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In Cocaine Dependence, Neural Prediction Errors During Loss Avoidance 
Are Increased With Cocaine Deprivation And Predict Drug Use 

Supplemental Information 

Supplemental Methods 

Participants 

Twenty-two right handed, non-treatment seeking male individuals who met criteria only for 

current cocaine dependence without other substance dependencies or comorbid Axis-I 

psychopathology were enrolled from a larger study on biomarkers of substance dependence (see 

Table 1 for demographic information). All participants provided informed consent and all 

procedures were approved by the Institutional Review Boards of Baylor College of Medicine and 

Virginia Tech. Enrollment inclusion criteria for the larger biomarker study included: age 18 to 64, 

current cocaine dependence determined by the Mini-International Neuropsychiatric Interview 6.0 

(MINI) DSM-IV, positive urine test for cocaine metabolites at first lab visit (NIDA 5-panel drug 

test; Alere, Inc.), English speaking, normal or corrected to normal vision, and verbal IQ greater 

than 70 (WTAR; 1). Enrollment exclusion criteria for the larger biomarker included: 

contraindications to MRI scanning (e.g., implanted ferrous metal, claustrophobia), loss of 

consciousness greater than 30 minutes, current co-morbid Axis-I psychopathology, history of 

dependence other than cocaine or nicotine, and history of psychotic or bipolar disorders. 

To be considered for the present study, participants were additionally required to complete 3 

laboratory visits with verified cocaine use or non-use (one visit for consent, diagnosis, and 

additional behavioral screening; one scanning visit testing urine positive for cocaine metabolites; 

one scanning visit testing urine negative for cocaine metabolites) and demonstrate understanding 

and behavioral engagement on the task. Eligible individuals participated in the two scanning 

sessions in a within-subject design: In one session, participants were instructed to use cocaine as 

usual (C+), and in the other session, participants were instructed to abstain from cocaine use for at 

least 72 hours (C-). Cocaine-use state was verified at each lab visit with urine testing for cocaine 

metabolites NIDA 5-panel drug test (NIDA 5-panel drug test; Alere, Inc.); C+ and C- sessions 
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were counterbalanced for order. Four participants were excluded from the present analysis: 1 for 

pressing the same button for the entire task across both sessions, and 3 due to excessive head 

motion while using as usual (> 3mm or 3 degree in any direction). Participants who were excluded 

from analysis in one cocaine use state (i.e., C- or C+) were also excluded from the other state, 

leaving N = 18 participants with three full sessions of data included in the present analysis. 

Excluded participants did not differ on demographic measures such as age, education, WTAR, and 

years of drug use compared with included participants. 

Loss Learning Task Design 

Participants performed a probabilistic learning task with losing outcomes adapted from (2, 3). As 

illustrated in Figure 1A, on each trial subjects chose between two abstract stimuli and 

subsequently observed the outcome. Trials were presented repeatedly for a maximum of 36 trials 

per block or when sufficient learning occurred (see below for learning criteria). Each block 

consisted of novel stimuli, which required participants to learn the contingencies between stimuli 

and outcomes within each block. One of the stimuli was associated with a fixed probability (75%) 

of the better outcome (smaller loss) and a fixed probability (25%) of the worse outcome (larger 

loss). The other stimulus was associated with 25% smaller loss and 75% larger loss outcomes. 

Outcomes ranged from -20 to -30 (smaller loss) and -70 to -80 (larger loss) cents, both with 

uniform distributions. 

The task used an adaptive algorithm to ensure that participants successfully learned the 

contingencies and continued to learn throughout the task. In order to obtain a sufficient number of 

learning trials, block end criteria included ending when 7 of the last 10 choices were the better 

option and required that the first block be at least 15 trials long. The task ended when the 

participant had at least 25 correct and 25 incorrect choices. On average, participants completed 

106.9 (SD = 13.0) trials across the 2 sessions (C+, 49.7 (5.8); C-, 57.3 (10.1)).  

