
individuals must infer their opponents’ mental states, and such inferences are
recursive—that is, they involve cyclical causal relationships. This recursiveness
constitutes the core concept underlying many computational models, leading to
increasing applications of computational modeling to various game paradigms,
including the trust game, to explore the internal mechanisms of diverse
psychological phenomena (Ray et al., 2009). This paper first introduces the
trust game paradigm and the concept of computational modeling, then reviews
applications of computational modeling in behavioral and neuroimaging studies
of interpersonal trust, focusing on the question of “how trust is formed.”
We synthesize current research progress on the psychological and neural
mechanisms of trust formation and, finally, identify limitations in existing
research and propose new directions for further investigation.

2. Single-Round and Repeated Trust Games

The trust game is the most commonly used paradigm for studying interpersonal
trust. In the classic trust game (Kreps, 1990), two participants assume the roles
of investor and trustee, each starting with an identical amount of money. First,
the investor decides whether to trust (send all money to the partner) or distrust
(keep all money). If the investor chooses to trust, the invested amount is mul-
tiplied (typically tripled) and given to the trustee. If the investor chooses not
to invest, the game ends and both parties retain their original amounts. Next,
the trustee decides whether to reciprocate (return half of the money) or not
reciprocate (keep all money). If the trustee reciprocates, both parties end up
with double their original amount; if not, the trustee receives triple the origi-
nal amount while the investor receives nothing. This paradigm allows trust to
be quantified as the investor’ s decision and trustworthiness as the trustee’ s
decision. Berg et al. (1995) modified this to create the standard trust game
paradigm, which differs from the classic version in that investors and trustees
can voluntarily decide how much money to give or return, rather than being
limited to all-or-nothing decisions. This modification enables measurement of
varying levels of trust and reciprocity. Using this paradigm, Berg et al. (1995)
found that people choose to trust and reciprocate even in one-shot interactions
with strangers, a result replicated in numerous subsequent studies (Declerck et
al., 2013; Johnson & Mislin, 2011). Researchers have also developed variants of
this paradigm for specific experimental purposes, such as allowing one minute of
verbal communication before decisions, providing investors with promises from
trustees about return amounts, playing against real or computer-simulated part-
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ners, and playing against trustees of different social status levels, to investigate
factors influencing trust behavior in the trust game (Ben-Ner et al., 2011; Blue
et al., 2020; Ma et al., 2015; Tzieropoulos, 2013).

In the classic trust game, interactions between the same pair of players are
single-round, whereas real-life social interactions rarely occur only once. Re-
searchers therefore developed the Repeated Trust Game (RTG) paradigm, in
which the same pair of players engages in multiple consecutive trust games and
can adjust their decisions based on immediate feedback (Figure 1 [Figure 1: see
original paper]). Unlike single-round trust games, both parties in repeated trust
games face the risk that the other may not return money. Consequently, not
only does the investor’ s trust behavior depend on the trustee’ s return amounts,
but the trustee must also consider the investor’ s behavior (which is not the
case in single-round games). This leads to different behavioral patterns in re-
peated versus single-round games. Research has found that trustees return more
money in repeated trust games than in single-round games to encourage greater
investments from investors (Cochard et al., 2004), and that participants’ trust
and reciprocity decisions show a monotonic decreasing trend with an endgame
effect—where trust and reciprocity decisions drop sharply as the game nears
its conclusion (Anderhub et al., 2002; Keser, 2003). Compared to single-round
trust games, repeated trust games involve multiple cognitive processes includ-
ing learning, reasoning, and strategy updating, providing a more ecologically
valid experimental paradigm for studying trust formation and making it pos-
sible to introduce reinforcement learning and other computational models in
social interaction contexts (Anderhub et al., 2002; King-Casas et al., 2005).

