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Supplementary  Figure 1:  MOS choices under different levels of electrical shocks. (A) : X axis 

represents MOS decision choices, while Y axis represents choice frequency aggregated through all 

participants and trials. Orange and blue bars deceits conditions from 2-shock and 1-shock respectively. 

While in the 2-shock condition, participants’ MOS choices were significantly larger than the 1-shock 

condition (p < 0.001).  (B): Same frequency distribution displayed in dot plot.   

 

 

 

 

 

 

 

 

 



 

Supplementary  Figure 2. Behavior fitting for the reinforcement learning model. Graph showing 

the average trajectory of chosen MOS (red line) and model-predicted MOS (blue line) across all participants. 

X axis represents trial number, while Y axis represents the probability of choosing MOS category 1. It can 

be observed that fitting  improves as trial number increases.  

 

 

 

 

 

 

 

 

 

 

 

 



Table S1.  Activation Table for SVC corrections 

P < 0.05, SVC correction 

Region Left/Right Cluster size t-score Coordinates 

    

x y z 

vmPFC (anterior) left 11 4.35 -2 46 -10 

vmPFC (posterior) left 31 5.07 0 26 -12 

Hippocamps left 38 3.87 -28 -24 -13 

Amygdala right 15 3.03 22 -2 18 

Caudate left 13 5.42 -14 1 21 

       

Supplementary  table 1:  Small volume correction statistics for the ROIs listed in the main paper. 

Thresholded at P < 0.05 FEW. For the contrasts SVCs, coordinates indicates peak coordinate from the 

resulting cluster.  

 

 

 

 

 

 

 

 

 

 

 

 



Table S2.  Activation Table for PPI analysis 

P < 0.05, FDR corrected 

VMPFC(anterior) Leptokurtic 

     
Region Left/Right Cluster size t-score x y z 

Middle Temporal Gyrus right 15 4.14 45 0 -24 

Fusiform Gyrus right 14 4.98 36 -42 -18 

Lingual Gyrus left 43 4.21 -18 87 -9 

Medial Frontal gyrus right 125 4.4 6 57 18 

       
VMPFC(posterior) Leptokurtic 

     
Region Left/Right Cluster size t-score x y z 

Amygdala right 32 4.95 18 15 -3 

Superior Frontal gyrus left 89 4.19 -30 57 -6 

Fusiform Gyrus left 26 3.38 -51 -6 -27 

Inferior Occipital Gyrus right 17 4.02 48 -84 -12 

Hippocampus right 51 4.55 21 -30 3 

       
VMPFC(anterior) Normal-matched 

     
Region Left/Right Cluster size t-score x y z 

Superior Temporal 

Gyrus left 12 4.28 -33 15 -27 

Medial Frontal Gyrus right 101 4.57 45 42 -3 

Medial Frontal Gyrus right 224 4.45 6 72 0 

Thalamus left 44 4.34 -18 15 15 

       
VMPFC(posterior) Normal-matched 

     
Region Left/Right Cluster size t-score x y z 



Medial Frontal Gyrus left 66 3.26 -3 60 -15 

Putamen right 35 3.63 24 15 -9 

Precuneus right 50 4.27 3 -51 18 

       
VMPFC(anterior) Normal-half 

     
Region Left/Right Cluster size t-score x y z 

Superior Temporal 

Gyrus right 26 4.18 33 9 -18 

Inferior Frontal Gyrus right 57 4.63 45 45 -3 

Medial Frontal Gyrus right 69 3.98 6 72 0 

       
VMPFC(posterior) Normal-half 

     
Region Left/Right Cluster size t-score x y z 

Puamen right 19 4.71 21 9 -6 

Anterior Cingulate  left 24 4.99 0 24 -3 

Precentral Gyrus right 16 4.16 39 -6 30 

Hippocampus left 21 3.96 -20 -30 0 

 

Supplementary  table 2:  psychophysiological Interactions for each predator type, seeding from 

anterior and posterior vmPFC. Thresholded at P < 0.05 FDR. For the contrasts SVCs, coordinates indicates 

peak coordinate from the resulting cluster.  