The locations (left or right) of the two stimuli were randomized on the screen and subjects used a 

button box (Current Designs, Inc.) to make their choices. Each choice was framed for a jittered 

viewing time of 2-4 seconds, with a uniform distribution, after which the outcome was shown for 
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2 seconds. A fixation cross was shown between each trial for a jittered viewing time of 1-3 seconds, 

with a uniform distribution. As implemented, this task took approximately 20 minutes, and each 

participant underwent a practice run to ensure task comprehension prior to entering the scanner. 

Participants were informed that their performance in the game determined their payment. 

 

MRI Data Collection and Preprocessing 

 

MRI collection. Participants were scanned on a 3T Siemens Tim Trio MR scanner. Echoplanar 

images were collected in 34 4-mm slices at a 30° hyperangulation from the anterior-posterior 

commissure (AC-PC) line (TR = 2000 ms, TE = 30 ms, flip angle = 90°, matrix = 64 x 64, voxel 

size = 3.4 x 3.4 x 4.0 mm3). A high resolution (1 mm3) anatomical Magnetization Prepared Rapid 

Gradient Echo (MPRAGE) T1 image (TR = 1200 ms, TE = 2.66 ms, flip angle = 12°) was collected 

to aid in registration.  

 

Pre-processing. Pre-processing of the imaging data was completed using statistical parametric 

mapping software (SPM8; Wellcome Department of Imaging Neuroscience, University College 

London, UK). Images were first corrected temporally for slice timing, then for movement using 

least squares minimization without higher-order corrections for spin history and normalized to 

stereotaxic MNI (Montreal Neurological Institute) space by calculating a multiplication matrix for 

segmented grey and white matter and CSF separately. Images were then resampled every 3.4 mm 

using 4th Degree B-spline interpolation and smoothed with a 6 mm Gaussian kernel. 

 

Model Fitting and Selection 

 

Two separate learning models were first fit to the observed behavioral data, and the better fitting 

model was used for subsequent fMRI analysis. The tested models were a standard Q-learning 

model (4) and a valence dependent learning model (2 Learning Rate Model) that distinguishes 

positive and negative prediction errors (better or worse than expectations; δ+ and δ-), adapted from 

previous studies (5–8). In these prior studies, the rate at which values are updated have been found 

to differ for positive and negative prediction errors, see (6, 7). In the present study, the inclusion 
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of valence dependent learning rates allowed us to assess the possibility that cocaine’s short and 

long term effects on DA systems differentially impact these two components of learning. 

In the models, the initial expected values Q(0) for the possible choices a and b were set to 0. For 

trial number t, the outcome for the chosen option a was represented by Ra(t) with the expected 

value represented by Qa(t). The prediction error δ(t), which measures the difference in outcome 

Ra(t) and expectation Qa(t), for a trial was defined as the following: 

𝛿 𝑡 𝑅 𝑡 𝑄 𝑡  

Standard Q-learning model. For the standard Q-learning model algorithm, the model-based 

parameter estimated was learning rate α, which quantifies how much weight the prediction error 

δ(t) from current trials is given in updating the following trials’ expected value Qa(t+1). The 

standard Q-learning model was the null hypothesis model. Each trial-by-trial expected value Q for 

option a was calculated as follows: 

𝑄 𝑡 1 𝑄 𝑡 𝛼 ∗ 𝛿 𝑡  

2 Learning Rate model (duplicated from main text). To allow the possibility of asymmetries in 

learning from better or worse than expected outcomes, we tested the 2 Learning Rate model 

adapted from previous studies (5–8), which includes separate update rules for positive and negative 

prediction error δ(t) in the form of positive α+ and negative α- learning rates, respectively (Figure 

1B): 

𝑄 𝑡 1
𝑄 𝑡 𝛼 ∗ 𝛿 𝑡    𝑖𝑓  𝛿 𝑡 0
𝑄 𝑡 𝛼 ∗ 𝛿 𝑡    𝑖𝑓  𝛿 𝑡 0

 

Both models used a softmax action selection function. The probability of selecting choice a at time 

t was estimated as follows:  

𝑃 𝑡  
𝑒 ∗

𝑒 ∗ 𝑒 ∗
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Inverse temperature () is an exploration parameter that quantifies the balance between the 

exploitation of the higher valued option and exploration of the other option for information. Lower 

inverse temperatures represent greater exploration and are also consistent with increased random 

choice behavior. 