[Figure 1: see original paper| Schematic diagram of the repeated trust game
paradigm

3.1 Overview of Computational Modeling

Computational modeling uses abstract mathematical expressions to characterize
the dynamic processes of learning and decision-making in human social inter-
actions (Hackel & Amodio, 2018), enabling the depiction of hidden dynamic
psychological processes underlying behavior or brain activity (Montague, 2018).
Computational models can investigate the dynamic processes of psychological
phenomena based on behavior and explore the neural mechanisms underlying
these phenomena when combined with brain imaging techniques. A rapidly de-
veloping approach involves combining computational modeling with brain imag-
ing, such as model-based functional Magnetic Resonance Imaging (fMRI). fMRI
measures brain activity evoked by experimental stimuli by assessing changes in
Blood Oxygen Level Dependent (BOLD) signals, where increased BOLD signal
in a brain region indicates activation. In traditional fMRI studies, researchers
typically correlate BOLD signals with behavioral measures such as accuracy
and reaction time to establish associations between behavioral tendencies and
brain function (Engelmann, 2010). In contrast, model-based fMRI studies can
extract internal variables that cannot be directly observed from experimental
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paradigms (e.g., reward prediction errors, learning rates) from behavioral data
through model-based calculations, simulating the complex cognitive processes
underlying behavioral phenomena. These variables or model parameters are
then correlated with experimentally evoked BOLD signals, establishing links
among behavior, cognition, and brain function to better understand the neural
mechanisms of behavior (Charpentier & O’ Doherty, 2018; O’ Doherty et al.,
2007).

Current computational models used in interpersonal trust research can be di-
vided into two categories: outcome-based models and intention-based models
(McCabe et al., 2003). Outcome-based models posit that in trust games, infer-
ring intentions is less important than the feedback outcomes individuals obtain
from interactions—that is, people primarily focus on their own monetary gains.
In contrast, intention-based models emphasize that inferring the partner’ s in-
tentions is more critical in decision-making processes, with individuals making
decisions based on their partner’ s intentions. The primary outcome-based
model used in trust games is the reinforcement learning model (Cisler et al.,
2015; Fouragnan, 2013; Radell et al., 2016), while the main intention-based
model is the Bayesian model (Jung et al., 2017; Moutoussis et al., 2014; Ray
et al., 2009). Studies using reinforcement learning models have primarily ad-
dressed how prior trustworthiness promotes trust formation, whereas Bayesian
models in trust research have mainly focused on how inference of others’ inten-
tions facilitates trust formation. Since only the investor’ s behavior reflects trust
decisions in the trust game, and current computational modeling studies of trust
behavior analyze only the investor’ s actions, this paper reviews computational
modeling research on trust behavior from the investor’ s perspective.

3.1.1 Reinforcement Learning Models

Reinforcement Learning (RL) models are the most commonly used computa-
tional models for investigating psychological and neural mechanisms in economic
decision-making, addressing how people learn from feedback through repeated
interactions with their environment (Read Montague, 2018). These models as-
sume that the interaction between an individual and the environment follows
a Markov Decision Process (MDP), which includes environmental states (S),
individual actions (A), and transition probabilities (P) and rewards (R) that
link them. States refer to the individual’ s current situation, which determines
available actions, while transition probabilities indicate the likelihood of moving
from one state to another after taking a particular action (Puterman, 1995). As
shown in Figure 2 [Figure 2: see original paper], at time t, an agent perceives the
current state St and receives reward Rt, then takes action At. This action leads
to state St+1 and reward Rt+1 at time t+1, with the probability of environmen-
tal state transition given by P(St+1|St, A) (Fouragnan, 2013). RL models posit
that individuals learn the relationship between actions and feedback outcomes
in different environmental states, updating expected utility values for actions
based on prediction errors (the gap between expected and observed values), and

chinarxiv.org/items/chinaxiv-202009.00059 Machine Translation


https://chinarxiv.org/items/chinaxiv-202009.00059

ChinaRxiv [$X]

making adaptive decisions to maximize rewards. The learning rate parameter
reflects the weight individuals assign to outcome feedback, measuring the speed
of updating expected utility values, with higher values indicating greater weight
on feedback and faster updating (Claus & Boutilier, 1998).

