Hong, W. et al.: Reduced loss aversion in value-based decision-making and edge-centric functional connectivity in patients with internet gaming disorder. https://doi.org/10.1556/2006.2023.00014

Supplemental information
Participants
The PIGD had been playing internet games for at least 12 months before participating in the study. In addition, the PIGD had been playing internet games for at least six hours a day during the past three months (a frequency and amount defined regular usage). Additionally, the Con-PIGD had been playing internet games for up to two hours a day. The PIGD reported that they did not participate in any pharmacological treatment. The PIGD with comorbid disorders, anxiety disorder and major depression were excluded from the structured clinical interview by two experienced psychiatrists before study. All participants had normal or corrected-to-normal vision; no history of neurological or mental illness; no use of stimulants, alcohol, cocaine or MDMA consumption.
The diagnostic criteria of Internet gaming disorder in DSM-5
The diagnostic criteria for the IGD in the DSM-5 contained nine items: Pre-occupation, Withdrawal, Tolerance, Reduce/stop, Give up other activities, Continue despite problems, Deceive/cover up, Escape adverse moods, Risk/lose Relationships/opportunities.
The Iowa Gambling Task (IGT)
The IGT consisted of three runs, each lasting 7 min. There was a 1-minute break between each run. The task contained 180 trials, which were divided into three runs. There were three blocks for each run. There were 20 trials for each block, and the inter-block interval was a 30 s resting interval. There were two phases for each trial. The first phase was the selection phase in which participants were asked to select one of four decks within 4 s. The second phase was the outcome phase, in which the outcome was shown for 1 s. The decks were labelled with A, B, C, and D. Selecting one card from deck A or B would secure 100 points, but every set of 10 cards from deck A or B would lose 1250 points unpredictably. Deck A contained five losses: 350, 300, 250, 200, and 150 points. Deck B contained one loss: 1250 points. On the other hand, selecting one card from deck C or D would secure 50 points, but every set of 10 cards from deck C or D would lose 250 points unpredictably. Deck C contained five losses: 75, 60, 50, 40, and 25 points. Deck D contained one loss: 250 points. Therefore, deck C and D were the advantageous cards because they had a positive payoff in the long run, and deck A and B were the disadvantageous cards because they had a negative payoff in the long run. Before the experiment, the participants did not know which decks were advantageous and which were disadvantageous. Participants were informed that some decks were advantageous while the others were disadvantageous. They started the IGT with a base score of 3,000 points, and at the end of the experiment, they were given 10 yuan for every 1,000 points. The goal is to win as much money as they can. For best performance on the IGT, participants have to abandon short-term advantageous choices (resulting in immediate high rewards) that turn out to be disadvantageous in the long run (higher losses/punishments). Instead, participants prefer long-term advantageous choices, which result in lower immediate rewards but lower long-term losses as well, thus higher long-term gain (Kovacs, Richman, Janka, Maraz, & Ando, 2017).
The computational model.
[bookmark: PasteStart][bookmark: PasteEnd]The PVL models have three components. First, the outcome evaluation follows the prospect utility function that has diminishing sensitivity to increases in magnitude and different outcome sensitivity to losses vs. gains (i.e., loss aversion). The utility,  on trial t of each net outcome is expressed as: 

Here, α (shape parameter, ) is the outcome sensitivity parameter and λ  is the loss aversion parameter. ﻿ less than 1 indicates that individuals are more sensitive to gains than losses, and  greater than 1 indicates that individuals are more sensitive to losses than gains. The net outcome  is the payoff outcome of trial(t) by calculating the sum of the gain and loss of trial(t).
 Second, based on the outcome of the chosen option, the expectancies of the decks were computed using the learning rule. The PVL-DecayRI and PVL-Delta models are identical except that they use different learning rules.
In the decayRI learning rule, the expectancies of all decks are discounted in each trial and then the expectancy of the chosen deck is updated by the current result utility:

