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Abstract 
 
A ubiquitous feature of human decision making under risk is that individuals differ from each 
other, as well as from normativity, in how they incorporate reward and probability information. 
One possible explanation for these deviations is a desire to reduce the number of potential 
outcomes considered during choice evaluation. Although multiple behavioral models can be 
invoked involving selective consideration of choice outcomes, whether differences in these 
tendencies underlie behavioral differences in sensitivity to reward and probability information 
is unknown. Here we consider neural evidence where we exploit magnetoencephalography 
(MEG) to decode the actual choice outcomes participants consider when they decide between 
a gamble and a safe outcome. We show that variability in tendencies of individual participants 
to reinstate neural outcome representations, based on either their probability or reward, 
explains variability in the extent to which their choices reflect consideration of probability and 
reward information. In keeping with this we also show that participants who are higher in 
behavioral impulsivity fail to preferentially reinstate outcomes with higher probability. Our 
results suggest that neural differences in the degree to which outcomes are considered shape 
risk taking strategy, both in decision making tasks, as well as in real life. 
 
 
 
 
 
 
 
 
 
 



Introduction 
 
The information we consider when making decisions ultimately determines our choices. This 
relationship between thought content and action is particularly relevant in mental health 
disorders, where behavioral tendencies often relate to idiosyncrasies in the potential outcomes 
that are entertained. For example, defensive behaviors, commonly observed in compulsive 
and anxiety disorders, are frequently accompanied by excessive consideration of extremely 
negative events that are very unlikely, while risk seeking is characterized by an inordinate 
focus on improbable potential gains. Although the modification of such thought biases is a 
cornerstone of modern psychotherapeutic interventions, whether biases in risky choice 
problems are in fact related to biases in what information is considered has not been directly 
tested. 
 
In typical risky choice problems, individuals choose between a ‘safe’ option with a known, fixed 
outcome, and a gamble option which might lead probabilistically to one of two possible 
outcomes. Normative choice in such settings requires evaluating the gamble by summing the 
utility of each uncertain outcome, weighted by its probability, and comparing this expected 
utility to the utility of a known safe option (Bernoulli, 1954). However, a key feature of human 
decision making in this domain is that choices made by different individuals reflect differential 
sensitivity to rewards or probabilities (Farashahi, Donahue, Hayden, Lee, & Soltani, 2019; 
Gonzalez et al., 1999; Kahneman & Tversky, 1979). One possible explanation for such 
deviations from normativity, as well as variability, is the need for individuals to employ 
heuristics that reduce the computational burden entailed in this rational approach to choice 
(Gigerenzer & Goldstein, 2011; Lieder & Griffiths, 2019; Payne, Bettman, & Johnson, 1988). 
Whereas the normative choice strategy requires independent consideration of each possible 
task outcome, individuals can reduce the number of outcomes they consider by prioritizing 
use of a particular type of information for evaluation (Farashahi et al., 2019; Stewart, 2011). 
For example, individuals could prioritize probability information, and selectively ignore the safe 
outcome as well as the unlikely gamble outcome, thus deciding solely based on whether the 
more likely gamble outcome is attractive. Alternatively, they could prioritize reward 
information, and pay attention solely to outcomes useful for comparison along this dimension. 
Indeed, there is evidence that models which alter the extent to which reward and probability 
information are separately weighted in a decision variable can account for common patterns 
of choice variation observed between participants’ risky choices (Farashahi et al., 2019; 
Stewart, 2011). However, whether such weights truly reflect strategies for what information is 
considered when deciding, is unknown. 
 
A challenge in addressing this type of question is that consideration of disparate pieces of 
choice relevant information can occur automatically, unconsciously and on a very fast 
timescale, rendering any distinction difficult based purely upon behavioral measurement. 
However, recent advances in multivariate methods for Magnetoencephalography (MEG), offer 
a new tool with which to potentially overcome this challenge (Kurth-Nelson, Barnes, 
Sejdinovic, Dolan, & Dayan, 2015; Liu, Mattar, Behrens, Daw, & Dolan, 2021; Wise, Liu, 
Chowdhury, & Dolan, 2021). By representing task components using visual stimuli whose 
representations can be decoded from MEG sensor activity, these studies have identified 
signatures of reactivation that occur within a timeframe of 500 ms, and often as fast as 50 to 
70 ms, following a cue.  



