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Supplemental Methods
Computational model
An immense revolution in the psychology and neuroscience is the application of sophisticated computational models which allows the instantiation of complex mathematical algorithms to make quantitative predictions about dynamic features of how choice behaviors are generated [1-3], instead solely concentrating on choice accuracy and response time and omitting the discernment of speed-accuracy trade-offs [4-5]. We thus derived four computational models (M1: Recorla-Wagner (RW) model with single learning rate; M2: RW model with dual learning rate; M3: Reinforcement Learning Drift Diffusion model (RL-DDM) with single learning rate; M4: RL-DDM with dual learning rate) to explore how participants encode and predict value information to facilitate rewarding choices in learning stage (See Table. S1). The RW model elucidates error-driven learning process in which the choices are updated by evaluating the discrepancy between actual outcome and expected outcome value [6-7], whereas the RLDDM quantifies the learning of subjective values towards options over time and how this skews specific decisions via inspecting both choices and response times [8]. To abstain from repeated redundant procedures of model evaluation, simulation and parameter recovery and select one model reaching goodness-of-fit criterion directly, we firstly compared the two RW models according to Leave-One-Out Information Criterion (LOOIC) [9] using the loo package in R and evaluated the two RLDDMs performance based on the Deviance Information Criterion (DIC) using the hddm package in python. The LOOIC was a highly recommended method for estimating pointwise out-of-sample prediction accuracy from hierarchical Bayesian models, with lower LOOIC score suggesting better prediction accuracy out of sample. Although the DIC with lower value also indicated better hierarchical model, it was only effective when the posterior distributions of the model is approximately multivariate normal [10]. 
Our initial analysis revealed that the fitting data from the first fMRI run of the learning stage exhibited lower Bayesian information criterion (BIC), leave-one-out cross-validation information criterion (LOOIC), and deviance information criterion (DIC) values compared to those from the two fMRI runs (Table. S2-S3). This suggested that the four models performed better in capturing participants’ actual learning trajectory in the first fMRI run, but not in both two fMRI runs of the learning stage (Fig. S1-S5), which supported our pre-determined analysis plan of focusing solely on the first fMRI run. Given that, we conducted model comparison between M1 and M2, M3 and M4, separately, revealing that M2 and M4 with dual learning rate were the best-fitting models (Table. S2-S3). However the M4 was excluded due to its poor simulation performance in posterior predictive checks for choice accuracy (Fig. S4) in the comparison with M2 which captures better representation of overall learning trends (the trial-wise observed data significantly correlates with simulated data with high correlation coefficients that ranging from 0.94 to 0.99, all ps < 0.001).
As such we preserved the M2 which was defined with a hierarchical Bayesian parameter estimation framework in which group and individual parameter distributions were fitted simultaneously and constrained each other. In this model, the expected value of the chosen object (Qcs) on the trial t+1 was updated based on the disparity (r(t) – Qcs(t) denoted as the prediction error (PE)) between the reward obtained for choosing that object (r = 1 for reward, r = 0 for loss) and the prior expected value of that object:




Following that equation, choices followed by positive outcome (r = 1) were weighted by the αGain learning rate parameter and choices followed by negative outcome (r = 0) were weighted by the αLoss learning rate parameter (0 < αGain, αLoss < 1). The Q-value for the first trial and for each participant was set at 0.5 to prevent any initial bias in the expected value. Participants’ choice behaviors were then estimated via the use of a ‘Softmax’ logistic function, in which an inverse gain parameter β reflecting the probability of choosing one object over another (e.g., A over B) was computed as:




The parameter β ranging from 1 to 15 revealed the exploratory or exploitatory choice behavior, with higher value describing consistent choices on the object of higher expected value, but lower value reflecting random choices irrespective of the expected value of the object. Accordingly, participants’ trial-wise choices were fit with three free parameters αGain, αLoss and β, which were modified to maximize the likelihood of the actual choices under the model.
In addition, to check the validity of model parameter estimation, we deployed participant-specific posterior means for each true free parameter from the M2 as ground truth and used them to simulate 50 new choice datasets per participant. The M2 was fitted again to those 50 simulated data in which each participant would be reported with 50 × 3 recovered parameters. We then averaged the recovered parameters for αGain, αLoss and β for each participant and associated those averaged recovered parameters with true parameters to indicate the degree to which they are correlated and whether there was a bias. Finally, we evaluated the ability of M2 in capturing the trial-wise expected value and PEs based on the rewarding probability by plotting the change of final Q values across each object alongside with rewarding probability and comparing PEs, updated Q value and PEs in different stimulus pairs.  





























Supplemental Results
Table S1. Free parameters of all models
	Models
	Free parameters

	Model 1
	α, β

	Model 2
	αGain, αLoss, β

	Model 3
	a, v, t , α

	Model 4 
	a, v, t, αGain, αLoss


α - learning rate; β - inverse temperature; αGain, αLoss - learning rate for gain and loss outcomes, separately; a - decision threshold; v - drift rate; t - non-decision time


Table S2. Model1-2 comparison indices between first and second fmri run dataset
	Group-level
	LOOIC±SE
	Mean_AIC
	Mean_BIC

	Model 1(1st run)
	1570.0(105.1)
	37.21
	49.06

	Model 1(2 runs)
	2442.2(200.3)
	55.68
	68.91

	Model 2(1st run)
	1385.6(94.6)
	34.48
	52.25

	Model 2(2 runs) 
	2222.8(195.6)
	52.24
	72.09


LOOIC - leave-one-out information criterion; AIC - Akaike information criterion; BIC - Bayesian information criterion
 
Table S3. Model3-4 comparison indices between first and second fmri run dataset
	Group-level
	DIC
	Gelman-statistic value

	Model 3(1st run)
	2519.96
	1.02

	Model 3(2 runs)
	3957.18
	1.01

	Model 4(1st run)
	2000.58
	1.03

	Model 4(2 runs) 
	2946.13
	1.01


DIC - Deviance information criterion
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Fig. S1 Predictive performance of different neural patterns for learning experiences, including gain- and loss-related stimuli and outcomes, as well as various levels of prediction errors and expected value.
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Fig.S2 Individual-level differences in AIC and BIC between models using data from only the first fMRI run and models using data from both fMRI runs.M1: Recorla-Wagner model with single learning rate; M2: RW model with dual learning rate. 
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Fig. S3 Posterior predictive checks assessing trial-wise choice accuracy for Model 3 fitted to data from only the first fMRI run (a) and to data from both fMRI runs (b).

[image: C:\Users\86180\AppData\Local\Temp\{E29EBFE2-6F2D-4E2B-8993-CB0A43DA4EBA}.tmp]
Fig. S4 Posterior predictive checks assessing trial-wise response time for Model 3 fitted to data from only the first fMRI run (a) and to data from both fMRI runs (b).
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Fig. S5 Posterior predictive checks assessing trial-wise choice accuracy for Model 4 fitted to data from only the first fMRI run (a) and to data from both fMRI runs (b).
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Fig. S6 Posterior predictive checks assessing trial-wise response time for Model 4 fitted to data from only the first fMRI run (a) and to data from both fMRI runs (b).
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Fig. S7 The “Optimism bias” was observed in learning rates for Model 4 fitted to data from only the first fMRI run (a) and from both fMRI runs (b).
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a Posterior predictive checks about choice accuracy for Model 4 (1st run)
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