Heuristic model. A third heuristic model, following “win stay and lose switch” (e.g., 9) was fit to 

participants’ data for model comparison purposes against the reinforcement learning models. 

Specifically, if the outcome of the trial was the better outcome then the probability of selecting the 

same choice () was estimated. Similarly, if the choice produced the worse outcome, the 

probability () of switching to the other choice on the following trial was estimated.  

Model fitting and model comparison. Positive and negative learning rates (α+ and α-) and inverse 

temperature  were free parameters, iteratively estimated in MATLAB using the function 

fminsearch, that were evaluated to have the maximum log likelihood (4). Learning rates were 

bounded between 0:1 and inverse temperature was bounded between 0:∞.  For the unchosen 

option b, the expected value of the subsequent trial Qb(t+1) was set to the current trial’s expected 

value Qb(t) multiplied by an additional decay parameter (φ, bounded between 0:∞) similar to 

previous studies (10–13). 

The model fits were evaluated using Bayesian information criterion (BIC), which penalizes 

additional parameters. Each model was fit across all subjects’ behavioral data during the C- and 

C+ drug-use states (14–16). Model fits were further confirmed with BIC comparison (2 Learning 

Rate model: 2205.3; Standard: 2207.5; Heuristic: 2304.9). The goodness of fit of the 2 Learning 

Rate Model can be seen in Figure 1C, which compares the calculated probabilities against 

percentage of time the choice was selected.  

Model and parameter recovery. Model and parameter recovery was performed to additionally 

validate the present two learning rate model as specified by Palminteri et al. (17).  Data were 

simulated using individually estimated learning rates (α+ and α-) from the large group of fifty-

four male individuals without any Axis-I psychopathology. The simulated data were then fit to the 

two learning rate model and the resulting recovered parameters were compared against the original 
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parameters (Figure S5). The original and recovered parameters were significantly correlated for 

both α+ (r = 0.59, p <0.01) and α- (r = 0.49, p <0.01), providing further support for the validity of 

the two learning rate model.  

Simulations to assess effects of learning rate and inverse temperature. In order to assess whether 

parameter estimates from our model matched behavioral performance observed in the task and to 

distinguish the effects of α+ and  parameters on performance in the task, simulation analyses 

were performed. Combinations of parameters α+ and  spanning the range of within-state group 

estimations were used to calculate trial-by-trial update of valuations and probabilities of choosing 

each stimulus. The range of α+ used for the simulation was from 0.2 to 0.8 and α- was from 0.5 to 

0.8, both in steps of 0.02. For  the range was 2 to 6 with steps of 0.2. The φ parameter was not 

different between drug use states, so the mean φ across C- and C+ participants was used in the 

simulation (φ ~ 0.51). The results of each combination of parameters were simulated for 500 

blocks that followed the same adaptive algorithms that ended the block after the better selection 

was learned (See Loss Learning Task Design above). The results of interests were the comparison 

of α+ and  because of group differences observed for those parameter estimates. Results of the 

simulations support the effects of α+ on behavioral earnings and are shown in Figure 1F. 

Generating trial-by-trial expected value and prediction errors. The estimated parameters (see 

Table S1B) across all data were used to generate trial-by-trial Q and δ used as parametric 

regressors for first level imaging analyses (3, 18–21; see Imaging Analysis for more detail on 1st 

level fMRI analysis). In a separate analysis, drug-state (C+, C-) specific estimated parameters were 

used to generate trial-by-trial Q and δ used as parametric regressors for first level imaging analyses 

to assess neural findings accounting for any condition-specific parameter differences to confirmed 

that imaging differences remained after accounting for drug-related parameter differences (Figure 

S3). 

Individual estimation of learning rates. Individual variances in learning rates (α- and α+) as an 

effect of drug-state (C- or C+) were estimated for second level fMRI analysis (see Imaging 

Analysis below). First, the prior mean and distribution of learning rates for participants in each 

drug status (C- and C+) were estimated using bootstrapped maximum likelihood created via 
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sampling, approximating integration, around a bootstrapped maximum likelihood estimation 

across subjects (22, 23). Individual learning rates were subsequently estimated by conditioning 

individuals’ behavioral data on their respective drug state (C- or C+) group’s prior distribution to 

account for drug-use status differences. For each participant, individual C+ learning rates were 

then subtracted from the individual C- learning rates to compute a cocaine ‘deprivation enhanced’ 

learning rate for each participant. To maximize the chance of identifying drug-modulation on 

learning rates, group specific bootstrapped estimates were used for the inverse temperature and 

decay parameters during individual estimation of learning rates. 