RL models are divided into model-free and model-based categories based on
whether they incorporate prior models (Montague et al., 2012). Model-free RL
theory suggests that individuals make decisions based on “trial-and-error” princi-
ples, relying only on previously learned outcomes—similar to stimulus-response
habitual behavior. The most commonly used model is the Rescorla-Wagner
(RW) model. Model-based RL theory, in contrast, posits that individuals form
an internal model of the external environment based on feedback, which serves
as an internal representation of the world and enables goal-directed behavior
(Daw & Doya, 2006). The key difference lies in the presence of an internal model;
model-based RL processes feedback more flexibly and enables faster adaptation
to environmental changes.

In the context of trust games, the feedback signal for investors comes from
whether trustees return money and how much they return. Under model-free
RL assumptions, investors would make decisions based solely on observed trust-
worthiness levels regardless of external cues about the trustee’ s reliability.
In model-based RL, investors are assumed to form prior expectations about
trustees’ trustworthiness based on reputation cues and then update subsequent
prediction errors based on these prior expectations (Fouragnan, 2013).

3.1.2 Bayesian Models

[Figure 2: see original paper| Framework diagram of the reinforcement learning
model
Source: Fouragnan (2013)

Reinforcement learning models are based on the classical economic assumption
of perfect rationality, yet numerous findings have violated this assumption (Fehr
& Schmidt, 2005). Moreover, RL models assume that individuals must acquire
all possible states in the environment through MDPs, whereas in real social inter-
actions, the environment is uncertain and only partially observable. Researchers
have therefore proposed Bayesian models based on Partially Observable Markov
Decision Processes (POMDP). These models assume bounded rationality: be-
fore social interaction, individuals hold preferences about environmental states,
which constitute prior beliefs. During interaction, individuals update these prior
beliefs based on environmental feedback, resulting in posterior beliefs that guide
adaptive decision-making. Such models typically represent beliefs using proba-
bility distributions (Kaelbling et al., 1995). As shown in Figure 3 [Figure 3: see
original paper], prior beliefs are represented by prior probability distribution Pr
before processing external information, while posterior beliefs are represented
by posterior probability distribution P after information processing. At time t,
posterior belief formation is based on the prior belief Pr, the observed interac-
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tion behavior set Ot, and the reward set Rt at that moment. The agent takes
action At based on posterior beliefs, which in turn leads to interaction obser-
vation set Ot+1 and reward set Rt+1 at time t+1. Based on Ot+1 and Rt+1,
prior and posterior beliefs are further updated, enabling new actions at t+1 ac-
cording to the updated posterior beliefs. The key difference between Bayesian
inference models and RL models is that the latter iterate value functions over
time, while the former iterate belief distributions (prior and posterior beliefs)
over time (Friston et al., 2013).

When states in an MDP are belief states that are uncertain and only partially
observable, they can be represented as Partially Observable Markov Decision
Processes (Khalvati et al., 2019). Researchers have further proposed Interactive
POMDP (IPOMDP), where each individual’ s decision-making process follows a
standard POMDP—essentially making IPOMDP a collection of POMDPs. Re-
peated trust games can be viewed as two individuals’ IPOMDPs, where both
parties’ states depend on each other’ s decisions and their internal models of
each other’ s intentions (Hula et al., 2015).

[Figure 3: see original paper] Framework diagram of the Bayesian model
Source: Friston et al., 2013

Bayesian models are primarily used to study how people make decisions based
on intention inference under uncertainty. Some researchers have introduced
“Theory of Mind” —the ability to infer one’ s own and others’ intentions—into
Bayesian models (Ray et al., 2009). They argue that in game tasks, people need
Theory of Mind for strategic reasoning about players’ intentions and behaviors
(Gonzalez & Chang, 2019; Ong et al., 2019). In trust games, Theory of Mind
manifests as both parties’ inferences about each other’ s type: investors infer the
trustee’ s type, trustees infer the investor’ s type, and investors infer how they
are perceived by trustees (Rusch & Glascher, 2019). Researchers have classified
individuals into different thinking-depth groups based on the levels of inference
involved and used parameters to measure individual thinking depth (Ray et al.,
2009; Xiang et al., 2012). Friston et al. (2013) approached the problem from
environmental /cognitive uncertainty, introducing the free-energy principle into
Bayesian models to propose active inference for simulating decision-making in
trust games (Moutoussis et al., 2014). Unlike Theory of Mind-based Bayesian
models, active inference models use parameters measuring the precision of indi-
viduals’ own strategies rather than the depth of strategic thinking.