 
Here, we extend on this work to examine the questions posed above related to individual 
differences in risk-taking behavior. We show that variability in which outcomes are reinstated 
during evaluation can explain variation in tendencies to base choices on either probability or 
reward information. Furthermore, reinstatement of high probability outcome representations 
was reduced in participants with impulsive traits, suggesting that real life risk taking includes 
a contribution arising out of a failure to consider probability information. Thus, our findings 
establish a link between a neural reinstatement of different sources of choice relevant 
information and the types of decision patterns individuals manifest in risky choice. The findings 
may have important relevance for mechanisms of aberrant risky choice in real life decisions. 
 
Results 
 
Decision-Making Task 
 
Participants (n = 19) completed a decision-making task while we acquired simultaneous neural 
data using MEG (Fig. 1). The design involved a risky decision-making task that required 
consideration of potential outcomes. On each trial, participants were presented with a gamble 
that required an accept or reject choice (Fig. 1a). Rejecting the gamble led to collection of a 
safe outcome, OS. Accepting led to collection of one of two gamble outcomes, O1 or O2. The 
chances of encountering O1 versus O2 upon acceptance of the gamble was signaled by 
presentation of one of four probability stimuli (P1, P2, P3, or P4; Fig. 1b). The probabilities 
implied by each of these stimuli were both instructed, extensively experienced, and tested on 
prior to task commencement (Supplementary Fig. 1). To encourage the prospective 
consideration of choice outcomes on each trial, the number of points paired with each outcome 
changed on each trial by addition of structured noise (Fig. 1c).  
 
Critically, in order to facilitate MEG analysis, the time course by which information was 
presented was structured such as to force evaluation of choice options at an identifiable 
timepoint. Specifically, participants were first informed of the number of points paired with each 
outcome (Fig. 1a, left). However, this information was insufficient to make choices as the 
probabilities relevant to that trial were unknown to the participant at this timepoint. Choice 
evaluation involving the integration of outcomes O1 and O2 with their probability and the 
comparison with the safe value could only start when the probability stimulus appeared on the 
screen following this (Fig. 1a, middle). At this point, the outcome stimuli were no longer on the 
screen. Hence, we aimed to decode the neural signatures of the outcome stimuli during the 
time when the probability stimulus was on the screen with the aim of using this to gain insights 
into what information was being reinstated during the choice process and how this information 
was related to the resulting choice.  
 



 
 
Fig. 1. Task. Participants (n = 19) completed a decision task to probe online integration of 
outcome probabilities and rewards in the MEG scanner. On each trial, participants chose 
between a safe stimulus (OS) or a gamble which probabilistically led to one of two outcome 
stimuli. The task controlled when specific computations could be performed by providing the 
information required for the computation in discrete stages: thus, participants first obtained 
information about the value of each outcome, and in a second stage about the probabilities of 
each outcome, O1 or O2.  
a) Example Task Trial. Participants were first informed of the point values for all the three 
outcomes OS, O1 and O2. Because they did not know the probabilities of the outcomes, they 
could not yet compute the expected value of the gamble. In the next step, participants were 
presented with one of four possible probability stimuli (P1, P2, P3 or P4) on which they had 
been pretrained, indicating four different probability combinations. They then decided whether 
to accept or reject the gamble. Rejecting led to collection of OS along with its trial-specific 
associated points. Accepting led to collecting either O1 or O2 along with the trial-specific 
associated points. All outcome and choice stimuli were represented by decodable visual 
stimuli. Note that in the example trial, the gamble was accepted. 
b) Outcome Probabilities. The chances of collecting O1 versus O2 upon accepting the 
gamble depended on which probability stimulus was presented. Probability of reaching O1 
was .2, .4, .6, and .8 for P1, P2, P3 and P4 respectively, and p(O2) = 1 - p(O1). These 
probabilities were extensively pretrained. Rejecting the choice stimulus always led to 
collection of OS.  
c) Outcome rewards. On each trial either O1 or O2 was designated to be the “trigger” 
outcome, whose value was selected from three levels (45, 65, or 75 during gain blocks or -45 
-65 or -75 on loss blocks). The non-trigger outcome was always 0. OS was selected from 4 
levels (20, 32, 44, 56 during gain blocks or -20, -32, -44, -56 during loss blocks). In order to 
discourage habitual responding to repeated choices, a variable amount of common noise 
(between 0 and 20) was added to all outcomes. Finally, a random value (between -6 and 6) 
was added to each outcome separately. 
 