 

To test whether the assumption of different learning rate parameter distributions for each drug-use 

status was appropriate, two-sample t-tests (C- vs C+) were performed for α+ and α- using the 

estimated posterior means and variances. Both α+ (t = 2.03, p = 0.050) and α- (t = 1556.32, p < 

0.0001) were significantly different between C- and C+ participants, supporting the assumption of 

different distributions of parameters for drug use status. Therefore, individual learning rate 

parameters specific to each individual and drug use status were estimated based on priors within 

drug use status. The difference between the best posterior fitting learning rate for each drug state 

for each individual (C- > C+) quantified within subject α+ and α- enhancement from drug 

deprivation.  

 

Region of interest leave-one-out cross-validation analyses. These leave-one-out cross-validation 

analyses involved re-estimating the same second-level analysis leaving one subject out each time. 

A new set of voxels showing a local maximum nearest to the group peak voxel (Left Striatum: -

20, 10, -6; Right Striatum: 14, 7, 9) was calculated from these iterations. A sphere centered at each 

new local maximum with radius of 6 mm defined the ROI and was used to extract the mean beta 

from the left-out subject. Correlations between the extracted neural prediction error C- > C+ betas 

and learning rate C- > C+ betas were tested using Pearson correlation tests. 

 

Comparisons with non-psychiatric controls. To verify striatum signals during the probabilistic task 

and to provide an alternate reference for interpreting neural effects in the cocaine dependent 

participants, group parameters for the two learning rate model were estimated across all 

participants (controls and cocaine dependent individuals) and used to calculate trial-by-trial 
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prediction error regressed onto individuals’ fMRI data (as described in First-level fMRI 

processing). Within-group neural effects of δ+ were assessed for controls, C-, and C+ (as 

described in Within and paired drug-state analyses). For post-hoc comparisons of δ+ neural 

signals, a ROI mask was created with significant striatal (as defined by Garrison et al., 24) clusters 

(p < 0.001) from the controls’ neural δ+ responses. Beta values were then extracted using the ROI 

mask and compared using two sample t-tests in MATLAB. 

To address the possibility that separating positive and negative prediction errors as parametric 

modulators on the corresponding outcomes on the first level GLM may not identify neural 

responses to positive and negative prediction errors (as outcome type is highly correlated with 

prediction error sign), we conducted an additional GLM where outcome onsets were modulated 

with continuous prediction errors not separated by valence. These continuous trial-by-trial 

prediction errors were generated based on parameter estimates across all subjects and assessed for 

the non-psychiatric control participants, the C- participants, and the C+ participants. For post-hoc 

comparisons of continuous prediction error (δ) neural signals, a ROI mask was created from the 

significant striatal (as defined by Garrison et al., 24) clusters (p < 0.001) from the controls’ neural 

δ responses. Beta values were then extracted using the ROI mask and compared using two sample 

t-tests in MATLAB. Similar to the first GLM, the pattern of continuous striatal prediction error

signals for controls, C-, and C+ matched our findings in δ+, with Controls and C- showing greater

δ signal than C+ (Figure S6).
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Supplemental Figures S1 – S6 

 

Figure S1 

 
Figure S1, related to Figure 2. Non-psychiatric control participants show positive prediction 
error signal in striatum. Positive prediction error signals (δ+) were verified in the right striatum 
of non-psychiatric control participants (left panel; peak voxel at t = 4.59; cluster FWE corrected p 
= 0.007; thresholded at t = 2.9 for visualization). Post-hoc analyses using an independent striatum 
ROI indicated that δ+ in C- participants was comparable to this control cohort whereas C+ 
participants showed significantly diminished δ+ responses (C- vs non-psychiatric control, t(70) = 
0.15, p = 0.87; C+ vs non-psychiatric control (t(70) = 3.22, p = 0.001; see analytic details in 
Supplemental Methods). 
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Figure S2 