 

 

 

 

 



Table S3.  Activation Table for Parametric Modulation with RL Prediction Error 

P < 0.05, FDR correction 

Region Left/Right Cluster size t-score Coordinates 

    

x y z 

Fusiform Gyrus left 22 4.14 -57 -21 -27 

Parahippocampal Gyrus right 45 4.431 12 -6 -15 

Middle Temporal Gyrus left 25 4.18 -63 -15 -12 

Inferior Frontal Gyrus right 64 4.68 63 9 12 

Precentral Gyrus left 34 3.87 -60 0 18 

 

Supplementary  table 3:  Activated regions associated with prediction errors in the RL model. 

Thresholded at P < 0.05 FDR. For the contrasts SVCs, coordinates indicates peak coordinate from the 

resulting cluster.  

 

 

 

 

 

 

 

 

 

 

 

 



Table S4.  Activation Table for Parametric modulation with escape choices 

P < 0.05, FDR correction 

Move to Danger 

      
Region Left/Right Cluster size t-score x y z 

Medial Frontal Gyrus left 38 4.29 -9 69 -3 

Superior Temporal Gyrus left 44 4.57 -36 -33 9 

Inferior Frontal Gyrus left 91 4.89 -45 36 12 

Middle Frontal Gyrus right 25 4.51 33 39 -15 

Insula left 67 4.66 -60 -9 9 

       
Move to Safety 

      
Region Left/Right Cluster size t-score x y z 

Fusiform Gyrus left 45 4.94 -36 -51 -18 

Inferior Frontal Gyrus right 47 4.88 33 24 -19 

Medial Frontal Gyrus left 22 4.83 0 33 -21 

Hippocampus right 11 4.01 33 -15 -15 

Thalamus right 69 4.19 12 15 12 

 

Supplementary  table 4:  Activated regions associated with parametric modulation of MOS choices 

(moving to danger or safety). Thresholded at P < 0.05 FDR. For the contrasts SVCs, coordinates indicates 

peak coordinate from the resulting cluster.  

 

 

 



Supplementary Methods 

 

 

Experimental Methods 

We tested 24 subjects were recruited according to the guidelines of the California Institute of 

Technology Institutional Review Board after providing informed consent. Data from two subjects were lost 

due to incomplete scanning sessions. Our final sample consisted of 22 subjects (10 females, age = 24.3 +- 

8.1 years).   

 

 

Stimuli, apparatus and procedure 

A complete pipeline of experimental procedures can be found in figure 1. Participants completed a 

computer-based task while in an fMRI scanner. The task was set under the scenario where subjects place 

themselves at a desired location towards a safety exit while facing a potentially dangerous predator. The 

closer they place themselves to the safety exit, the more likely they will be able to escape from the predator 

after the trial starts, but the low the resulting reward will be. The goal of the task was to earn as much 

money as possible while avoiding being caught by the virtual predator. Prior to the beginning of the trial, 

the participants were presented with a 2 second cue indicating one of the three different predator types that 

would be presented in the upcoming trial. These predators differ in the location they speed up. These 

locations correspond to three distributions – a leptokurtic distribution, a normal distribution with 

matching variance, and a normal distribution with only half of the variance. (In the rest of the paper, we’ll 

refer to the normal distribution with matching variance as normmatch , and the normal distribution with 

half variance as normhalf) The participants were then shown a two-dimensional runway (90 units distance, 

where a unit is the smallest increment on the runway), with a triangle icon representing the position of the 



participant toward the end of the runway (at 80 or 0 units distance, depending on which direction the trial 

goes. A random starting location is then assigned based on which direction they start), and a circle icon 

representing the position of a predator at the left side of the runway (at 1 unit distance). This predator had 

two distinct modes of movement. In ”approach'' mode, the predator would proceed rightward along the 

runway at 4 units per second. At a randomly chosen distance (i.e. the attack distance) according to the 

leptokurtic, normmatch    and normmatch  distribution, The predator would switch to “chase'' mode, at which 

point it would advance at 10 units per second. The position where it swtiches to the “chase” mode is drawn 

either from the leptokurtic, normmatch or normhalf distributions depending on the actual attacking condition. 