Behavior Reflects Additive Integration of Reward and Probability Components 



 
We used computational models, fitted to participants’ choice data, to provide the simplest 
possible description of their behavior (see Methods for full description of all models and fitting 
procedures). A baseline model fit was an expected value model, which decided based on the 
difference between the expected value of the gamble and safe option, and was provided with 
a single free parameter to capture decision noise. Comparing predictions of this model to 
aggregate choice data revealed that it fit the data poorly (Fig. 2b; see supplementary Fig. 6b 
for comparison to some individual participants). In particular, it underestimated the influence 
of outcome probability (Fig. 2b: note the greater slope within each panel of data compared to 
expected value predictions) and overestimated the influence of outcome rewards in choice 
(Fig. 2b: note the lesser change in data compared to expected value predictions across panel 
columns). 
 

 
 

Fig. 2. Reward and probability information components are added rather than multiplied 
to determine choices. Behavioral analysis suggests an additive combination of reward and 
probability information.  
a) Behavioral Model Comparison. We compared the ability of a range of computational 
models to explain participants’ choice behavior. Each bar gives iBIC (integrated Bayesian 
Information Criterion) relative to the best fitting model (for n = 19 participants). Standard 
expected value as well as sampling models provided poor fits to the data. The best-fitting 
model was the additive heuristic model followed by a prospect theory model.  
b) The Additive Heuristic Model captures aggregate patterns in choice data.  
Comparison of Additive Heuristic model predictions and observed data, with expected value 
model predictions provided for reference. Each data error bar (grey) shows the across-subject 
mean (+/- s.e.m.) proportion acceptance for each combination of whether a trial is gain or loss 
(row), whether the safe reward is higher or lower than the midpoint between the two gamble 



reinforcements (column) and trigger outcome probability contingent on acceptance (x-axis). 
Note values reflect outcome reinforcements prior to common and other noise added. The blue 
line shows predictions of the additive heuristic model, at best fit parameters. Relative to 
predictions of the expected value model (orange) the additive heuristic model was able to 
capture an over-weighting of outcome probabilities in valuation. 
c) The Additive Heuristic Model additively combines reinforcement and probability 
information. The additive heuristic model computes two components from the gamble 
information. The first component, the “probability information component”, measures the 
difference in probability between reaching the better (higher reward) versus worse gamble 
outcome, contingent on accepting the choice stimulus. The second component, the “reward 
information component”, measures the difference in reward associated with the midpoint 
between the two gamble reward and the safe reward. Note that because of the actual reward 
used in the task (Fig. 1c.) this difference can be computed by considering the trigger and safe 
rewards without needing to refer to the non-trigger reward. R* refers to the reward after the 
non-trigger reward (which simply amounts to common noise along with noise specific to that 
outcome) has been subtracted from all rewards. Working with R*, the difference between the 
gamble midpoint and safe reward can be computed by dividing the trigger reward by two and 
subtracting the safe reward. 
 
The expected value model might fail if individuals differed in the utility derived from the 
rewards, or if instructed probabilities were distorted. Indeed, a prospect theory model, which 
provides parameters for both of these distortions (Kahneman & Tversky, 1979; Prelec, 1998a), 
provided a better fit, and was able to match aggregate patterns in the choice data (Expected 
Value vs Prospect Theory 𝛥𝑖𝐵𝐼𝐶 = 554.89; Fig. 2a, Supplementary Fig. 2). 
 
Nevertheless, we next considered models which are computationally less costly, basing their 
evaluation on a an approximation to a full expectation. First, we tested a recent class of 
sampling models in which integration proceeds by drawing a number of sampled outcomes, 
according to a sampling distribution, and averaging the rewards of these samples. However, 
two versions of sampling models, one in which samples are drawn proportional to their 
probability (Probability Sampling; (Vul, Goodman, Griffiths, & Tenenbaum, 2014)), and one in 
which they are drawn based on their probability and a difference in utility from that of the safe 
outcome (Utility Weighted Sampling; (Lieder, Griffiths, & Hsu, 2018; Nobandegani, 
Castanheira, Otto, & Shultz, 2018)), provided a less parsimonious accounts of the data than 
a prospect theory model (Probability sampling vs Prospect Theory 𝛥𝑖𝐵𝐼𝐶 = 540.17	;	Utility 
Weighted Sampling vs Prospect Theory 𝛥𝑖𝐵𝐼𝐶 = 512.89; Fig. 2a, Supplementary Figs. 3 and 
4), and, like expected value models, both underweighted probabilities relative to rewards in 
choices. 
 