Figure S2, related to Figure 2. Positive prediction error (neural responses to δ+) and learning 
rate (α+) are enhanced with cocaine abstinence. A) Abstinence-enhanced neural positive 
prediction error correlates (C- > C+ for δ+) were identified; no enhancement of neural negative 
prediction errors (C- > C+ for δ-) was observed. Significant clusters utilize a paired two sample T 
test contrasting C- > C+ (Left Striatum peak at t = 4.55, Right Striatum peak at t = 4.65; both p < 
0.001; thresholded at t = 2.9 with striatum mask, see Table S2B). Estimated positive learning rates 
(α+; green), relative to negative learning rates (α-; purple), were significantly enhanced by cocaine 
abstinence (C- > C+; t(17) = 2.78, p = 0.01) similar to the neural patterns. For obtaining 
individually fit abstinence-enhanced learning rates (C- > C+ for α+ and α-, respectively), we first 
estimated the group prior mean and distribution for each drug state and then conditioned each 
individual’s behavior in a given state on the respective state’s group prior (22). B) To verify 
cocaine abstinence effect was specific to prediction error, neural responses to expected value for 
each state was extract and there were no differences between C- and C+ participants’ VMPFC 
signals. For visualization, cocaine dependent individuals (combined C- and C+) are shown with 
ventral medial prefrontal cortex (VMPFC) signal during the choice event corresponding to the 
expected normalized expected value of the stimulus selected during that trial (VMPFC peak t = 
5.0, p < 0.001; thresholded at t = 2.9 with VMPFC mask).  
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Figure S3 

Figure S3. Imaging results with trial-by-trial δ used as parametric regressors for first level 
imaging analyses generated with group specific estimated parameters to verify neural 
findings (Figure 2) consistent after accounting for group parameter differences. A) Positive 
prediction error signal (δ+) was found in the right striatum for individuals while deprived (peak 
voxel at t = 5.53; cluster FWE corrected p = 0.002; thresholded at t = 2.9 for visualization). No 
significant δ+ signals were found for individuals while using as usual. Individuals during either 
drug use state did not show any significant negative prediction error signal (δ-). B) Deprivation-
enhanced positive learning rate (α+) is correlated with deprivation-enhanced positive prediction 
error (δ+) in the striatum (Left striatum peak at t = 5.030, Right striatum peak at t = 3.96; cluster 
FWE corrected p = 0.089; thresholded at t = 2.9 with striatum mask for visualization).  
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Figure S4 

Figure S4, related to Figure 3. A) Greater C- individuals’ neural positive prediction error signal 
(signal from outcomes with δ+) associated (r = 0.46, p = 0.05) with higher self-reported drug 
craving (subscales of Cocaine Craving Questionnaire, CCQ; 28; Table S3). All extracted neural 
signals presented are within-subject normalized betas extracted using the leave-one-out cross-
validation method (see Experimental Procedures). B) Striatal δ+ signal is related to higher desire 
to use cocaine (r = 0.70, p < 0.01) in deprived cocaine dependent individuals (C-, blue) but not in 
using as usual individuals (C+, red; r = -0.20, p = 0.42). c) Increased chronicity of cocaine use is 
related to increased neural δ+ in C- dependent individuals (blue; r = 0.64, p < 0.01) and not in C+ 
individuals (red; r = -0.09, p = 0.71).  
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Figure S5 

Figure S5. Two learning rate model parameter estimates for the non-psychiatric control 
group (n = 54) and parameter recovery based on data simulated from originally estimated 
learning rates. Model parameter recovery was performed to additionally validate the two learning 
rate model as specified by Palminteri et al. (17).  Data were simulated using individually estimated 
learning rates (α+ and α-) from the large group of fifty-four male individuals without any Axis-I 
psychopathology. The simulated data were then fit to the two learning rate model and the resulting 
recovered parameters were compared against the original parameters. The original and recovered 
parameters were significantly correlated for both α+ (r = 0.59, p <0.01) and α- (r = 0.49, p <0.01), 
providing further support for the validity of the two learning rate model.  
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Figure S6 