Before the above mentioned chasing sequence starts, the participants were told to make a decision of where 

they want to start by pressing left or right arrows, to move from their randomly assigned initial location to 

a location they desire. The direction of the chase was counter balanced by adjusting the relative location of 

the predator, participant and the safety zone so that half of the chase was from the left to the right, and the 

other half were opposite. After participants responded with their preferred margin of safety choice (MOS 

choice), they skip the actual animation of the chase (which was shown in full during the practice session), 

and was shown the final result of the trial: whether they got caught or not, and how much reward they 

earned.  

 

The experiment starts with the subjects being shown that if captured, they will receive 1 or 2 shocks, 

and high or low reward if they escape (Fig. 1B).  They will then be presented with one of three different 

colored spheres, each representing different attack distributions of the virtual predators.  They will then be 

asked to rate how confident they are of escape. Next, the subject will be asked to make safety decisions by 

either staying or switching to a riskier position that is further away from the safety exit or stay or move 

closer to the safety exit. To motivate risky decisions, the subject will acquire more money if they are more 

risky (i.e. move further from safety), which follows a simple linear relationship as a function of MOS choice 

(10 cents minimum, 2o cents maximum). They will then be asked to move the cursor to the decided safety 

position.  After a jittered ITI, the subject will observe the outcome. If caught, they will receive a shock(s) 



and lose their money on this trial.  This will repeat for another nine trials, before the subject is introduced 

to a new set of reward and shock contingences as well as a new virtual predator. The virtual predator attack 

distribution is either (i) normal distribution with half variance, (ii) leptokurtic (positive kurtosis with fatter 

tails) or (iii) normal distribution with matched variance with the leptokurtic distribution.  Leptokurtic 

distributions are rare in the natural environment, where distributions are often normally distributed and 

easier to learn.  

 

A total number of 460 trials (400 experimental trials and 60 control trials) were administrated 

throughout 4 sessions (2 sessions per day with two days).  The computer task was programmed in Pygames 

with Python.  

 

fMRI data acquisition. We will collect the fMRI images using a 3T Prisma scanner in the Caltech 

Brain Imaging Center (Pasadena, CA) with a 32-channel head receive array. BOLD contrast images will be 

acquired using a single-shot, multiband T2*-weighted echo planar imaging sequence with the following 

parameters: TR/TE = 1000/30 ms, Flip Angle = 60°, 72 slices, slice angulation = 20° to transverse, 

multiband acceleration = 6, no in-plane acceleration, 3/4 partial Fourier acquisition, slice thickness/gap = 

2.0/0.0 mm, FOV = 192 mm × 192 mm, matrix = 96 × 96). Anatomical reference imaging will employ 0.9 

mm isotropic resolution 3D T1w MEMP-RAGE (TR/TI/TE = 2550/1150/1.3, 3.1, 4.0, 6.9 ms, FOV = 230 

m x 230 mm) and 3D T2w SPACE sequences (TR/TE = 3200/564 ms, FOV = 230 mm x 230 mm). 

Participants viewed the screen via a mirror mounted on the head coil, and a pillow and foam cushions were 

placed inside the coil to minimize head movement. Electric stimulation was delivered using a BIOPAC 

STM100C. 