Because prospect theory still requires a potentially costly integration computation, to examine 
computationally less costly heuristic approximations, we next turned to a class of models in 
which probability and reward information are combined additively, rather than integrated 
multiplicatively (Stewart, 2011). Such models are observed frequently in tasks where outcome 
probabilities are learned from experience, and are hypothesized to be beneficial toward 
weighting uncertainty around either comparison (Blain & Rutledge, 2020; Donahue & Lee, 
2015; Farashahi et al., 2019; Rouault, Drugowitsch, & Koechlin, 2019; Stewart, 2011; Stewart, 
Chater, & Brown, 2006). Applied to the current task, the Additive Heuristic model decides by 
computing two distinct components (Fig. 2c; Methods). A probability information component 



computes the relative chances that the choice stimulus will lead to the better versus worse 
gamble outcome. A reward component computes the reward difference between the gamble 
reward midpoint and the safe reward. Note that we use the term reward to refer to number of 
points not only gain trials, but also loss trials, where a loss can be viewed as a negative reward. 
Importantly, because of how rewards were structured in the task (Fig. 1c), the difference 
between gamble reward midpoint and safe reward could be computed by considering just the 
trigger reward, which had higher absolute reward value, and the safe reward. The probability 
information and reward information components are respectively weighted by parameters, 
𝛽2345 and 𝛽367839 and then added to a frame (gain or loss) specific intercept to form a choice 
probability (see Supplementary Fig. 5a for analysis of which parameters should be split 
between gain and loss trials and Supplementary Fig. 5b for necessity of both reward and 
probability information components).  
 
This latter model provided both a substantially more parsimonious account than prospect 
theory (𝛥𝑖𝐵𝐼𝐶 = 86.21) and a clear algorithmic mechanism for integration that could be 
examined with neuroimaging. Specifically, the Additive Heuristic model provides two 
parameters for each participant, 𝛽2345:  and 𝛽367839:  which quantify the degree to which 
participant, 𝑠, relied on probability and reward information. Thus, we refer to these parameters 
as “Behavioral Probability Weight” and “Behavioral Reward Weight” and use them as an index 
against which to compare different strategies for MEG outcome reinstatement to investigate 
whether they are related. For purposes of comparison to related parameters derived from 
neural data, from this point we now refer to these respective parameters as 𝛽2345(56=8>?43):  and 
𝛽367(56=8>?43): . 
 
Behavioral reliance on reward versus probability information are related to distinct 
patterns of prioritized outcome reactivation 
 
At the group level, participants made use of both the reward and probability components of 
the Additive Heuristic model (Supplementary Fig. 5b). However, individuals differed 
substantially in their tendency to rely more or less on either component (Supplementary Fig. 
6). We examined whether this variability was driven by tendencies to consider different 
information when evaluating choices. For example, one way to compute the probability 
component of the additive heuristic model would be to selectively consider the gamble 
outcome with higher probability, and then decide whether it was attractive. Note that because 
of reward structure in the task (Fig. 1c) such attractiveness could be determined without 
consideration of the other outcomes, but rather by comparison to a fixed threshold. Such a 
strategy could be beneficial because it could arrive at choices by forgoing consideration of 
both the gamble outcome with low probability, as well as the safe outcome. Conversely, the 
reward component could be computed by selectively considering the gamble outcome with 
higher absolute reward (the trigger outcome) and the safe outcome.  
 
In order to test the hypothesis that individual variation in choice behavior was driven by 
differences in tendencies in which outcomes to consider, we used MEG data to decode which 
outcomes participants reactivated during choice deliberation. Specifically, we tested the 
hypothesis that individuals whose behavior reflected greater consideration of probability 
information, as indexed by higher Behavioral Probability Weight, would also tend to neurally 
reinstate gamble outcomes with higher probability. By contrast, we also tested whether 



individuals whose behavior reflected greater consideration of reward information (as indexed 
by higher Behavioral Reward Weight) tended to reinstate gamble outcomes based on the 
absolute value of their rewards and also the safe outcome for comparison.  
 
To identify neural representations of outcome stimuli, reinstated during choice evaluation, we 
trained classifiers on data collected prior to the decision making task (Fig. 3a) to predict the 
identity of each outcome stimulus from MEG sensor data recorded at a particular time-point, 
𝜏, following its presentation (Methods). Each classifier was trained to output an estimated 
quantity, termed “Activation Probability”, reflecting the probability that the sensor data reflected 
reinstatement of the outcome stimulus on which it was trained (Fig. 3b). Previous research 
has demonstrated that different components of a stimulus representation (Kurth-Nelson et al., 
2015), corresponding to activity at different timepoints following stimulus presentation, play 
different roles in stimulus retrieval. On this basis we trained multiple classifiers separately on 
data from each 10 ms time bin, 𝜏, following the stimulus presentations. We found that 
classifiers trained on data from 𝜏 = 20 to 𝜏 = 500 ms obtained above chance accuracy when 
tested on held out data from the same timepoint (Fig. 3c). Additionally, such classifiers were 
selectively accurate when tested on timepoints around the time-points they were trained (Fig. 
3d). This selective decoding accuracy enabled us to then investigate which aspects of an 
outcome’s representation are reinstated during choice evaluation. 

