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A B S T R A C T

The Behavioural modelling of decision-making processes has advanced our understanding of impairments 
associated with various psychiatric conditions. While many studies have focused on models that best fit 
behavioural data, the extent to which such models reflect biologically plausible mechanisms remains underex
plored. To bridge this gap, we developed a probabilistic two-armed bandit task model grounded in the active 
inference framework and evaluated its performance against established reinforcement learning (RL) models. Our 
model not only matched but outperformed conventional RL models in explaining individual variability in choice 
behaviour. A central feature of our model is the optimisation of policy precision based on previous outcomes. 
This process captures the dynamic balance between model-based predictions derived from the internal gener
ative model and the influence of immediate past observations. Importantly, incorporating the temporal dynamics 
of policy precision significantly improved the model’s capacity to explain large-scale brain network activity and 
inter-subject variability. We found that increases in policy precision were positively associated with default mode 
network dominance and negatively associated with states dominated by dorsal attention and frontoparietal 
networks. These opposing associations suggest functional coordination between these systems, as supported by 
the correlations between brain state transitions and behavioural parameters. Furthermore, prolonged dominance 
of another brain state, characterised by elevated ventral attention network activity and stronger inter-network 
connectivity, appeared to disrupt this coordination. Finally, we found that heightened sensitivity to negative 
outcomes in a loss-related context was associated with high suicidal risk among individuals with major 
depressive disorder.

1. Introduction

Computational psychiatry has taken on the challenge of bridging the 
gap between mental phenomena and their assumed origins in brain 
function (Huys et al., 2016; Montague et al., 2012). The development of 

mathematical models has been central to this effort. Owing to the 
intricate cognitive processes involved in decision-making, such as 
evaluating evidence for potential outcomes and option selection, 
decision-making has become a means to explain psychiatric symptoms 
(Chen et al., 2015; Maia and Frank, 2011). Reinforcement learning (RL) 
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has facilitated decision-making, as well as the development of various 
models augmented with additional parameters, to more accurately 
explain the agent’s decision (Ahn et al., 2014, 2008; Worthy et al., 2013; 
Worthy and Todd Maddox, 2014). Building on previous studies linking 
major depressive disorder (MDD) to abnormalities in the brain’s reward 
circuitry, RL has been widely used to explain decision-making deficits in 
patients with MDD (Chen et al., 2015; Dombrovski et al., 2013; Yechiam 
et al., 2005).

There are various decision-making tasks, one of the simplest forms 
being the probabilistic two-armed bandit task. Owing to its simplicity, it 
has been neglected, as it is considered insufficient for studying complex 
cognitive processes, such as exploration (Cohen et al., 2007; Schulz and 
Gershman, 2019). However, even in this simple task, individuals display 
diverse behavioural patterns likely rooted in variations in neural states. 
Although behavioural models are intended to link these neural and 
behavioural patterns, most account for such behavioural diversity 
merely by randomness in action probabilities and exclude neural state 
diversity from consideration. This likely stems from the fact that most 
behavioural models have been developed to explain relatively 
low-dimensional behavioural patterns without explaining the 
high-dimensional diversity of neural states.

To address this limitation, we developed a new model inspired by the 
principles of the active inference framework (AIF) and determined 
whether the behaviourally relevant signals central to this model can 
account for variations in brain imaging data using a general linear model 
(GLM) in two ways. AIF is a unified theory of action and perception that 
attempts to elucidate decision-making processes by minimising a sin
gular objective function, free energy (Parr et al., 2022). Free energy 
measures the discrepancy between an agent’s internal model (its beliefs 
about the world) and the actual sensory data it receives, and, in the AIF, 
serves as a proxy for surprise (unexpectedness), which cannot be directly 
computed by agents.

The RL model assumes that people develop expected values (EV) for 
each choice option (i), which represent the reward (or punishment) they 
expect to receive following each choice. In this learning process, a 
Rescorla-Wagner model is generally implemented, which uses a fixed 
learning rate parameter (lr) for updating EVs based on the prediction 
error between the outcome (r(t)), and the current EV on trial (t) 
(Rescorla and Wagner, 1972). 

EVi,t+1 = EVi,t + lr⋅
(
r(t) − EVi,t

)
(1) 

Choices are made according to the probability calculated from EVs, 
which are updated and learned through observations, using the softmax 
action selection rule. The degree to which the option with the highest EV 
is chosen is determined by γ, referred to as the ’decision temperature’. 

p
(
ai,t

)
=

exp
(
γ⋅EVi,t

)

∑K
i=1exp

(
γ⋅EVi,t

) (2) 

However, this method determines the probability of selecting each 
option solely based on its EVs, which cannot capture trial-by-trial vari
ability in individual behaviour. In other words, it does not adequately 
account for within-subject fluctuations that unfold as the task pro
gresses. The decision temperature parameter can partially compensate 
for this limitation by modulating the influence of EVs; namely, when 
choice inconsistency increases, the estimated temperature decreases. 
This results in individuals with more inconsistent behaviour being 
interpreted as placing less weight on value-based decisions, a feature 
often linked to impulsivity in decision-making (Findling et al., 2019). In 
this sense, this model is well-suited to explain the overall observed 
behavioural data. However, the model falls short when answering 
questions such as, ‘Why did the person make that specific choice at that 
specific moment?’. This limitation is especially apparent when 
explaining moments of increased choice variability across individuals. 
We quantified choice variability in each trial with Shannon entropy 
(SE):

Fig. 1. 

SEt = −
∑2

i=1
Pi, tlog

(
Pi, t

)
(3) 

where Pi, t is the frequency of selecting choice i on trial t. As shown in 
Fig. 2A, B, entropy is highest at the beginning of the task and decreases 
after approximately 10 trials, suggesting that most participants learned 
which bandit is better by that point. Interestingly, later in the task, there 
are certain trials where entropy increases again. The high entropy in the 
initial phase can be explained by the absence of knowledge, where EVs 
are close to 0.5, leading to action probabilities that approximate the 
chance level. However, the later increases in entropy tend to follow 
surprising events, such as consecutive negative outcomes from selecting 
the better bandit (the black dots in Fig. 2A, B).

The basic model in Eqs. (1–2) attributes such behaviour to an overall 
increase in randomness, as captured by the lower EV of better bandit 
consecutive negative outcomes. However, although entropy increases in 
these trials, it is not as high as in the early phase of the task, where total 
informational uncertainty dominates. This implies that the current in
crease in entropy is unlikely to stem from the same mechanism, and the 
model lacks an important explanatory term beyond EVs to account for 
action selection in these moments.

Such a term must capture how individuals respond to outcomes from 
the previous trial. A well-known strategy that directly reflects this is the 
win-stay-lose-shift (WSLS) strategy, which is entirely outcome-driven 
(Herrnstein et al., 1997; Otto et al., 2011; Steyvers et al., 2009). Prior 
research has suggested that both methods can be utilised in 
decision-making; some studies have even attempted to integrate both 
approaches (Ahn et al., 2014; Worthy et al., 2013). The WSLS-RL model, 
for example, combines both probabilities—those derived from EV and 
WSLS strategy—by weighing them with a parameter w. 