3.2 Behavioral and Neuroimaging Studies Based on Rein-
forcement Learning Models

Reinforcement learning models help researchers better understand how investors
make decisions based on environmental information in repeated trust games
and the neural mechanisms underlying these decisions. Environmental informa-
tion includes prior trustworthiness information obtained before decision-making
and trustworthiness information acquired during interaction (Fareri et al., 2012,
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2015; Fouragnan, 2013).

3.2.1 Behavioral Studies

Current behavioral research has used RL models to investigate how healthy par-
ticipants make trust decisions when prior trustworthiness information is avail-
able. Chang et al. (2010) provided prior reputation cues about facial trust-
worthiness (high/medium/low) and compared three model-based RL models to
examine how prior trustworthiness influences trust establishment. These models
included a gain-loss theory-based model (people prefer risk avoidance over gain
acquisition), a confirmation bias theory-based model (people weight information
consistent with advice more heavily than inconsistent information), and the au-
thors’ proposed dynamic belief iteration model. The dynamic belief iteration
model posited that prior information influences trust behavior throughout the
entire trust game process, with participants forming beliefs about the likelihood
of reciprocity based on prior information and updating these beliefs iteratively
based on actual experience. Results showed that the dynamic belief iteration
model best predicted how prior trustworthiness influences trust formation, sug-
gesting that trust is established through dynamic belief iteration based on prior
trustworthiness.

In another study, participants first learned about trustees’ character traits
(good/neutral/bad) through a ball-tossing game before completing a repeated
trust game as investors (Fareri et al., 2012). Using a gain-loss theory-based
model-based RL model, the authors found that initial social impressions learned
from direct interaction interact with subsequent feedback signals. Social impres-
sions influence trust behavior during interaction, while feedback outcomes in
turn affect initial social impressions, which are iteratively updated throughout
repeated interactions. Fareri et al. (2015) extended this work by examining how
opponents with different levels of intimacy affect trust behavior in repeated
trust games. By comparing friends, strangers, and computer opponents, they
investigated how prior trustworthiness levels influence trust behavior. Results
showed that participants exhibited smaller prediction errors when interacting
with opponents with higher prior reputations. Additionally, Radell et al. (2016)
used the same experimental design and RW RL model to examine how inhib-
ited personality types (those tending toward avoidance in social situations) make
trust decisions toward opponents of different trustworthiness levels. They found
that inhibited participants showed less trust toward moderately trustworthy op-
ponents compared to non-inhibited participants, due to lower initial trust values
for moderately trustworthy opponents. This suggests that individuals prone to
social avoidance interpret neutral or ambiguous information more negatively.

Beyond studying how prior reputation cues affect trust behavior, researchers
have also compared decision-making processes with and without prior informa-
tion. Fouragnan (2013) proposed two ways investors obtain prior trustworthi-
ness information: a prior condition where opponents’ trustworthiness is disclosed
beforehand, and a no-prior condition where investors interact directly with op-
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ponents without prior information. By comparing model-free and model-based
RL models, the study investigated the psychological mechanisms underlying
trust behavior toward high/low trustworthiness opponents under both condi-
tions. The belief adaptation model was found to best explain investors’ trust
behavior in repeated trust games. This model posits that prior trustworthiness
information serves as a social signal that influences not only initial decision val-
ues but also subsequent iterative decision functions based on reciprocity feedback
experience. People form beliefs about opponents’ trustworthiness levels (Trust-
worthiness belief, TW) based on prior information, and these beliefs are updated
iteratively in the utility function alongside monetary feedback outcomes, similar
to bonus rewards. The study found that in both prior and no-prior conditions,
people first form beliefs about opponents’ trustworthiness based on monetary
feedback and then adjust their decisions accordingly to make adaptive invest-
ment behaviors. The key difference is that prior trustworthiness information al-
ters investors’ initial expectations about opponents’reliability (Fouragnan, 2013).
Other research using RL models has found that trust behavior in repeated trust
games reflects a mutual learning process between both parties, where people
make decisions based on feedback from multiple interactions and show height-
ened sensitivity to negative outcomes, rapidly adjusting their decisions after
negative feedback to produce adaptive behavior (Haiyan, 2018).