 

 
 

Fig. 3. Decoding outcome stimuli from MEG activity.  
a) Localizer Task. The Localizer task was completed prior to the risky decision task and prior 
to learning the choice-outcome probabilities. On each trial participants were shown one of the 
outcome or choice stimuli, and, on the next screen, they then selected a word corresponding 
to the stimulus they just observed.  



b) Activation Probability Measure. For each outcome stimulus, we trained lasso-regularized 
logistic regression classifiers to discriminate MEG data from when that outcome stimulus was 
presented compared to presentation of other images and inter-trial intervals. Each classifier 
output an estimated probability that the corresponding stimulus was being presented 
(Activation Probability). A classifier for each stimulus was trained at each 10 ms bin of MEG 
sensor between 0 and 500 ms following stimulus presentation. As an example, lines here 
display the group-mean activation probability measure for the classifier corresponding to O2, 
for each training timepoint, applied to held out data at the same corresponding test timepoint, 
where the color designates the true outcome stimulus presented.  
c) Decoding accuracy. Cross-validation accuracy is the proportion of trials for which the 
classifier corresponding to the presented outcome (for held-out data) had the highest 
activation probability. Lines denote mean accuracy (+/- s.e.m.) for each set of 10 ms time-
binned outcome classifiers, applied to the same time-bin on held out examples. Dashed line 
designates permutation threshold corresponding to the 95 percentile peak threshold for 
accuracy lines generated with shuffled labels.  
d) Temporal specificity. Classifiers trained on each 10 ms time bin were also tested on every 
time bin from 0 to 500 ms following presentation of stimuli from held out data. The resulting 
accuracy image demonstrates temporal selectivity - classifiers identify with good accuracy 
representations of stimuli that are specific to the timepoint on which they were trained. b-d) 
Values reflect group means across 19 participants. 
 
We next turned toward examining which outcome representations were reinstated during 
choice evaluation, and relating this to behavioral markers of consideration of either probability 
or reward information. For each training timepoint from 20 to 500 ms, over which we obtained 
above chance classification, we applied each of the three outcome classifiers to task data 
from each trial from 0 to 500 ms following the presentation of the probability stimulus (Fig. 4a). 
This produced, for each trial, for each outcome, a 2-d image (train timepoint, 𝜏, by task/test 
timepoint, 𝜏′), reflecting the probability that the corresponding outcome representation (at 𝜏), 
was reactivated at 𝜏′ following probability stimulus onset. 
 
We first asked whether participants who relied on probability information tended to prioritize 
reinstatement of gamble outcomes based on their probability. We computed the difference 
between the reactivation probability (DRPO) of O1 and O2 (ΔDEF

:,H,I,IJ  for each participant 𝑠, trial 
𝑡, train timepoint, 𝜏, and task timepoint, 𝜏′; Fig. 4b). We then fit a linear model to predict the 
relative reactivation measure (separately for each 𝑠, 𝜏, and 𝜏′) as a function of the relative 
probability for O1 versus O2 indicated by the choice stimulus (ΔEF

:,H ; Fig. 4c). The estimate of 
this effect, 𝛽2345(L6M38N)

:,I,IJ  reflects a tendency of a participant, 𝑠, to prioritize reactivation of 
outcome representations (elicited 𝜏 following their direct presentation) according to their 
probability (measured at 𝜏′ following probability stimulus presentation; Fig. 4d). We refer to 
𝛽2345(L6M38N)
:,I,IJ 	 as Neural Probability Prioritization. 



 
 
Fig. 4. Behavioral sensitivity to probability information relates to relative reactivation 
of more probable gamble outcomes following probability stimulus onset. Neural 
Probability Prioritization, 𝛽2345	(L6M38N)

:,I,IJ , measures the extent to which relative reinstatement 
probability of O1 versus O2 changes depending on the probability of encountering  O1 versus 
O2.  
a) Example trial to demonstrate computation of 𝜷𝒑𝒓𝒐𝒃	(𝒏𝒆𝒖𝒓𝒂𝒍)

𝒔,𝝉,𝝉J . In this example trial, (Trial 2 
from Participant 11), P2 was presented, indicating that, if accepted, O1 would be reached with 
.4 probability and O2 would be reached with .6 probability.  
b) Example relative activation for O1 versus O2. Following probability stimulus presentation 
for each trial, we measure reactivation probability for O1 and O2, ΔDEF