P
(
ai,t

)
= P(ai.t)WLS⋅w + P

(
ai,t

)

RL⋅(1 − w) (4) 

In this model, parameter w and the probability of lose-shift (PWSLS) 
correspond to the parameters that can explain the choice variability in 
specific trials. However, this method relies heavily on additional pa
rameters and cannot explain the mechanism involved in the exchange 
between both strategies according to the state context.

Meanwhile, two aspects of AIF allow for a flexible model to address 
this limitation. First, rather than using EV directly, the expected free 
energy (EFE) is applied as the input to calculate choice probability. EFE 
represents the distance between the probability distribution of this EV 
and each agent’s preference distribution for EV (Eq. (11)). This approach 
accounts for utility differences (Ahn et al., 2008) and captures the var
iations in EV precision, which can influence choice. As shown in Fig. 1A, 
even when EV values are identical, the computed EFE values vary 
depending on the precision of the EVs—higher precision leads to a 
greater EFE difference between the two choices. Similarly, even with the 
same EV and precision, the differences in utility for the rewards also 
affect the EFE gap between choices, with larger utility differences 
resulting in greater EFE separation. A higher EFE gap leads to more 
confident decision-making by increasing the probability of selecting one 
choice over the other. Second, the policy precision parameter (γ in Eq. 
(13)), which corresponds to the decision temperature in a softmax 
function, modulates the effect of EFE on action probability. This 
parameter is updated based on the differences between the EFE (G) 
predicted by the generative model and the free energy (F) calculated 
from the previous outcome (Eq. (14), Fig. 1B). As the discrepancy be
tween the two increases and Gerror grows, policy precision tends to 
decrease accordingly (Eq. (16)). That is, it modulates the weighting 
between model-based predictions and the influence of previous obser
vation, as the parameter w does in the WSLS-RL model.

We propose a new behavioural model based on AIF for the proba
bilistic two-armed bandit task and demonstrate its advantages in not 
only the within-subject variability that emerges throughout the task, but 
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also the inter-subject variability in choice behaviour. We argue that 
these advantages stem from the model’s ability to capture the notion 
that confidence in decision making, as reflected in decision variability, is 
influenced by disconfirmatory evidence over and above the change in 
pragmatic action value that such evidence induces. To evaluate how 
well the new model captures and reproduces the variability of the 
choices observed at the group level, we generated simulated choice data 
using the parameter sets estimated from each model. We then computed 

the cosine similarity between the actual and simulated choice pro
portions to quantify their correspondence. Additionally, we identified 
trials where the distribution of simulated choices significantly diverged 
from that of the actual data using the proportions Z-tests, and found that 
these trials tend to exhibit high choice uncertainty, as indexed by SE. 
Notably, unlike other models, the proposed model was able to reproduce 
participants’ choices in trials with later entropy increase, indicating its 
superior ability to account for choice variability under uncertainty 

Fig. 1. Simulated expected free energy and example estimated results of AIF model. (A) Differences in expected free energy between the two actions increase as 
either the precision of the state increases or the utility increases, regardless of the state’s expected value. (B–D) Estimated results for one participant. (B) Free energy 
values for both actions in each trial. These values are generally higher during the later phase of the trials because the variance of the state distribution is lower. In this 
phase, if the outcomes differ from the prediction, the distribution’s distance to the predicted state is large. Conversely, free energy values before approximately the 
tenth trial are lower because the prediction precision is low; therefore, prediction error is also low. Each bandit’s free energy tends to increase after it is selected and a 
losing outcome is observed. (C) As the policy precision is also updated according to the free energy, updated posterior values tend to follow the worse bandit’s free 
energy while opposing the free energy of the better bandit. (D) While policy precision is updated, the rate of change is hypothesised to represent neural discharge.

Fig. 2. Superiority in explaining the inter-subject variability of choices. (A, B) The entropy of choices in reward task trial out of 54 participants. The black dots at the 
bottom of the plots mark the trial where choosing the worse bandit leads to a loss outcome (12 trials in total, corresponding to 30 %. The blue dots at the top of the 
plots mark late increase entropy trials. (B, C) Proportion of participants choosing a worse bandit in each trial. The cosine similarity of the efegc model with actual data 
is 0.98 in (B), and those of others are 0.94, 0.94, and 0.93 in (C), respectively. The dashed lines indicate the actual proportion and solid lines are generated from 
simulation data of each choice model. (D-G) Z-statistics from proportions Z-tests assessing the difference in choice distributions between simulated and empirical data 
at each trial. Larger absolute values indicate greater discrepancies. Significant trials are marked with dots and the red dots indicate trials with |Z| > 3.2.
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(Fig. 2D). In addition, the validity of the policy precision signal (rate of 
change in policy precision, Fig. 1D) has been confirmed through two 
experiments: one involving the analysis of neural signal data and 
another examining whether behaviour parameters provide better 
explanatory power in describing traits of depressive patients.

In Experiment 1, using neural signal data obtained via task- 
functional magnetic resonance imaging (fMRI), we used two methods 
to confirm whether the policy precision signal is related to neural ac
tivity (Fig. 3). First, we conducted a conventional GLM approach, where 
models are generated by including the stimuli of behavioural tasks as 
regressors. The second method addresses the limitations of the con
ventional GLM by using inter-subject correlation (ISC) (Nastase et al., 
2019). We determined whether the variance in brain imaging data 
across individuals could be explained by the variance in behavioural 
signals and, similarly, whether adding policy precision signal improves 
model performance measured by Akaike Information Criterion (AIC) 

and Bayes Information Criterion (BIC).
In Experiment 2, we conducted the decision-making task involving a 

population that included patients diagnosed with MDD and healthy 
controls (HC). In patients with MDD, the risk of suicide is nearly 20 times 
higher than that in the general population (Turecki et al., 2019). Ac
cording to the Diagnostic and Statistical Manual of Mental Disorders, 5th 
edition (DSM-5), ‘impairment in decision-making’ is an important cri
terion for diagnosing MDD as ‘indecisiveness’. Previous studies have 
analysed patients with MDD with serious suicidal behaviour and found 
that their ability to learn and choose actions leading to rewarding out
comes is impaired (Brown et al., 2020; Clark et al., 2011; Dombrovski 
et al., 2019). Although most studies on suicide have shown impaired 
decision-making and its associated neural correlates within the reward 
domain, impairments in the loss domain have rarely been investigated, 
especially in young patients with MDD and suicidal risk. Furthermore, 
the review by (Chen et al., 2015) highlighted inconsistent findings 