In summary, behavioral studies reveal that trust in repeated trust games is
a continuous learning process through which people evaluate outcomes from
multiple interactions to learn about others’ reputation levels and decide whether
to trust them. RL theory can effectively reveal this dynamic trust establishment
process.

3.2.2 Neuroimaging Studies

Using functional magnetic resonance imaging, researchers have further explored
the neural mechanisms through which prior trustworthiness promotes trust for-
mation. Fareri et al. (2012) investigated how prior trustworthiness obtained
before decision-making influences trust behavior and reward-related brain ac-
tivity. Participants first played a ball-tossing game with computer-simulated
opponents of three different trustworthiness levels (high/medium/low) to learn
initial impressions. In the subsequent repeated trust game, participants acted
as investors playing against these opponents (whose actual behavior was ran-
dom and independent of the ball-tossing game). Using the RW RL model to
analyze behavior and its neural correlates, the study found that belief updating
was faster when experienced opponent behavior matched prior impressions com-
pared to mismatched cases. When facing positive/negative feedback, striatal
and anterior cingulate activation increased compared to neutral feedback, and
learning rate parameters from the model correlated significantly with BOLD
signal changes in these regions. This indicates that BOLD signals in reward
circuitry brain regions reflect prediction error signals used to update beliefs at
the behavioral level, demonstrating that these regions are responsible for belief
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updating through prediction errors in gain/loss contexts. These results suggest
that initial impressions learned from direct social interaction are continuously
updated through reinforcement learning mechanisms, particularly when infor-
mation is consistent.

Fouragnan (2013) compared trust decisions and corresponding brain activation
between prior and no-prior trustworthiness conditions to investigate the neural
basis of how prior trustworthiness influences trust decisions. Results showed
that striatal activation correlated significantly with RL model estimates of be-
havior only in the no-prior condition, with prior trustworthiness disrupting this
correlation. In the prior condition, negative striatal activation in response to
trust violations correlated with learning rates in the RL model, but this correla-
tion was absent in the no-prior condition. Participants continued to rely on prior
information even when experience contradicted it. Compared to the no-prior
condition, negative activation in the caudate nucleus was stronger when coopera-
tive opponents violated trust in the prior condition. Prior information enhanced
connectivity between the striatum and ventrolateral prefrontal cortex, modulat-
ing tolerance for violations, which correlated negatively with retaliation rates.
Additionally, prior trustworthiness affected initial trust decisions, reflected in
prefrontal cortex activation. Fareri et al. (2015) further investigated the neural
basis of how intimacy with opponents influences trust behavior by incorporating
social value reward signals into the RL model. Participants played as investors
against friends, strangers, and computers. The model posited that feedback
outcomes included not only monetary rewards but also social value reward sig-
nals, represented by participants’ initial trustworthiness ratings of opponents.
Results showed that participants extracted social value reward signals from feed-
back based on intimacy levels, with these signals correlating significantly with
activation in the ventral striatum and medial prefrontal cortex, indicating that
people make trust decisions based on social value reward signals during repeated
social interactions.