 

Data Analysis 

All statistical analyses for the behavioral data were carried out in R, using the packages `ezANOVA' , 

`coxme', and `lme4' . Where appropriate, Greenhouse–Geisser corrections were performed to account for 



violations of sphericity, and the correction factor values ($\epsilon$) and original degrees of freedom are 

reported. Partial eta-squared effect sizes are reported only for significant analyses. Where appropriate, we 

corrected for multiple comparisons using Holm-Bonferroni. 

 

Analysis of fMRI data was carried out using scripted batches in SPM8 software (Welcome Trust Centre 

for Neuroimaging, London, UK) implemented in Matlab 7 (The MathWorks Inc., Natick MA). Structural 

images were subjected to the unified segmentation algorithm implemented in SPM8, yielding discrete 

cosine transform spatial warping coefficients used to normalize each individual’s data into MNI space. 

Functional data were first corrected for slice timing difference, and subsequently realigned to account for 

head movements. Normalized data were finally smoothed with a 6-mm FWHM Gaussian kernel. 

 

 A multivariate pattern analysis was performed using PyMVPA (Hanke et al., 2009). We extracted the 

beta values associated with experimental conditions of all the voxels in each ROI, removing the mean 

intensity for each multi-voxel activity pattern. For each participant, the brain response pattern analyses of 

classification training and testing with linear support vector machines (SVMs) were conducted using a 

leave-one-run-out cross-validation procedure. Furthermore, to evaluate whether stimulus contrast 

modulates brain response patterns, cross-validations that use low-contrast condition data for training and 

high-contrast condition data for testing, and vice versa, were also conducted. ANOVAs were then conducted 

to compare classification accuracies. 

 

To localize the functional ROIs, a whole-brain searchlight was first performed to identify brain regions 

sensitive to MOS decision information, where a classifier predicting each trial’s association with one of the 

six MOS decision category was constructed.  For each voxel in native space, we built a spherical region of 

interest (ROI, radius 6 mm) centering on the voxel, extracted t values in this ROI to each of the 50 MOS 

decisions and calculated one minus Spearman rank correlations of all decision pairs within this ROI to 

construct a neural RDM. The relationship between the neural RDM and the theoretical RDM was then 



assessed using partial Spearman correlation, which produced a correlation coefficient for this voxel. 

Moving the searchlight center throughout the cortex, we obtained a whole-brain r-map in the native space. 

Note that the searchlight analysis was restricted to the voxels with a probability higher than 1/3 in the 

native gray matter image generated from the segmentation step. For a group-level random-effects analysis, 

the r maps in the native space were Fisher-z-transformed, normalized to the MNI space using the forward 

deformation field and spatially smoothed using a 6 mm full-width at half maximum Gaussian kernel. 

Clusters surviving the cluster-level FWE correction at P < 0.05 were reported. For each subject, we then 

identified the voxels whose neural RDMs showed a significantly positive correlation with the RDM in the 

above-mentioned searchlight analysis (P < 0.05, FDR corrected). These voxels together with their adjacent 

voxels within a 6-mm-radius sphere were considered as individual subjects’ functional ROI. (figure 3 b c d 

e). 

Classification accuracy 

To explore the regions involved in the decision making process under threat within the Margin of 

Safety framework, we examined MVPA classification accuracies using both whole brain searchlight analysis 

and ROI analysis. We extracted voxel-wise fMRI responses to margin of safety trial (decision phase) as 

classification samples. For each participant and each run, we designed a general linear model (GLM). The 

GLM contained 3 regressors indicating the decision phases (duration = 4 s) of the 3 distribution types, as 

well as 4 regressors indicating the indication phase (duration = reaction time), motor phase (duration = 4 s), 

and feedback phase (duration = 3 s). All the regressors were convolved with a canonical hemodynamic 

response function. In addition, six motion-correction parameters and the linear trend were included as 

regressors of no interest to account for motion-related artifacts. For each voxel, the parameter estimates of 

the 3 regressors corresponded to the fMRI responses to each of the 3 distributions in each run. The fMRI 

responses to each distribution item were then entered into the classification analysis as classification 

samples. 