Fig. 3. Schematic illustration of the analysis for explaining neural signals by behavioural signals. (A) Neural signals are extracted at two levels from functional 
magnetic resonance imaging (fMRI) data measured during decision-making tasks. (B) The task begins with gaze fixation on a central cross for a random duration 
ranging from 1.2 to 1.8 s; subsequently, the meaningful experimental stimulus is presented. The ’Cue‘ refers to the presentation of two option figures and lasts for 1.5 
s during which the participant had to choose one. After 1.5 s, the choice results are presented as the monetary reward or loss. We defined this presentation result as 
’Feedback‘ and lasted for 1.0 s. The images of each choice are shown as meaningless black-and-white pictures, and different sets of images are shown during each part 
of the task. Selection should be made in 1.5 s, during which the Cue images are presented on the screen. The policy precision signal is generated by the calculation 
process as in Fig. 1D, then aligned to the time-point of Feedback presentation because the gradient update is assumed to occur by the free energy induced by 
Feedback. (C, D) By calculating the inter-subject correlation (ISC) of time-series over the sliding window, neural and behavioural dynamic inter-subject correlation 
(dISC) were obtained, respectively. (E) Performance comparison of conventional GLM. (F) Performance of dISC GLM. The x-axis represents the ratio of the number of 
regions where each model was measured as best (smallest values of each criterion. Note that, as higher log-likelihood (LLK) values indicate better fit, we used –LLK so 
that lower values indicate better fit), and the y-axis shows the independent variables included in each GLM model. CVS: cue visual stimulus; FVS w: feedback visual 
stimulus of win; FVS l: feedback visual stimulus of lose; AS: action selection; Prec: policy precision signal.
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across the studies employing reinforcement learning tasks in the reward 
and punishment domains. In this study, we determine whether esti
mated parameters from a decision-making task involving reward and 
loss domains can distinguish MDD subgroups categorised by suicidal 
ideation, and whether the newly proposed AIF model offers improved 
adaptability for this purpose.

2. Results

2.1. Model construction and the results of parameter recovery and model 
comparison

We constructed 20 models, comprising five learning models com
bined with four choice models. Two of the learning models utilised 
scalar state values; one is described in Eq. (1) (the Rescorla-Wagner 
model, see Supplementary Table. 1) and the other is the Pearce-Hall 
model (Pearce and Hall, 1980). The others utilised either beta or 
normal distributions for state value. The latter corresponds to the 
Kalman-filter model (Kalman, 1960). With beta distribution, to prevent 
beliefs from becoming quickly inflexible, two different options are 
applied. One applies the ‘learning rate’ using a similar mechanism to 
that of the Pearce-Hall model (Eq. (8)), and the other applies the ‘decay’ 
to prior belief during belief updating (Eq. (6)). Both the learning rate and 
decay terms are changed based on the Bayes-factor surprise, a ratio 
between the subjective probability of an observation under the current 
beliefs and prior beliefs (Eq. (7)) (Liakoni et al., 2021).

The four choice models included two previous models of the softmax 
rule (sft in Supplementary Table. 1) and the WSLS-RL (wsls in Supple
mentary Table. 1) model. The other two models used EFE, referred to as 
the efeX and efegc models. The efeX model excluded the process of policy 
precision update, making it similar to the softmax model. By contrast, 
the efegc model incorporated dynamic changes in policy precision in Eq. 
(16) (where ’gc’ stands for gamma change), resembling the WSLS-RL 
model, as this update modulates the weighting between the influences 
of prediction and previous outcome. The parameter compositions and 
recovery results of each model are described in Supplementary Table. 1 
with descriptions of each parameter. The model construction is detailed 
in the Materials and methods section. Parameter estimation was 
accomplished using the variational Bayes method (Friston et al., 2007), 
and the approximations of log model evidence were subjected to 
random-effect Bayesian model selection (Rigoux et al., 2014). First, we 
grouped 20 models into four ’families’ by action models (Penny et al., 
2010). This method yields family-specific exceedance probabilities, 
representing the probability that the learning model has a higher fre
quency than the other included models on the group level. The beta 
distribution with learning rate model outperformed in efegc model, 
while the Pearce-Hall model was best with the others (Supplementary 
Figure 5A). Using the best combinations of each action model, we 
compared the four models and the model with efegc was best for loss and 
reward tasks (Supplementary Figure 5B).

2.2. Evaluating the model’s capacity to capture individual differences in 
choice

Fig. 2A, B illustrates the entropy of binary choices across individuals. 
On the first trial, selection variability was highest because there was no 
difference in value between bandits, suggesting that this early variance 
was driven by random selection. By contrast, the increase in variance 
observed following the tenth trial was attributed to a distinct mechanism 
related to the direct influence of the previous trial’s result, encoded as 
the lose-shift probability (ls) in the WSLS-RL model or free energy 
(Fig. 1B) in the efegc model. The softmax and efeX model account for this 
by the increased selection randomness due to a temporary reduction in 
the value difference between two options, similar to the early phase. 
Therefore, in the late increase entropy trials (the blue dots in Fig. 2A), it 
becomes difficult for models to accurately distinguish between 

participants who made different choices. As a result, when simulations 
are conducted using such models, the proportion of each choice tends to 
be close to 0.5 due to the reliance on randomness (Fig. 2B, C). This 
phenomenon was observed even in the Pearce-Hall model, which served 
as the best learning model for those action models combination—despite 
showing improved cosine similarity with the actual data. Notably, the 
WSLS-RL model also failed to explain this pattern. This may be due to 
the fact that, whereas the degree of switching in response to previous 
outcomes is modulated by belief precision across the trials in the efegc 
model, it remains fixed in the WSLS-RL.

2.3. Neuroimaging analysis

The ability to modulate the relative influence of prior belief and 
responses to previous outcomes by belief precision across trials in the 
efegc model may underlie its advantage in capturing the behavioural 
patterns observed in actual data. A key component in this process is an 
additional signal, represented by the rate of change in policy precision. 
To evaluate the plausibility of this signal as a candidate mechanism for 
brain function, we compared behavioural and neural signals at both the 
regional and network levels. This approach allowed us to examine 
localised brain activity, as well as alterations in large-scale brain net
works that are critical for cognitive processing (Fig. 3A). We estimated 
four key states using the graph Laplacian mixture model (GLMM), as 
described by (Ricchi et al., 2022). A detailed description of the neural 
signal extraction process is provided in the Materials and methods 
section.

Using the mean activation patterns, we grouped the regions into a 
priori resting-state networks (RSNs) based on (Thomas Yeo et al., 2011) 
(Supplementary Figure. 1A-D). State 1 was positively correlated with 
activation of the visual (VIS) and somatomotor (SOM) networks, dorsal 
attention network (DAN), and ventral attention network (VAN) and 
negatively correlated with the default mode network (DMN) and fron
toparietal control network (FPN) and limbic network (LIM). State 2 was 
positively correlated with the DMN and negatively correlated with State 
1′s network. State 3 was positively correlated with the DAN and FPN and 
negatively correlated with the DMN and SOM network. State4 shows 
generally low activations for most networks, while those of the LIM and 
VAN are relatively high.