:,H,I,IJ, for 𝜏’ = 0  to 𝜏’  = 500 
ms following probability stimulus onset, for each classifier trained on MEG sensor data from 𝜏 
= 20 to 𝜏 = 500 ms following outcome stimulus onset in the localizer task. Image demonstrates 
the results of this computation for the example trial in Fig. 4a. 
c) Neural Probability Prioritization, 𝜷𝒑𝒓𝒐𝒃	(𝒏𝒆𝒖𝒓𝒂𝒍)

𝒔,𝝉,𝝉J , measures tendency to reactivate 
gamble outcomes according to their probability. Neural Probability Prioritization, 
𝛽2345	(L6M38N)
:,I,IJ , is computed by regressing relative trial-varying reactivation probability of O1 

versus O2, ΔDEF
:,H,I,IJ, onto the  trial-varying probability of encountering O1 versus O2, ΔEF

:,H  (see 
Methods).  
d) Neural Probability Prioritization, 𝜷𝒑𝒓𝒐𝒃	(𝒏𝒆𝒖𝒓𝒂𝒍)

𝒔,𝝉,𝝉J  for example participant. Image denotes  
𝛽2345	(L6M38N)
:,I,IJ  for every classifier train timepoint,𝜏, following outcome stimulus onset and test 

timepoint, ,𝜏’, following probability stimulus onset, for an example participant (s = 11).  
e) Measuring relationship between Behavioral Probability Weight and Neural 
Probability Prioritization. Following computation of 𝛽2345	(L6M38N)

:,I,IJ   we measured the between-
participant relationship between this and behavioral evidence for consideration of probability 
information,  as measured by the behavioral probability weight 𝛽2345	(56=8>?43): . This was done 
by regressing 𝛽2345	(L6M38N)

:,I,IJ 	onto 𝛽2345	(56=8>?43): , separately for each train and test timepoint, 𝜏 
and,𝜏′.  
f-h) Behavioral Probability Weight relates to Neural Probability Prioritization.  f) Image 
shows t-statistic for this regression (applied to 19 participants), for each train and test 



timepoint, smoothed with a Gaussian kernel (𝜎 = 1.5 timebins). *𝑃]^_ = .009, non-parametric 
permutation test on image peak. g) Histogram shows null distribution of maximum t-statistics 
over 5000 2-d maps, each generated by randomly shuffling 𝛽2345	(56=8>>?43):  between 
participants, s. Dashed line shows true maximum t-statistic. h) Raw participant-specific 
measurements of Neural Probability Prioritization and Behavioral Probability Weight. Neural 
estimates are taken at peak training and test timepoints. Note this is shown for display 
purposes only, as raw estimates are biased due to maximization of t-statistic over train and 
test timepoints. 
 
To test whether the tendency to reactivate outcomes according to their probability is reflected 
in behavioral choice sensitivity to outcome probability information, we computed the between 
participant effect of Neural Probability Prioritization, 𝛽2345(L6M38N)

:,I,IJ , on Behavioral Probability 
Weight, 𝛽2345(56=8>?43):  (Fig. 4e). The peak of this effect was significantly positive (Figs. 4f-h; 𝜏 
= 420 ms, 𝜏′ = 420 ms; 𝑃]^_ = .009, non-parametric permutation test on image peak; see 
Methods; see Discussion for consideration of identified peak significant timepoints), providing 
evidence supporting the hypothesis that the more an individual’s reactivation reflected 
differences in outcome probabilities, the more that individual showed behavioral evidence of 
sensitivity to probability information. Importantly, we did not observe a positive relationship 
between 𝛽2345(L6M38N)

:,I,IJ  and 𝛽367(56=8>?43):  (Supplementary Fig. 8a). 
 
In a similar manner, we next investigated the reward component, which calls for consideration 
of the trigger outcome (gamble outcome with higher absolute reward) and safe outcome value 
(Fig. 2c). Thus, we asked whether individuals who were more sensitive to reward information 
preferentially reinstate these outcomes. To measure a tendency to reactivate gamble 
outcomes with higher absolute reward values, we measured the between-trial effect of the 
difference between the absolute rewards for O1 and O2,	Δ|DF|

:,H ,  on difference in reactivation 
probability for O1 and O2, ΔDEF

:,H,I,IJ (Fig. 5a-c). This effect, 𝛽367(L6M38N)
:,I,IJ , Neural Reward 

Prioritization, measures a participant’s tendency to prioritize reactivation of an outcome’s 
representation (at specific 𝜏 and 𝜏′) based on its trial-varying absolute reward value (Fig. 5d). 
Regressing 𝛽367(L6M38N)

:,I,IJ  onto Behavioral Reward Weight (𝛽367(56=8>?43): ; Fig. 5e), revealed a 
significant positive effect (Figs. 5f-h; 𝜏 = 480 ms, 𝜏′ = 110 ms;  ; 𝑃]^_ = .024, non-parametric 
permutation test on image peak). This association was specific as we did not observe a 
positive relationship between 𝛽367(L6M38N)

:,I,IJ  and 𝛽2345(56=8>?43):  (Supplementary Fig. 8b). 
 