Here,  is the recency parameter  determines how much the past expectancy is discounted. And is a dummy variable which is 1 if deck  is chosen and 0 otherwise. 
In the delta rule, the expectancy of only the selected deck is updated and the expectancies of the other decks remain unchanged:

 is the learning rate parameter, which determines the weight between the past experiences of the chosen deck and the most recent selection from the deck. Lower learning rates indicate that recent outcomes have less impact on expectations and are slower to forget. Higher learning rates indicate that recent outcomes have a greater impact on the expectancy of the chosen deck and that forgetting is faster.
Third, we used the softmax function to calculate the probability of selecting deck  in trial .  (sensitivity) governs the degree of exploitation vs. exploration:﻿

 is assumed to be independent of the trial and let  be (Ahn, Busemeyer, Wagenmakers, & Stout, 2008; Yechiam, 2007).  is a consistency parameter (response consistency), which is limited from 0 to 5. It represents the participant's propensity to explore different options, instead of consistently choosing the card associated with the optimal expectancy based on previous expectancies. Higher values indicate higher consistency with the option based on past expectancies, and lower values indicate more random decisions, and then, erratic decisions.
We used a hierarchical Bayesian analysis (HBA) approach to estimate individual parameters based on the existing hBayesDM R package (Ahn, Haines, & Zhang, 2017) (https://cran.r-project.org/web/packages/hBayesDM/index.html). The number of iterations, including warm-up was to 4000. The Number of Markov Chains Montel Carlo chains was 4. The number of iterations used for warm-up only was to 1000. For each parameter, the Gelman-Rubin test (Gelman & Rubin, 1992) was used to check the convergence of the chains (a.k.a. Rhat statistic). Rhat values close to 1.00 would indicate that MCMC chains are converged to the target distributions. In our data, all model parameters of all models had Rhat values of 1.00. We compared the model-fits of different models by measuring WAIC. WAIC is a way to estimate a model’s predictive accuracy with bias correction from over-fitting like Akaike Information Criterion (AIC) (Akaike, 1992) and Deviance Information Criterion (DIC) (Spiegelhalter, Best, Carlin, & van der Linde, 2002). There is a correction term that adjusts for the effective number of parameters and overfitting (Ahn et al., 2014). We computed WAIC for each participant, and then summed WAIC over all participants for each model. Note that the smaller a model’s values of WAIC scores are, the better its model-fits are.
Considering the reliability of estimated loss aversion parameter, we independently recruited 25 healthy subjects to complete the IGT task. And then we fitted the IGT task data of this healthy control group with the same the PVL-decayRI model we used in our study. As a result, the distribution of the loss aversion parameter (meanSD=0.00381.6575e-04, n=25) in this sample was found to be very similar to the distribution of the loss aversion parameter in the Con-PIGD (meanSD=0.00381.1272e-04, n=22) in our study. Fitting different samples using the same model yields very similar distributions of the same parameter, which may be indicative of the robustness of our estimated parameters.
The fMRI data acquisition
All MRI data were acquired using 3-T Siemens Magnetom Trio scanners in the Xuanwu Hospital Capital Medical University, Beijing. A circularly polarized head coil with foam padding was used to restrict head motion. Functional images were acquired with a T2*-weighted gradient echo-planar imaging sequence  with 33 axial slices (3.7 mm thickness, no gap), covering the whole brain. All participants were told to keep their heads steady during all runs before entering the MR scanner. High-resolution T1-weighted spin-echo images were also collected for anatomical overlay.
The fMRI data pre-processing. 
Pre-processing was similar to that used in a study (R. Zha et al., 2019). The imaging data were processed with the Analysis of Functional Neuroimages (Version AFNI_18.2.03) (Cox, 1996). The first two volumes were discarded. Volumes were corrected for temporal shifts between slices and corrected for motion. Using linear regression, we performed linear trend removal. Then, the fMRI data were transformed nonlinearly to MNI space (resampled voxel size ) according to the spatial transformation between the anatomical data and the MNI space. Finally, volumes were spatially smoothed with an 8-mm full-width at half-maximum Gaussian kernel and grand-mean scaled. 
Functional network of node-centric functional connectivity
Following previous studies, we defined nodes and calculated the nFC Matrix (Luo, Liu, Jin, Chang, & Peng, 2021; R. J. Zha et al., 2022). Nodes were automatically divided by anatomical automatic labelling (AAL) parcellation. The whole brain was divided into 116 brain nodes in the Anatomical Automatic Labelling (AAL) parcellation, 90 nodes belonged to the brain and the remaining 26 nodes belonged to cerebellar structures (Tzourio-Mazoyer et al., 2002). Pearson's correlation analysis was performed on the time course of each node pair. This produced a node pair r value matrix wherein the value represented the strength of the functional connectivity of each node pair. Finally, the correlation coefficients were transformed into z-scores using Fisher's transformation to improve normality. 