In a conventional GLM, two models were included. The regressors for 
these models were based on two types of stimuli: cue-visual stimuli 
(CVS) and feedback-visual stimuli (FVS), as well as regressors for the 
subjects’ behavioral actions in making a choice (AS). Given that the 
feedback stimulus is different based on the outcome, the FVS regressor 
was further divided into two separate regressors for win outcomes 
(FVS_w) and loss outcomes (FVS_l). We discovered that the model 
incorporating policy precision signals (Prec) yielded lower AIC and BIC 
values, which corresponds to better performance, in explaining both 
regional and network-level neural activity (Fig. 3E).

Furthermore, in a separate GLM that used dynamic inter-subject 
correlation (dISC) of behavioral signals to explain the time-varying 
ISC of neural signals, the model with policy precision signals also 
demonstrated the best performance (Fig. 3F). In this analysis, the cue 
stimulus presentation time was identical across all subjects, so it was not 
included as a regressor. Since the dISC for both FVS_l and FVS_w yielded 
identical values, only one was included in the model.

Using beta coefficients from the best model, we performed one- 
sample t-test to identify which regional activations or interactions are 
related to the policy precision signals (Supplementary Table. 3). Across 
both tasks, similar regions included in the DMN were positively corre
lated with the policy precision signal (Fig. 4), whereas regions included 
in the FPN and DAN showed negative correlations. These results are 
consistent with the results of the state level in that occurrences of State 2 
showed a positive correlation with policy precision signals, whereas 
State 3 exhibited a negative correlation (Supplementary Table. 4). Using 
the occurrences of each state, we computed three of the state dynamics 
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metrics for each participant: fractional occupancy (FO), dwell time (DT), 
and transition probability (TP) (Vidaurre et al., 2018). FO refers to the 
proportion of time a participant spends in each state across the entire 
task. DT indicates the average temporal duration of consecutive visits to 
a given state, reflecting how long a state tends to persist once entered. TP 
quantifies the likelihood of switching from one state to another, 
capturing the dynamics of state-to-state transitions. We then examined 
whether these metrics were associated with behavioural parameters 
using Pearson correlation analyses. Among the brain state metrics, those 
that showed significant correlations with behavioural parameters 
included the TP from State 3 to 2 and FO of State 2 (positive correlation 
with ’util’ and ’lr’), as well as the TP of remaining in State 4 (State 4 to 4) 
and the DT of State 4 (both negatively correlated with ’util’ and ’lr’) 
(Supplementary Table. 5).

2.4. Model validation in population, including the patients with MDD

Fig. 4.
Finally, we determined whether the parameters estimated from the 

new model could better discriminate the clinical characteristics. To this 
end, we conducted the behavioural task with a population that included 
patients diagnosed with MDD. The task composition was slightly 
modified by setting the probability of winning on the better bandit to 
0.75 and mixing loss and reward tasks within the same session. Two task 

sets, 1 and 2, were used (n = 74 and n = 43, respectively). Model 
comparison among action model families indicated that the beta dis
tribution with learning rate parameter provided the best fit for efegc 
model, while the Rescorla–Wagner model was best fit for the other 
models, except for the loss task in the task set 2 group (Supplementary 
Figure 4C-F).

We conducted three analyses using the estimated behaviour 
parameter values from the best combination models of each action 
model: (1) logistic regression predicting group membership between 
healthy controls (HC; n = 58) and patients with major depressive dis
order (MDD; n = 58); (2) logistic regression distinguishing suicidal risk 
(SR; n = 37) group from the non-suicidal risk group (NSR; n = 21); (3)
analysis of covariance (ANCOVA) predicting Hamilton Depression Rat
ing Scale (HAM-D) scores (Yi et al., 2005) from the behavioural pa
rameters. All analyses controlled for age, sex, education level, and task 
set. Behavioural parameters estimated from the loss and reward tasks of 
each model were initially included as independent variables.

All parameters estimated from the reward task, except lr from the sft 
and efeX models, were significant predictors distinguishing between the 
control and MDD groups. By contrast, when differentiating between NSR 
and SR groups, significant predictors emerged from the loss task, and 
this pattern was observed only in the efegc model. Regarding the pre
diction of HAM-D scores, the results are similar to those of the HC vs. 
MDD logistic regression.

Fig. 4. Results of a one-sample t-test using beta coefficient values result from GLM to investigate the regions related to the policy precision signal. (A) Cosine 
similarity between beta coefficient values of significantly related regions (p < 0.05) and the seven networks of intrinsic functional connectivity from [32]. Regions 
included within the default mode network (DMN) show positive correlations, while those included in the dorsal attention network (DAN) and frontoparietal network 
(FPN) show negative correlations. (B) Coloured regions have significant correlations with the policy precision signal (p < 0.05). *, ** indicate significance after 
controlling for the false discovery rate (FDR) (* for q < 0.05, ** for q < 0.01) using the Benjamini–Hochberg procedure. (C) Dynamic fractional occupancies of each 
state estimated using a sliding window with a length of seven repetition times (TRs). The left-hand side of the central dashed line corresponds to data collected during 
the loss task, and the right-hand side corresponds to data from the reward task. Although there was a 10-second resting period between the two tasks, it is omitted 
from the figure for clarity.
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3. Discussion

To explain psychiatric symptoms or real human cognitive actions, it 
is essential to utilise biologically plausible models rather than relying 
solely on those that demonstrate the best performance. This approach 
ensures that the model is accurate and reflective of the complexities of 
neural processes. Our model included distributional representation 
during the learning process, calculated expected energy during action 
selection, and optimised policy precision by observing each trial. 
Although this may seem overly complex, including biologically plau
sible parameters and signals significantly enhances explanatory power 
in neural signal data and validates this advantage in the clinical data.

The main advantage of this model lies in its ability to account for the 
context-dependent interplay between model-based predictions and the 
influence of previous observation using a single free energy function, 
thereby avoiding additional weighting parameters. By optimising policy 
precision based on outcomes from previous trials, the model not only 
improved task performance but also enhanced the explanatory power of 
the free parameter in capturing clinical characteristics (Fig. 5). 
Furthermore, the rate of change in policy precision emerged as a 
meaningful signal in explaining neural dynamics (Fig. 3E), particularly 
when inter-subject correlations (ISC) were considered, leading to 
improved explanatory power regarding variability in neural responses 
(Fig. 3F).