 



Naturally, there are two main questions we prioritized. First, what brain regions are involved in 

determining which distribution type the participant is facing and second, what brain regions are involved 

in determining the MOS decision the participant is making. Thus, we used two sets of classification labels 

corresponding to the two questions: 1) normmatch , normhalf , and leptokurtic distribution 2) the 50 possible 

discrete MOS choice options.  

 

We employed a linear support vector machine with a cost parameter C = 1 as a classifier. Classification 

accuracy was estimated using a leave-one-run-out cross-validation: for each of the four runs, a classifier 

was trained on the other three runs and tested on the remaining focal run; and the procedure was repeated 

for the four runs (accuracy scores were averaged). 

 

To validate whether the classification performance was significantly above chance, we further 

conducted Monte Carlo permutation-based statistical tests. This method entailed running a classification 

analysis 1000 times with randomly permuted experimental condition labels, allowing us to construct null 

distributions that were used to examine whether a classification accuracy was significantly above chance at 

an α of p < 0.05. 

 

Univariate analyses. 

We also ran a univariate analysis pipeline to decompose the neural circuits employed when facing 

uncertain and stable threats. Preprocessed imaged were subjected to a two-level general linear model using 

SPM8. The first level contained the following regressors of interest, each convolved with the canonical two 

gamma hemodynamic response function: a 2-second box-car function for the onset of the trial (where the 

color of the incoming attack is shown); a 4 second (duration jittered) box-car function for the decision 

period; a 4-second boxcar (function for the time window where participants actually select their starting 

positions. Mean-centered trait anxiety ratings, and parameters in the reinforcement learning model were 

included as orthogonal regressors. In addition, regressors of no interest consisted of motion parameters 



determined during preprocessing, their first temporal derivative and discrete cosine transform-based 

temporal low frequency drift regressors with a cutoff of 192-seconds. 

 

Beta maps were used to create linear contrast maps, which were then subjected to second-level, 

random-effects one-sample t tests. In Addition, A flexible factorial model was used to examine the main 

effects of attack type, reward level and shock level. Interaction effects between attack type, reward level and 

shock level were also examined using the factorial model. The resulting statistical maps were thresholded 

at P < 0.05 corrected for multiple comparisons (false discovery rate [FDR] corrected). 

 

Connectivity Analysis 

Based on the key regions obtained during MVPA searchlight analysis, we further performed 

connectivity analysis using gPPI (gPPI; http://www.nitrc.org/projects/gppi), which is configured to 

automatically accommodate more than two task conditions in the same PPI model by spanning the entire 

experimental space, compares to the standard implementation in SPM8. The connectivity model is based 

on the underlying concept using the following models:  

 

𝑌𝑘 = 𝐻(𝑥𝑎) 

                                                            𝑌𝑖 = [𝐻(𝑥𝑎 ∗  𝑔𝑝)] ∗  𝛽𝑖 + [𝑌𝑘𝐻(𝑔𝑝)𝐺] ∗ 𝛽𝐺 + 𝑒𝑖 

 

where H is the HRF in Toeplitz matrix form; Yk is the BOLD signal observed in the seed region; xa is 

the estimated neural activity from the BOLD signal in the seed region (Gitelman et al., 2003); Yi is the 

BOLD signal observed at each voxel in the brain; βi is a matrix of the beta estimates of the 

psychophysiological interaction terms; βG is a matrix of the beta estimates of the seed region BOLD signal 

(Yk), covariates of no interest (G), and task regressors that are the convolution of psychological vectors 

H(gp); and ei is a vector of the residuals of the model. In the gPPI approach, gp is a vector formed by 

multiplying the condition ON times (onset times plus stimulus duration — when the stimulus or 

http://www.nitrc.org/projects/gppi


psychological state is presented to the participant or when the participant experiences a defined 

psychological/experimental state) by a weighting vector. 

 

 

 

 

 

 

 

 

 