These neuroimaging studies not only validate findings from behavioral compu-
tational modeling research but also reveal that prior trustworthiness influences
initial trust decisions, identifying the neural basis of dynamic trust iteration.
The striatum and anterior cingulate in reward circuitry reflect belief updating
through prediction errors; prefrontal cortex activation reflects the influence of
prior trustworthiness on initial trust decisions; and dynamic connectivity be-
tween the striatum and prefrontal cortex reflects regulation of trust behavior
during the game.

3.3 Behavioral and Neuroimaging Studies Based on
Bayesian Models

Applications of Bayesian models to trust games have focused on understanding
how investors make trust decisions based on intention inference in repeated trust
games and the underlying neural mechanisms.
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3.3.1 Behavioral Studies

Ray et al. (2009) introduced Theory of Mind into Bayesian models, establish-
ing a belief hierarchy model for trust behavior in repeated trust games within
the IPOMDP framework. This model assumes that players know their own
cooperative/non-cooperative type but not their opponent’ s type, making it a
dynamic game of incomplete information. Players’ prior beliefs about opponents’
trustworthiness are updated in a Bayesian manner based on observed behavior,
and players’ own actions also influence their beliefs about opponents’ trustworthi-
ness. This process involves a limited hierarchy of beliefs: what type the investor
thinks the trustee is, what type the trustee thinks the investor thinks they are,
and so on. Games reach a subjective Bayes-Nash Equilibrium (BNE) when
players form conclusions about opponents’ trustworthiness through multiple in-
teractions. The model’ s innovation lies in introducing strategic thinking levels
into the IPOMDP framework to explain how social utility, strategic level, and
prior beliefs influence trust behavior. Through model inversion, participants
can be classified into different strategic thinking levels based on their dynamic
trust behavior during experiments, with higher strategic thinking levels associ-
ated with greater investment frequencies. This model provides a new approach
for studying individual differences in interpersonal trust.

Hula et al. (2015) used partially observable Monte Carlo planning (POMCP)
algorithms to investigate repeated trust games within the IPOMDP framework.
Results showed that investors form beliefs about opponents’ trustworthiness
after approximately 10 game rounds and subsequently make stable investment
decisions. Therefore, investors’ behavior during the first 10 rounds can be used
to infer optimal parameter values in their internal subjective models, ensuring
that these behaviors reflect decisions made under their internal models. This
algorithm also enables inference of participants’ ability to infer others’ intentions
through model inversion.

Friston et al. (2013) developed an active inference Bayesian model for social
decision-making within the IPOMDP framework based on Bayesian theory. This
model introduces parameters for the precision of prior beliefs and proposes using
the free-energy principle to update posterior beliefs. Moutoussis et al. (2014)
applied this model to trust games, combining utility functions, prior beliefs,
and outcomes to model the evolution of trust as game rounds increase, finding
that investors form beliefs about opponents’ trustworthiness after approximately
10 interactions. Schwartenbeck et al. (2015) experimentally demonstrated that
decision theory under active inference better predicts human economic decision-
making than utility maximization theory.

Researchers have also applied Bayesian models to practical problems. Jung et
al. (2017) constructed a medical trust game to study placebo analgesic effects, es-
tablishing a Bayesian framework that creates a likelihood relationship between
pain intensity and pain ratings, with pain ratings corresponding to posterior
distributions and placebo effects representing the gap between ascending sen-
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sory signals and descending pain predictions. People’ s subjective pain ratings
can thus be inferred from posterior distributions in the Bayesian model. By
comparing Bayesian and linear regression models, the study found that prior
expectations influence pain perception and that Bayesian models can predict
pain ratings in medical trust games.

In summary, behavioral studies based on Bayesian inference reveal that in re-
peated trust games, people form beliefs about opponents’ trustworthiness after
approximately ten interactions and make decisions accordingly. Individuals
differ in their ability to infer others’ intentions, exhibiting varying depths of
thinking during games.