In the neural signal analysis, the regions with a positive correlation 

with the policy precision signal were predominantly affiliated with the 
DMN, whereas those with a negative correlation were associated with 
the DAN and FPN. These regional findings align with network-level re
sults, which revealed a positive correlation with the occurrence of State 
2 (dominated by the DMN) and a negative correlation with State 3 
(dominated by the DAN and FPN). The anti-correlation between these 
states has been consistently observed in prior studies, where the DMN is 
typically associated with the resting (i.e., task-negative) state, and the 
DAN and FPN with task-positive processing. Although the DMN is 
generally activated during rest, mind-wandering, and self-referential 
thought (Damoiseaux et al., 2006; Dastjerdi et al., 2011; Power et al., 
2011), recent evidence suggests its role extends to the processing of 
intrinsic information during task performance (Buckner and Carroll, 
2007; Power et al., 2011; Raichle and Raichle, 2001; Weber et al., 2022). 
In line with this, State 2, dominated by DMN activity, was the second 
most frequently observed state during task execution in our study 
(Supplementary Figure. 3B), supporting the functional involvement of 
the DMN during goal-directed behaviour.

The DMN has been suggested to facilitate the detection of associative 
relevance between internal and external stimuli and to contribute to 
value coding (Roy et al., 2012). From this perspective, an alternative 
proposal argues that the DMN supports recursive exploration by 
selecting optimal actions within environmental contexts, potentially 
operating at higher levels of the inferential hierarchy to minimise free 
energy at lower levels (Carhart-Harris and Friston, 2010; Lehmann et al., 

Fig. 5. Results of three types of analyses using parameter values estimated from four behaviour models. (A, B) Results of logistic regression analysis predicting group 
using parameters. (C) Results of analysis of covariance (ANCOVA) predicting HAM-D scores and each individual parameter value, respectively. Asterisks (*) indicate 
statistically significant predictors (p < 0.05). Blue and red bars indicate parameters from the loss task and the reward task, respectively.
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2023). Additionally, the hippocampus, which was active in State 2 
(Supplementary Figure. 1 J), is implicated in internal model construc
tion and planning (Miller et al., 2017; Turner et al., 2022), further 
linking DMN functionality with internal modelling processes. 
Conversely, the activation of State 3, characterised by dominant DAN 
and FPN activity, was associated with decreased policy precision—likely 
reflecting increased uncertainty and the need for externally directed 
attention.

Correlation analyses between behavioural parameters inferred from 
the model and state dynamic metrics revealed that longer DT in State 4 
was associated with increased choice inconsistency. By contrast, the 
metrics related to State 2 showed the opposite pattern. Further exami
nation revealed a mutually inhibitory relationship between States 2 and 
4: an increase in State 2 DT was associated with reduced transitions 
involving State 4, and vice versa (Supplementary Figure. 3D). This 
suggests that, while anti-correlation between States 3 and 2 related to 
the policy precision signal may reflect a cooperative dynamic supporting 
task performance via policy precision modulation, State 4 may interrupt 
the functional role of State 2. State 4, despite its generally lower nodal 
activation, showed relatively higher activation in the LIM and VAN and 
was characterised by high connectivity (Supplementary Figure. 2).

Previous studies suggest that VAN is activated by surprising external 
stimuli (Asplund et al., 2010; Corbetta and Shulman, 2002) and plays a 
role in regulating the balance between the DMN and DAN (Corbetta 
et al., 2008; Goulden et al., 2014). Conversely, DAN activity has been 
shown to suppress VAN, supporting sustained goal-directed attention. 
The stronger this suppression is, the better is the task performance 
(Vossel et al., 2014). Based on this, we speculate that, when 
surprise-induced VAN activation occurs due to unexpected outcomes, a 
rapid suppression by DAN may be necessary to restore attentional focus 
and maintain learning based on the internal model. This dynamic may 
reduce the DT in State 4 and facilitate appropriate engagement of States 
2 and 3, thereby improving task performance and behavioural consis
tency. Moreover, these results align with the view that reactive strategy 
to previous observation are not a distinct category opposed to 
model-based (MB) control, but rather reflect a relative state over the MB 
continuum, where MB influence is diminished. From this perspective, 
transitions between States 2 and 3 correspond to a shift in action strat
egy characterised by reduced MB control and increased reliance on 
alternative mechanisms. The engagement of task-positive regions 
observed in State 3 may serve a compensatory role, supporting 
decision-making in the face of reduced MB influence.

In a related study by (Moutoussis et al., 2021), a single latent 
dimension termed ‘decision acuity’ was identified, capturing shared 
variance across multiple decision-making tasks. This construct aligns 
closely with policy precision (γ) or its principal component in the active 
inference framework. Their findings showed that intra- and 
inter-connectivity within FPN, medial prefrontal cortex (MPC), orbito
frontal cortex, medial and lateral (OFC), opercular cortex (OPC), pos
terior cingulate cortex (PCC), right dorsolateral prefrontal cortex (RDC), 
somatosensory and motor areas (SMT), and visual regions modules 
significantly predicted decision acuity. As shown in Supplementary 
Figure 2, State 4 exhibited high integration within RSNs overlapping 
these modules. Although these results are from resting-state fMRI, such 
baseline connectivity patterns likely influence task-state neural dy
namics, suggesting a degree of relevance to our findings.

Moreover, while task-fMRI was not conducted in Experiment 2, the 
observed behavioural parameter differences between healthy controls 
and individuals with MDD or high suicidal risk may be attributable to 
differences in brain state dynamics. Specifically, modulating State 4 DT 
to maintain levels similar to those observed in healthy individuals 
during surprise events may aid in symptom alleviation or serve as an 
objective marker for assessing MDD risk.

Patients with MDD exhibited significantly lower total scores in the 
reward task, whereas no such group difference was observed in the loss 
task (Supplementary Figure. 7A). Lower performance in the reward task 

could stem either from impaired learning or from inconsistent choice 
behaviour despite learning. The former would be reflected in the pa
rameters of the learning model, while the latter would manifest in the 
action model parameters. Indeed, both β and util, which govern decision 
consistency and reward sensitivity, were significantly reduced in pa
tients with MDD across all action models. Additionally, parameters such 
as w and ls, which also contribute to decision variability, were elevated 
in the MDD group. Among learning parameters, the learning rate lr 
showed a significant reduction in MDD, although this effect was not 
observed in the sft and efeX models. These findings align with the 
literature reporting impairments in reward valuation processes among 
individuals with MDD (Huys et al., 2021; Rupprechter et al., 2018). By 
contrast, loss-related parameters appeared relatively preserved 
compared to healthy controls. Notably, scores from the reward and loss 
tasks were highly correlated (Supplementary Figure. 7B). Although no 
significant differences emerged between the NSR and SR groups in 
overall task scores, the SR group tended to show lower performance in 
the reward task but paradoxically higher performance in the loss task 
(Supplementary Figure. 7E). Reflecting this trend, the util parameter in 
the loss domain—estimated using the efegc model—was increased in the 
SR group, suggesting that altered sensitivity to negative outcomes could 
be a key feature in identifying suicide risk among individuals with MDD. 
Previous studies have noted that MDD is often associated with dimin
ished reward sensitivity alongside heightened punishment sensitivity, 
which may result in an exaggerated gain–loss asymmetry during 
value-based decision-making (Chen et al., 2015; Dombrovski et al., 
2013). The current findings extend this perspective by suggesting that 
such asymmetries may contribute to the development of suicidal risk. 
However, as this subgroup analysis included a small number of people 
for each NSR and SR group (n = 21 and 37, respectively), future studies 
with larger samples remain warranted to confirm our findings.