 
 
Fig. 5. Behavioral sensitivity to reward information relates to relative reactivation of 
higher absolute value gamble outcome representation. Neural Reward Prioritization, 
𝛽367	(L6M38N)
:,I,IJ , measures the extent to which relative reinstatement probability of O1 versus O2 

changes depending on the absolute reward paired with of O1 versus O2.  
a) Example trial to demonstrate computation of 𝜷𝒓𝒆𝒘	(𝒏𝒆𝒖𝒓𝒂𝒍)

𝒔,𝝉,𝝉J . On this trial, O1 is paired with 
89 points and O2 is paired with 9 points. Note that this is the same trial as in Fig. 4a. 
b) Example relative activation for O1 versus O2, 𝚫𝑹𝑷𝑶

𝒔,𝒕,𝝉,𝝉J. Image displays ΔDEF
:,H,I,IJfor example 

trial in 5a. Replotted from Fig. 4b. 
c) Neural Reward Prioritization, 𝜷𝒓𝒆𝒘	(𝒏𝒆𝒖𝒓𝒂𝒍)

𝒔,𝝉,𝝉g , measures tendency to reactivate gamble 
outcomes according to their absolute reward.  Neural Reward Prioritization, 𝛽367	(L6M38N)

:,I,IJ , 
is computed by regressing relative trial-varying reactivation probability of O1 versus O2, 
ΔDEF
:,H,I,IJ, onto the trial-varying difference in absolute points paired with O1 versus O2, Δ|DF|

:,H .  

d) Neural Reward Prioritization, 𝜷𝒓𝒆𝒘	(𝒏𝒆𝒖𝒓𝒂𝒍)
𝒔,𝝉,𝝉g   for example participant. Image denotes  

𝛽367	(L6M38N)
:,I,IJ  for every classifier train timepoint, 𝜏, following outcome stimulus onset, and test 

time timepoint, 𝜏’, following probability stimulus onset, for an example participant (s = 11).  
e) Measuring relationship between Behavioral Reward Integration and Neural Reward 
Prioritization. Following computation 𝛽367	(L6M38N)

:,I,IJ , we measured the between-participant 
relationship between this and behavioral sensitivity to reward information, as measured by 

Behavioral Reward Weight,  𝛽367	(56=8>?43): . This was done by regressing 𝛽367	(L6M38N)
2,I,Ig  onto  

𝛽367	(56=8>?43):  separately for each  𝜏 and  𝜏’.  
f-h) Behavioral Reward Weight relates to Neural Reward Prioritization. f) Image shows a 
t-statistic for this regression (across 19 participants), for each train and task time-bin, 
smoothed with a Gaussian kernel (𝜎 = 1.5 time-bins). *: 𝑃]^_ = .024, permutation tested. g) 
Histogram shows null distribution of maximum t-statistics over 5000 2-d maps, each generated 
by randomly shuffling 𝛽367	(56=8>?43):  between participants. Dashed line shows true maximum 
t-statistic. g) Raw participant-specific measurements of Neural Reward Prioritization and 
Behavioral Reward Weight, at peak train and test timepoints. Note that this is shown for display 
purposes only as raw estimates are biased due to maximization over train and test timepoints. 



 
Next, we computed participant specific tendencies to reactivate the safe outcome, 𝑅𝑃ij

:,I,IJ, as 
the mean reactivation probability of the safe outcome classifier across trials (Fig. 6a) and 
regressed this onto Behavioral Reward Weight (𝛽367(56=8>?43): ; Fig. 6b). The peak of this effect 
was also significantly positive (𝜏 = 350 ms  𝜏′ = 270 ms; 𝑃]^_ = .011, non-parametric 
permutation test on image peak; Figs. 6c-e) Hence, the more an individual tended to rely on 
a simple comparison between the rewards of gamble and safe options, the more they 
reactivated the high absolute reward and safe outcomes. As with the above, this association 
was specific as we did not observe a positive relationship between 𝑅𝑃ij

:,I,IJ and  𝛽2345(56=8>?43):  
(Supplementary Figs. 8c). 