3.3.2 Neuroimaging Studies

Xiang et al. (2012) used functional magnetic resonance imaging to investigate
whether the ability to infer others’ intentions could serve as objective biomark-
ers for deviations in trust game behavior. Using a Theory of Mind-based
Bayesian model, they characterized participants’ thinking depth with model
parameters and classified them into high/medium/low thinking-depth groups.
Results showed that low thinking-depth participants exhibited stronger stri-
atal activation than high and medium thinking-depth participants, while high
thinking-depth participants showed stronger activation in the temporoparietal
junction (TPJ)—a region associated with Theory of Mind—than medium and low
thinking-depth groups. This suggests that low thinking-depth participants are
more sensitive to feedback outcomes and adjust their behavior primarily based
on these outcomes, whereas high thinking-depth participants make decisions
primarily through intention inference.

Nihonsugi et al. (2015) combined fMRI, transcranial direct current stimulation
(tDCS), and computational modeling to investigate whether intention inference
and feedback processing represent two separable neural systems in trust decision-
making. They developed a model combining guilt aversion, inequity aversion,
and utility functions from RL models. By correlating guilt sensitivity and in-
equity sensitivity parameters from this model with imaging results, they found
that right dorsolateral prefrontal cortex (DLPFC) activation was associated with
intention-based economic decision-making, while ventral striatum and amygdala
activation were associated with feedback-based economic decision-making. Selec-
tive stimulation of DLPFC enhanced intention-based decision-making. These re-
sults indicate that right DLPFC plays an important role in processing intention-
based cooperative behavior. Overall, Nihonsugi et al. (2015) proposed that
repeated trust games involve two separable neural systems: one for inferring
others’ intentions and another for making decisions based on feedback outcomes.
Through multiple interactions, people learn opponents’ trustworthiness levels
from reward signals (striatal activation) and intention inferences (DLPFC and
cingulate activation), making adaptive decisions based on these processes (with
BOLD signals in these regions correlating significantly with prediction errors
from the model). Moreover, prior trustworthiness strengthens the connection
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between these two systems.

These neuroimaging studies have not only identified the neural basis of individ-
ual differences in trust decisions among people with different thinking depths
but also revealed the existence of two separable neural systems for intention
inference and feedback-based decision-making in repeated trust games.

4. Limitations and Future Directions

In summary, computational modeling-based behavioral and neuroimaging stud-
ies have identified the psychological and neural mechanisms through which
prior trustworthiness and intention inference promote trust formation, provid-
ing deeper understanding of “how trust is formed.” However, several limitations
remain, and several directions warrant further exploration.

4.1 Development of Computational Models

Current computational models applied to trust games primarily include rein-
forcement learning models and Bayesian models. RL models assume perfect
rationality, positing that individuals update expected values of actions based
on current prediction errors and use learning rates to measure the weight as-
signed to feedback outcomes (with learning rates showing individual differences).
Since its proposal, this model has been widely applied in various learning tasks,
and its combination with neuroimaging has yielded important discoveries about
brain reward functions (Jaafra et al., 2019; Lee et al., 2012). However, the
objectively adaptive learning process of RL models is difficult to apply in real
life, where situations are uncertain and action utility values are unknown and
must be inferred (Mathys et al., 2011).

Bayesian models, in contrast, assume bounded rationality and combine Bayesian
theory with conditional probability to link individuals’ beliefs with their ac-
tions, effectively characterizing decision-making under uncertainty (Mathys et
al., 2011). Active inference models have been applied in various research do-
mains (Friston et al., 2016; Parr & Friston, 2017; Smith et al., 2019), with simu-
lation studies identifying specific parameters affecting different behaviors, such
as strategic depth, decision uncertainty, and prior beliefs (Smith et al., 2019).
However, only one study has applied this model to trust games (Moutoussis et
al., 2014). Future research should apply this model more extensively to simulate
trust formation processes, identify key parameters influencing trust formation,
and design functional imaging tasks to examine the neural basis of these param-
eters, thereby establishing the psychological and neural mechanisms underlying
individual differences in trust formation.