Figure S6. Continuous prediction error parametrically regressed onto the outcome event. To 
address the possibility that separating positive and negative prediction errors as parametric 
modulators on the corresponding outcomes on the first level GLM may not identify neural 
responses to positive and negative prediction errors (as outcome type is highly correlated with 
prediction error sign), we conducted an additional GLM where outcome onsets were modulated 
with continuous prediction errors not separated by valence. These continuous trial-by-trial 
prediction errors were generated based on parameter estimates across all subjects and assessed for 
the non-psychiatric control participants, the C- participants, and the C+ participants. Similar to the 
GLM results in Figure 2, the pattern of continuous striatal prediction error signals for controls, C- 
and C+ matched our findings in δ+, with Controls and C- showing greater δ signal than C+. 
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Supplemental Tables S1-S3 

Table S1 

A) Non-psychiatric control participant characteristics (N = 54 males)

Variable Mean (SD) 

Age 33.9 (11.0) 

Education - Years 15.1 (2.2) 

WTAR* 106.4 (16.1) 

Years of Cocaine Use 0 

* Wechsler Test of Adult Reading (Standardized Score Representing Verbal IQ)

B) Estimated group parameters for the 2 learning-rate model used to calculate trial-by-trial
prediction errors and expected value for neuroimaging analysis.

Parameter Estimates 

0.39 

0.69 

3.49 

Positive Learning Rate (α+) 

Negative Learning Rate (α-) 

Inverse Temperature (τ) 

Drift (φ) 0.52 
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Table S2. T-test fMRI Activation Table for Deprivation Enhanced Positive Prediction 
Errors.  Cocaine deprivation-enhanced learning rate reveals deprivation-enhanced neural 
positive prediction error signal. A) Family wise error (FWE) corrected clusters of calculated 
positive prediction errors correlated with deprived (C-) cocaine dependent individuals’ striatal 
neural signals during corresponding outcomes. All results were small volume corrected for the 
entire striatum including nucleus accumbens defined by (24). B) Family wise error corrected 
clusters of calculated positive prediction error correlated with controls’ striatal neural signals 
during corresponding outcomes. C) Family wise error corrected clusters where positive learning 
rate (α+) enhancement from cocaine deprivation (C- > C+) predicted positive prediction error (δ+) 
enhancement. D) FWE corrected clusters of positive prediction error (δ+) neural signals enhanced 
with cocaine deprivation (C- > C+), corrected cluster p value and cluster size with voxels 
thresholded at t = 2.90 shown in parenthesis.  

A) 

Location cluster FWE p cluster size peak T peak MNI coordinates 

Right Striatum <0.001 69 6.21  24   10  -6  

Left Striatum 0.014 18 5.19 -24  14   8

B)  

Location cluster FWE p cluster size peak T peak MNI coordinates 

Right Striatum <0.001 61 4.38  14   4  -6  

Left Striatum 0.007 26 4.59 -30  7  -2

C)  

Location cluster FWE p cluster size peak T peak MNI coordinates 

Right Striatum 0.120 36 5.61  14   7  -9  

Left Striatum 0.036 53 7.20 -20  10  -6

D) 

Location cluster FWE p cluster size peak T peak MNI coordinates 

Right Striatum 0.268 (0.008) 1 (65) 4.65  21  21   8  

Left Striatum 0.061 (0.016) 8 (52) 4.55 -17  17  11
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Table S3. Cocaine Craving Questionnaire (CCQ) correlations with striatal neural positive 
prediction error signals for C- participants. Correlations for Grand Total, Anticipated Positive 
Outcome, and Desire to Use were performed with leave-one-out cross-validation analyses 
performed at the regions of interest to reduce bias due to non-independence (26). Other subscales 
were not significantly correlated with striatal neural PE signals. 

Scale r p 

CCQ Grand Total * 0.46 0.05 

CCQ Desire to Use ** 0.70 < 0.01 

CCQ Anticipated Positive Outcome * 0.51 0.03 

CCQ Intention to Use 0.29 0.25 

CCQ Anticipated Withdrawal of Relief 0.27 0.29 

CCQ No Control 0.24 0.34 

* Significant correlations using leave-one-out cross-validation

** Significant after Bonferroni correction for multiple comparisons
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