Edge functional connectivity matrix. 
The element-wise product was normalized the sum by the squared root standard deviations of both time series, ensuring that the magnitude of eFC was bounded to the interval  and ﻿the resulting value was stored in the eFC matrix:

﻿Accordingly, cab was the vector resulting from the element-wise product of z-scored time series of node a and node b (), each time series of length t : .  was the vector resulting from the element-wise product of z-scored time series of node c and node d . We can get an analogous vector easily for every pair of parcels (network nodes). Repeating this procedure for all pairs of parcels results in an edge-by-edge correlation matrix—that is, an estimate of functional connectivity. With N nodes, this results in   pairs nodes (edges). The eFC matrix has two dimensions [].
Overlapping community feature-Normalized entropy. 
Following a study (Faskowitz, Esfahlani, Jo, Sporns, & Betzel, 2020), the recommended modified k-means (k=10, the clustering algorithm repeated 250 times) algorithm was applied to divide the eFC matrix into non-overlapping communities of co-fluctuating edges and then map the edge assignments back to single node, yielding overlapping regional community assignments. Node ’s participation in a cluster  was calculated as:

﻿where  was the cluster assignment of the edge linking node  and node , and  is the Kronecker delta, whose value is 1 if  and 0 otherwise. By definition, , and . 
The normalized entropy is calculated as:

﻿To normalize this measure and bind it to the interval , we divided by  
(Faskowitz et al., 2020). We refereed to this measure as community entropy and interpreted this value as an index of overlap. Intuitively, as the distribution of edge community assignments approaches uniformity, its normalized entropy is close to 1; when edges are assigned to a single community, normalized entropy is closer to 0.

Dynamic causal modeling (DCM)
DCM analysis was performed by DCM12.5 (revision 7487) (Friston, Harrison, & Penny, 2003). Briefly, it is considered a predominant analytical framework for inferring effective connectivity that characterizes the causal influences among neural populations, namely, the mediation effect of one population on another. We calculated the effective connectivity among the three regions of interest (ROIs): 1) the left IFG; 2) the right hippocampus; and 3) the right caudate. Dynamic causal modeling is defined as a system of bilinear differential state equations with coefficients (Friston et al., 2003). In this differential equation, the dynamic interactions between the neural regions are termed as endogenous connections, which is characterized in the model as directional connections between specific ROIs and quantified by A matrix parameters (in units of Hz). Experimental condition (e.g., outcome stage) can serve as inputs to the model to modulate the strength of endogenous connections (i.e., modulatory effect) and this modulation effect is quantified by B matrix parameters, reflecting increased or decreased connectivity strength. In addition, experimental conditions can serve as driving input directly affect specific ROIs. The ROI that receives driving inputs experiences a change in neuronal activity from experimental conditions and then influences the connectivity to other ROIs in the model, which is quantified by C matrix parameters.
DCM Methods 
Pre-processing images were modeled using a general linear model, which would convolve the experimental conditions (outcome stage) with the canonical hemodynamic response function. Calculate the effective connectivity among the three regions of interest (ROIs): 1) the left IFG; 2) the right hippocampus; and 3) the right caudate. Volumes of interest (VOIs) were extracted from three nodes. The principal eigenvariate of each VOI extraction was adjusted by the F-contrast of the effects of interest. Each subject generated the corresponding three VOIs (i.e., left IFG, right hippocampus, and right caudate) for subsequent DCM analysis. Dynamic causal modeling (DCM) analysis was performed by DCM12.5 (revision 7487). A detailed description of DCM can be found in K. J. Friston, Harrison, and Penny (2003). Briefly, it is considered a predominant analytical framework for inferring effective connectivity that characterizes the causal influences among neural populations, namely, the mediation effect of one population on another. A single “full” model was first specified for each subject after extracting the VOIs. After estimating all "full" models, we employed a DCM network discovery (DND) routine based on Bayesian model selection to conduct DCM structure inference at the group level. The routine would implement a greedy search for all possible model connectivity parameters (28 = 256 reduced model space), and the model with the highest posterior probability was selected as the optimal model (Ma et al., 2015b; Ray et al., 2016). Then, Bayesian parameter averaging (BPA) was adopted to obtain optimal sparse model parameters at the group level separately. In order to examine changes in effective connectivity within the three nodes between two groups, two-sample t-test (p < 0.05) was used to analyze the coupling parameters between groups.