A behaviour model that can reflect the various mental states of 
people is warranted to better explain mental states through the model. In 
addition, there are limitations to understanding individual characteris
tics through parameters obtained from behavioural modelling. There
fore, high-dimensional brain signal data that reflects individual diversity 
must be integrated. This makes behavioural modelling even more crit
ical. Rather than focusing solely on better explaining behavioural out
comes, we must prioritise the development of biologically plausible 
models, identify their neural correlates through brain signals, and un
derstand mental symptoms in terms of the differences or abnormalities 
that arise from these connections. This will explain the differences in 
various brain states through models and serve as a foundation for per
sonalised neuromodulatory treatment through accurate correlation be
tween behaviour and individual brain activity.

4. Materials and methods

4.1. Participants

4.1.1. Experiment 1
A total of 54 volunteers participated in Experiment 1 (15 females and 

39 males; mean [standard deviation] age: 22.4 [3.2] years; all partici
pants were right-handed and had no history of psychiatric or neuro
logical disorders). All participants provided written informed consent 
for all the procedures and data usage before the start of the study. The 
experimental procedures were approved by the Ethics Committee of 
Korea Advanced Institute of Science and Technology.

4.1.2. Experiment 2
A total of 117 participants aged 18 to 34 years were recruited 

through the outpatient clinic of the Samsung Medical Center in Seoul, 
South Korea, between July 2018 and October 2020. MDD was diagnosed 
by two psychiatrists (H. Kim and H.J. Jeon) based on clinical interviews. 
Those whose diagnosis was categorised as MDD per DSM-5 were 
included in the MDD group. The exclusion criteria were: (1) MDD with 
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psychotic features; (2) comorbidity of any other psychiatric illnesses 
including bipolar disorder, schizophrenia, delusional disorder, delirium, 
neurocognitive disorder, intellectual disability, and other mental dis
orders due to another medical condition; (3) history of substance-related 
disorders except for tobacco-related disorders within 12 months; (4)
primary neurologic illness or history of brain damage; and (5) a history 
of major physical illness. HCs were recruited from the community using 
an advertisement for the Clinical Trial Center of Samsung Medical 
Center. A total of 117 individuals were initially enrolled, of whom 112 
returned for a follow-up visit one month later. Among them, 105 
completed a second follow-up visit another month later, during which 
they completed the questionnaire assessment. The control group 
included participants without any current or history of psychiatric 
illness and who consistently scored ≤7 on the HAM-D scale at all three 
visits (Yi et al., 2005). Suicidal risk was assessed using the suicidality 
module of the Mini International Neuropsychiatric Interview (Kim et al., 
2017). Participants who scored ≥6 on the suicidality scale at any of the 
three visits were classified into the suicidal risk group (SR). This stan
dard includes individuals who experienced suicidal ideation within the 
past month or those who, despite the absence of current suicidal 
thoughts, had a lifetime history of suicide attempts and reported a desire 
to harm or injure themselves during the past month. Among them, eight 
individuals showed an increase in suicidality from level 0 at the first visit 
to level 1 or 2 at the second and/or third visits. Of these eight partici
pants, seven were diagnosed with MDD.

Among the 59 participants who met the criteria for the control group 
at the first visit, four individuals scored >7 on the HAM-D scale at one or 
more of the second and third visits. Of these, three had a score of 8 on 
only one occasion, with low overall symptom severity and no suicidal 
risk (score = 0 at all visits); thus, they were retained in the control group. 
The remaining participant scored >8 at both follow-up visits, with re
ported suicidality scores of 9 and 2 at the second and third visits, 
respectively, and was therefore excluded from the control group. This 
participant was the only one among those whose suicidal risk increased 
after an initial score of 0 at the first visit and who was not diagnosed 
with MDD. Therefore, a total of 58 participants were classified into the 
control group, 37 into the suicidal risk (SR) group, and 21 into the non- 
suicidal risk (NSR) group.

The study design was approved by the Institutional Review Board of 
Samsung Medical Center (IRB No 2018–04–137). All participants pro
vided written informed consent before participating in this study in 
accordance with the Declaration of Helsinki.

4.2. fMRI data acquisition

In Experiment 1, all participants underwent MRI using 3.0-T MRI 
(Siemens Verio Syngo Scanner). Both T1-weighted (T1w; echo time [TE] 
= 2.02 ms, repetition time

[TR] = 2400 ms, field of view (FOV) = 224 × 224 mm, and 0.7 mm 
isovoxel) and T2-weighted (T2w; TE = 330 ms, TR = 2200 ms, FOV =
224 × 224 mm, and 0.7 mm isovoxel) structural images were scanned. A 
total of 240 echo-planar imaging scans of BOLD responses (multiband 
factor = 4, TE = 32 ms, TR = 1.5 s, flip angle = 50◦, FOV = 225 × 221 
mm, matrix size = 110 × 107, 2.0 mm isovoxel with no gap, 64 slices, 
phase encoding = anterior to posterior) were performed using a 
32channel head coil. Field map images (TR = 731 ms, TE: 4.92 ms and 
7.38 ms, flip angle = 90◦) were also acquired to correct distorted images. 
In every trial, the participants performed the experimental task with 
both hands to press an MRI-compatible button to make their decision. In 
the pretraining session, prior to the first scan, the participants were 
acquainted with the apparatus and tasks performed during scanning. 
Sequences executed during this pretraining session were not encoun
tered later in the experiment. Preprocessing and processing of the neu
roimaging data were performed using AFNI (v23.1.00) (Cox, 1996; Cox 
and Hyde, 1997), FSL (v6.0.5.2), FreeSurfer (v7.1.1), Workbench 
(v1.5.0), and Advanced Normalization Tools (ANTs). Following the 

Human Connectome Project, a minimal processing pipeline for struc
tural images, structural T1w and T2w images (Glasser et al., 2013), were 
processed, involving automatic segmentation of surfaces and recon
struction using FreeSurfer 7.1.1 (https://surfer.nmr.mgh.harvard.edu/) 
(Dale et al., 1999; Fischl et al., 2002). The generated volumes and sur
face files were converted to the CIFTI file format using ciftify (https 
://edickie.github.io/ciftify/) (Dickie et al., 2019) including MSMSulc 
surface realignment (Robinson et al., 2014).