Researchers have also attempted to develop other types of computational mod-
els. For example, Mathys et al. proposed the Hierarchical Gaussian Filter (HGF)
model, which combines Bayesian probability-based uncertainty characterization
with RL model’ s approach to individual differences in updating. The model’
s update equations are similar to RL models (driven by prediction errors) but
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differ in using individuals’ trade-off between strategy precision as the learning
rate to characterize decision-making under environmental and perceptual uncer-
tainty. This model has been successfully applied in social exchange scenarios
requiring intention inference (Diaconescu et al., 2014). Additionally, some stud-
ies have combined RL utility functions with Bayesian probability-based uncer-
tainty characterization to propose the Fehr-Schmidt inequality aversion model
(FS model). This model includes parameters for individual differences in learn-
ing rates and inequality aversion, as well as parameters for strategic depth in
intention inference and planning horizon, providing a comprehensive simulation
of decision-making in trust games. By comparing parameters between groups
receiving high-quality early education versus those who did not, one study found
that individuals who received high-quality early education planned more steps
ahead in trust games and other social interactions, indicating long-term benefi-
cial effects of early education on social decision-making (Luo et al., 2018).

Future research should flexibly select and develop various models for trust game
studies to deepen understanding of the dynamic trust iteration process and
promote comprehension of the psychological and neural mechanisms underlying
individual differences in trust games.

4.2 Causal Brain-Behavior Research Based on Computational Models

Although computational modeling-based neuroimaging research can character-
ize the dynamic neural activity patterns underlying specific cognitive processes
in both temporal and spatial dimensions, establishing links between cognition
and brain function, current studies cannot address causal relationships between
brain and behavior. Computational modeling studies of abnormal decision-
making in brain-damaged patients (Gu et al., 2015) are valuable for inferring
the unique roles of specific brain regions in cognitive processes but are difficult
to replicate. The emergence of non-invasive brain stimulation techniques such
as Transcranial Magnetic Stimulation (TMS) and tDCS provides opportunities
to investigate causal relationships between brain and decision-making behav-
ior (RH#H%, 2019). For example, Zheng et al. (2017) used tDCS to enhance
right DLPFC excitability and found no effect on trust behavior in trust games.
Only one study has combined model-based fMRI with tDCS, finding that inten-
tion inference and feedback processing in trust decisions involve two separable
neural systems (Nihonsugi et al., 2015). Future research should combine non-
invasive brain stimulation, fMRI, and computational modeling within the trust
game framework to further reveal causal relationships between the psychological
mechanisms and neural foundations of trust formation.

4.3 Interpersonal Trust Research in Psychiatric Populations

Recent developments in computational neuroscience have promoted the appli-
cation of computational models in clinical research, giving rise to a new field:
computational psychiatry (Huys et al., 2011; Montague et al., 2012; Stephan &
Mathys, 2014). Computational psychiatry uses model-based quantitative met-
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rics to infer hidden causes of abnormal behavior and neural activity, thereby
explaining psychopathology.

Previous studies have found that psychiatric patients exhibit abnormal trust
behavior in trust games. For example, patients with Borderline Personality Dis-
order (BPD) and children with Autism Spectrum Disorder (ASD) show reduced
trust behavior (King-Casas et al., 2008; Knoch et al., 2009; Maurer et al., 2018),
while adolescent depression patients show excessive trust and adult depression
patients show reduced trust (Mellick et al., 2019; Wehebrink et al., 2018). How-
ever, these studies only identified abnormal trust behavior without clarifying
the psychological processes and neural mechanisms underlying abnormal trust
decisions. Only one computational modeling study has examined trust games
in psychiatric populations. Using a Theory of Mind-based Bayesian model, this
study found that BPD patients as investors showed different thinking-depth
distributions compared to healthy controls, suggesting that neural response pat-
terns corresponding to thinking depth derived from such models could serve as
objective markers for identifying abnormal trust behavior (Xiang et al., 2012).
Future research should investigate abnormalities in trust formation processes
in psychiatric populations from a computational psychiatry perspective. Com-
bining trust games, computational modeling, and neuroimaging can not only
deepen our understanding of normal trust formation (Sanfey, 2007) but also
provide new perspectives for studying social dysfunction in mental disorders.
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