Machine learning classification
The ten-fold cross-validation was performed with scikit-learn v1.0.2 (Pedregosa et al., 2011) in Python v3.9.12. The classification algorithm was a support vector machine (SVM) with a radial basis kernel, and the cost parameter was 1 (Mumford, Turner, Ashby, & Poldrack, 2012).

Statistical analyses
Firstly, independent-sample t-tests were used for between-group comparisons of demographic characteristics. Secondly, we calculated the average net score of all blocks in the IGT task and compared the average net score between groups using the independent-sample t-test. Thirdly, loss aversion is a parameter of the PVL-DeacyRI model. And model fitting and parameter estimation were performed for the IGT task in each group using a hierarchical Bayesian analysis approach based on the implemented algorithms using the hBayesDM R package (Ahn et al., 2017) (https://cran.r-project.org/web/packages/hBayesDM/index.html). And then the independent-sample t-tests were used for between-group parameter comparisons. All tests were two-tailed and considered significant at . Fourthly, we compared the group differences on the nFC of all node pairs using the independent-sample t-tests. To correct for the 4005 independent tests, an alpha level of  was used to declare significance for the local measures (Cocchi et al., 2012). Fifthly, we used independent-sample t-tests to compare the group differences on the overlapping community features of eFC, including the average normalized community entropy at the level of individual nodes and the average edge community proﬁle similarity at the level of brain system. To correct for the 90 independent tests, an alpha level of  was used to declare significance for the local measures (Cocchi et al., 2012). The Pearson correlations were used to investigate the relationships between the overlapping community features of edge-centric functional networks and the loss aversion in the IGT. And the Fisher r-to-z transformation was used to assess the significance of the difference of these relationships between the PIGD and the Con-PIGD and considered significant at . And then we used generalized mediation analysis to investigate whether response consistency suppressed the association between loss aversion and overlapping community features of edge-centric functional networks in the PIGD. In addition, we calculated the effective connectivity among the three ROIs using DCM analysis. Correlations between loss aversion and effective connectivity were also performed. Finally, Machine learning methods were used to test whether the loss aversion, overlapping community features of edge-centric functional networks, and effective connectivity could classify the PIGD from the Con-PIGD.
eFC results based on the FIR GLM residuals.
Previous research pointed that the task evoked activation will produce the spurious task-state functional connectivity and generate inflated co-fluctuations among the BOLD signals. And given that FIR (finite impulse response) modeling was most effective in reducing false positives in the neural mass model, and reduced task-state FC estimates the most in the empirical data, we identified FIR as the preferred method (Cole et al., 2019). Therefore, we used a FIR GLM to remove task activation variance and calculating eFC matrix based on the residuals. The FIR task regression approach involved fitting the cross-trial/cross-block mean response for each time point in a set window length that is time-locked to the trial/block onset for a given task condition. Each of the 2 task conditions (selections on decks AB and selections on decks CD) were fit with a series of regressors, one per time point. Each condition’s window length matched the duration of the events, with an additional 18 s (12 regressors) added to account for the likely duration of the HRF. We replicated our main results of the overlapping community features of eFC networks after regressing out the task-evoked activation and the influence of response consistency was controlled when the comparison between groups. First, we found that the normalized community entropy of the left triangle IFG was also reduced significantly in the PIGD. Second, the average edge community proﬁle similarity of the edge between the left IFG and the right hippocampuswas also reduced significantly in the PIGD. Third, the PIGD group showed significantly reduced edge community proﬁle similarity of the edge between the left IFG and the right hippocampus at the right caudate Sleft IFG-right caudate-right hippocampus .
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