Raw time-series of task fMRI were performed with slice-timing 
correction, realignment, and skull stripping using AFNI commands 
(3dTshift, 3dvolreg, and 3dAutomask) (Taylor et al., 2018). Realigned 
data were unwarped using a fieldmap in FSL. A bandpass filter (highpass 
= 0.01) was applied to the unwarped functional data and motion artifact 
time-series before regression. Using algorithms in ANTs, we registered 
the unwarped functional data into a 2-mm MNI152 T1w template space 
via skull-stripped T1w images preprocessed with AFNI. The eroded 
white matter (WM) and ventricular cerebrospinal fluid masks segmented 
using FreeSurfer were moved to the functional image space using the 
transformation matrix generated via ANTs in the previous step. PCA 
(3dpca in AFNI) was applied to the eroded ventricular mask in 
bandpass-filtered, scaled functional data, and ventricular PCA 
time-series was acquired. Using the fast ANATICOR algorithm in AFNI 
(Jo et al., 2010) on an eroded WM mask, a voxel-wise local WM re
gressor was generated.

3dTproject in AFNI, all regressors generated were projected into a 
regression matrix. Finally, the bandpass-filtered, scaled functional data 
were denoised, including pre-whitening, to remove the autocorrelation 
property using 3dREMLfit (residual maximum likelihood) in AFNI. 
Using transformation matrices and warping images generated by ANT 
algorithms, the denoised functional data were directly moved to a 2-mm 
MNI152 T1w template space and projected to the CIFTI format using the 
ciftify package (Dickie et al., 2019).

4.3. Neural signal extraction

After preprocessing, we acquired the averaged ROI time-series 
extracted from the Schaefer Atlas (Schaefer et al., 2018), including 
100 regions covering the cortex, and the Melbourne Subcortex Atlas 
(Tian et al., 2020) covering the subcortex. Additionally, to include other 
subcortical regions related to the release of important neurotransmit
ters, including dopamine and norepinephrine, we added some regions to 
the CIT168 atlas (Pauli et al., 2018) and Harvard Ascending Arousal 
Network Atlas (Edlow et al., 2012) to obtain signals from a total of 147 
ROIs. To extract the representation of overall brain states associated 
with network-level interactions, we employed the Graph Laplacian 
mixture model (GLMM). This method identifies meta-networks repre
senting both intra- and inter-network interactions by estimating the 
Laplacian matrices that characterise the graph structure and dynamics of 
brain states. This method showed state classifications consistent with the 
timing of the various task paradigms in the HCP dataset (Maretic and 
Frossard, 2020; Ricchi et al., 2022). GLMM provides information on 
brain state activation patterns (estimating means), functional connec
tivity structure (Laplacians), and their temporal dynamics (probability 
of occurrences over time). Four major states were identified and 
depicted in Supplementary Figure. 1.

4.4. Behaviour task and modelling

4.4.1. Experiment 1
Participants faced two choices: one with a 70 % likelihood of win

ning and the other with 30 %. The number of trials was 40 per part; thus, 
a total of 80 trials were performed by each participant. Participants were 
explicitly instructed that one of the two bandits had a higher probability 
of winning and were asked to infer which one was better to win as the 
trial progressed to maximise the accumulated reward. Participants were 
expected to learn about the reward value of each option by trial-and- 
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error and utilise computed reward values to make their decision. 
Therefore, the probability of one choice being better represents the 
hidden state value inferred by the agents during the task. This state 
could be modelled using either a beta or a normal distribution. The 
inferred value over one choice could be updated in every trial, even if 
that choice was not selected, because winning or losing by selecting one 
choice simultaneously means losing or winning by selecting the other 
choice. The expected value can be represented by either scalar proba
bility or a distribution form. Using a scalar value corresponds to the 
Rescorla-Wagner model and Pearce-Hall models. In the Pearce-Hall 
model, the learning rate in is changed across the trial based on the ab
solute value of prediction error. 

EVi, t+1 = EVi, t + lr⋅
⃒
⃒r(t − 1) − EVi, t− 1

⃒
⃒⋅
(
r(t) − EVi, t

)
(5) 

Meanwhile, using a distribution form, we can utilise the variance of 
state when calculating behavioural measures in the model, such as the 
learning rate or free energy. Each trial corresponds to the Bernoulli trial 
with outcomes of win or lose, and state value q(θ) can be represented by 
a beta distribution, where θ is the probability of one choice being better 
bandit. The beta distribution is parameterised as: 

θ ∼ Beta(α, β) (6) 

where α and β are equal to one plus the number of win or lose outcomes, 
respectively, for a given choice. In this case, as the task progress, the 
learning process can be represented simply by adding one according to 
the outcome of each trial (ot), as the likelihood of outcome at each trial is 
a binomial distribution, which is conjugate to the beta distribution: 

αt+1 = ρt⋅αt + (1 − ρt)⋅α0 + δat ,ot βt+1

= ρt⋅βt + (1 − ρt)⋅β0 +
(
1 − δat , ot

)
(7) 

δ indicates the Kronecker delta and takes 1 if both variables at and ot are 
equal (when selecting choice 1 results in a win or selecting choice 0 re
sults in a lose), and 0 otherwise. ρ is the decay parameter (0 < ρ < 1). 
Smaller values lead the concentration parameters to converge toward 
their initial values, effectively corresponding to a forgetting process in 
which learning from observations fades over time. This parameter is 
dynamically updated across trials as follows: 

ρt =
m⋅PS

1 + m⋅PS
m =

v
1 − v 

PS = − lnqt(ot ; θ)

qt(ot ; θ) =
αtδat ,ot + βt

(
1 − δat ,ot

)

αt + βt 

The likelihood of observing ot given the current belief is denoted as 
qt(ot;θ), which can be efficiently computed under a beta distribution. 
When an outcome ot that was unlikely under the current belief is 
observed, the level of surprise increases. This mismatch between prior 
beliefs and observed outcomes is quantified as predictive surprise (PS). 
An increased PS reduces the relative influence of the prior belief during 
belief updating, thereby allowing the new observation to exert a stron
ger effect on the posterior belief. Meanwhile, parameter m, which de
pends on volatility parameter (0 < v < 1), modulates how strongly the 
surprise influences learning. Volatility refers to the degree to which the 
underlying generative probability has drifted, making it less compatible 
with the current belief. Higher volatility implies greater environmental 
instability and thus, a stronger need to adapt by giving more weight to 
recent observations.

In addition, another model modulating learning rate was constructed 
as follows: 

αt+1 = αt + δat ,ot ⋅lr⋅ρt− 1 βt+1 = βt +
(
1 − δat , ot

)
⋅lr⋅ρt− 1 (8) 

In this model, ρt is always positive as per Eq. (7) and serves as a 

substitute for the absolute value of the prediction error in the Pearce- 
Hall model.

State value q(θ) can be represented by a normal distribution as θ ~ 
Norm(µ, σ2) with a prior mean of 0.5, and typically, a large standard 
deviation of 10. In this case, corresponding to the Kalman-filter model 
(Kalman, 1960), the likelihood of outcome at each trial can be repre
sented as a normal distribution, and the standard deviation of the 
observation (σo in Eq. (9)) can either be fixed or defined as a free 
parameter. That modulates how much prior belief will be updated: 

μt+1 = μt +
σ2

t σ2
o

σ2
t + σ2

o
(r(t) − μt) (9) 

As an action model, we used a conventional softmax function (Eq. 
(2)), WSLS-RL (Eq. (3)), and two models based on AIF scheme utilising 
EFE. Formally, we express the EFE of a choice a on trial t as: 

Gt(a) = DKL[q(ot |at = a)‖ p(ot)] + Eq(θ)[H][ot |θ, at = a]] (10) 

The preference distribution of outcomes, p(ot), is encoded using util 
parameter for each participant as (0 < util < 1): 

P(ot)[win, lose] =

[
exputil

exputil + 1
,

1
exputil + 1

]

(11) 

The probability of selecting choice a is then calculated as: 

Pt(a) = σ( − γ⋅Gt(a)) (12) 

In addition, the precision of beliefs about actions γ, can be inferred 
instead of a fixed value (Friston et al., 2014). In the efeX model, the 
following adjustment is excluded. In the efegc model, the initial value of 
γ is calculated from the fixed prior value of β0 (Smith et al., 2022). Thus, 
the probability that the agent will choose each policy π0 will be 

π0←σ(− γG) (13) 

As precision weights the EFE to determine the probability of 
choosing each policy, the results of trial t are given as either a win or a 
loss, and the variational free energy (VFE) of each policy F over that 
observation is calculated. Subsequently, the probability of choosing 
each policy after a subsequent observation is: 

π←σ( − F − γG) (14) 

and the error of the agent’s EFE (Gerror) is given as: 

Gerror←(π − π0)⋅( − G) (15) 

The above equation reflects the level of (dis)agreement between the 
EFE (G and π0) and the VFE of the observation (F and π) (Smith et al., 
2022). Thus, the β whose inverse means γ is updated based on Gerror. 

γupdate←1
/

γ − 1
/

β0 + Gerror (16) 

1
/

γ←1
/

γ − γupdate

/
ψ 

Therefore, policy precision reflects the reliability of the EFE based on 
new observations that represent either winning or losing outcomes. If 
the result of a chosen action betrays expectations, precision decreases, 
causing the probability of action selection to rely less on the expected 
free energy. Simultaneously, this increases the effect of free energy that 
is calculated from the previous outcome.

4.4.2. Experiment 2
The overall paradigm of the decision-making task is similar to that of 

Experiment 1. However, participants performed 80 trials at once, and 
each trial’s decision was either a loss or reward specific. In reward 
decision-making task trials, choice options are presented with a blue 
boundary, while red boundaries are used in loss trials (Supplementary 
Figure. 4). One option was associated with a high probability of reward 
(75 % of reward) while another option had a high probability of non- 
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reward. Reward and loss schedules were semi-randomised and coun
terbalanced with two schedules (74 participants for set 1 and 43 for set 
2). The same behaviour models were used as in Experiment 1.

4.5. GLM analysis

To identify the shared dynamics of neural engagement across par
ticipants who performed the same experimental task, we calculated the 
dISC for each level of the time-series (Majumdar et al., 2023; Nastase 
et al., 2019). A sliding window with a length of three repetition times 
(TRs) corresponded to approximately the length of one trial (3.7–4.3 s) 
and a 1 TR overlap. This was calculated by correlating the neural signal 
of one participant for each region within each window with the mean 
signal within the same window for the same region from the remaining 
participants (leave-one-out method). The ISC method increases the 
signal-to-noise ratio (SNR) to detect stimulus-induced inter-regional 
correlations. The improvement in the SNR arises from filtering out 
intrinsic neural dynamics (for example, responses arising from intrinsic 
cognitive processes unrelated to ongoing stimulus processing) and 
non-neural artifacts (for example, respiratory rate and motion) that can 
influence network correlation patterns within the brain but are not 
correlated across participants. The time-series of neural signal from 
node i of participant j is xi

j(t); this signal consists of a linear combination 
of the shared component c(t), idiosyncratic responses to the stimulus for 
participant j idi

j(t), and spontaneous activity unrelated to the stimulus 
εi

j(t). Therefore, the time series of participants a and b can be expressed 
as Eq. (17), with shared c(t). 

xi
a(t) = αi

a⋅c(t)i
+ δi

a⋅idi
a(t) + εi

a(t) xi
b(t) = αi

b⋅c(t)i
+ δi

b⋅idi
b(t) + εi

b(t) (17) 

ISCi
a,b ≈

̅̅̅̅̅̅̅̅̅̅̅

αi
a⋅αi

b

√

In the previous ISC study, the correlation between participants a and 

b was approximated to the 
̅̅̅̅̅̅̅̅̅̅̅

αi
a⋅αi

b

√

because id(t) and ε(t) are not sys
tematically correlated across participants, whereas c(t) is perfectly 
correlated (Nastase et al., 2019). However, in the current study, the 
idiosyncratic response conforms to the policy precision signal, in that id 
(t) is not perfectly uncorrelated across participants. The ISC of the policy 
precision signals varied from 0 to 1, with a considerably high value. In 
the original logic of ISC, this idiosyncratic response should be averaged 
to a small value close to zero due to its inconsistent characteristic, such 
that only c(t) can be isolated; however, correlations across idiosyncratic 
responses of the participants exist. Therefore, the neural ISC values 
corresponded to the values including not only the effect of the shared 
component but also the idiosyncratic response component in the extent 
of ISC of the policy precision signal for participant j. Thus, the neural ISC 
value of each node i can be approximated as: 

ISCi ≈ β0 + β1⋅bISC (18) 

where we can assume that the intercept term β0 corresponds to the effect 
of αi in Eq. (17) and the β1 corresponds to the effect of ISC of behavioural 
signal (bISC), such as policy precision. If the bISC is 0, the result is 
equivalent to the third line of Eq. (17). This can be applied to the time- 
series data of each participant (j) using dynamic ISC (dISC) of neural and 
dISC of behavioural signals (dbISC in Eq. (19)) for performing GLM 
analysis. 

dISCi
j(t) = β0j + β1j⋅dbISCj (19) 

Since action timings (AS) and feedback visual stimulus (FVS) are also 
different across participants, we performed a GLM analysis that included 
dISC of these signals, both with and without dISC of policy precision 
signal. We then compared the model performance using AIC, BIC scores.

To validate the relevance of policy precision signals in explaining 
neural signals, we performed a conventional GLM to identify which 

regions or networks are related to this signal. Using beta coefficient 
values estimated from the GLM, we conducted a one-sample t-test to 
examine if those values are significantly positive or negative.

5. Conclusion

Our findings demonstrate that the biologically plausible AIF model 
provides a better reflection of individual states than conventional RL 
models. This highlights the potential of developing behavioural models 
in this manner to advance precision medicine in psychiatry.
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