 
 

Fig. 6. Behavioral sensitivity to reward information relates to greater reactivation of safe 
outcome representation. In order to measure a tendency to reactivate a safe outcome 
representation,  we computed the mean reactivation probability of the safe outcome 
representation, 𝑅𝑃ij

:,I,IJ for participant, 𝑠, train timepoint, 𝜏, following outcome stimulus onset 
and test timepoint, 𝜏’, following probability stimulus onset.  
a) Safe Reactivation for Example Participant. Image denotes safe reactivation probability, 
𝑅𝑃ij

:,I,IJ, averaged across trials, for each train and task time-point, 𝜏 and 𝜏′,  for an example 
participant, s.  
b) Measuring Relationship Between Safe Outcome Reactivation and Behavioral Reward 
Integration In order to measure the between-participant relationship between reactivation of 
the safe outcome  and behavioral integration of reward information into choice, as measured 



by the reward component of the additive heuristic model (𝛽367	(56=8>?43): ), we regressed 
𝛽367	(56=8>?43):  onto between participant measure of mean safe reactivation,  𝑅𝑃ij

:,I,IJ separately 
for each , 𝜏 and 𝜏′.  
c-e) Safe Outcome Reactivation Relates to Behavioral Sensitivity to Reward 
Information. c) Image shows a t-statistic for this regression (applied to 19 participants), for 
each train and task timebin, smoothed with a Gaussian kernel (𝜎 = 1.5 timebins). *: 𝑃]^_ = 
.011, non-parametric permutation test on image peak. d) Histogram shows null distribution of 
maximum t-statistics over 5000 2-d maps, each generated by randomly shuffling 𝛽367	(56=8>?43):  
between participants. Dashed line shows true maximum t-statistic. e) Raw participant-specific 
measurements of Safe Outcome Reactivation and Behavioral Reward Weight, at peak train 
and test time-points. Note that this is presented for display purposes only, as raw estimates 
are biased due to maximization of t-statistic. 
 
Altogether, these results provide evidence that individual differences in outcome 
representation prioritization for reinstatement drive individual differences in choices. 
Participants who were behaviorally influenced by probability information were also more likely 
to reactivate gamble outcomes based on their probability. Conversely, participants who were 
behaviorally influenced by reward information tended to reactivate gamble outcomes based 
on their absolute reward, as well as the safe outcome. Hence, whether probability and reward 
information influence behavior relates to prioritized neural reinstatement of the relevant 
information. 
 
Prioritized reactivation of high probability outcomes relates to a real-life measure of 
risky decisions 
 
Aberrant valuation and decision making particularly in risk settings are features of multiple 
psychiatric disorders (Amlung et al., 2019; Berwian et al., 2020; Deserno et al., 2015; Gillan, 
Kosinski, Whelan, Phelps, & Daw, 2016; Loewenstein, Hsee, Weber, & Welch, 2001; Mathews 
& MacLeod, 2005). Based upon the finding above, we hypothesized that aberrant decision 
making and valuation in the context of behavioral impulsivity tendencies would relate to a lack 
of selectivity in reinstatement of choice outcomes. Impulsivity is characterized by a 
predisposition toward risky behavior and a predisposition to act without adequate thought 
(Eysenck & Eysenck, 1977). Items on the self-report Barratt Impulsivity Scale (BIS) capture a 
tendency to act without thinking about the likely future consequences of the action (e.g. “I do 
things without thinking”, “I am more interested in the present than the future”). Impulsivity has 
also previously been associated with reduced neural signatures of model-based decision 
making (Deserno et al., 2015), while theoretical models of impulsivity suggest a relationship 
between it and noisy simulation of action outcomes (Gabaix & Laibson, 2017). Based on this, 
we specifically hypothesized that aspects of impulsivity would relate to failure to reactivate 
(consider) outcomes according to their probability. We thus examined the relationship 
between impulsivity and Neural Probability Prioritization (𝛽2345(L6M38N)

:,I,IJ , Fig. 7a) and identified 
a significant negative relationship (Figs. 7b-d,  𝜏 = 410 ms, 𝜏J = 370 ms, 𝑃]^_ = .006, non-
parametric permutation test on image minimum). This provides evidence that real-life patterns 
of risky decision making, as expressed through behavioral impulsivity, relate to a failure to 
prioritize reactivation of more likely choice outcomes.  
 



 
 
Fig. 7. Relative reinstatement of outcomes with high probability is less in individuals 
higher in impulsivity. a) Measuring Relationship Between Behavioral Impulsivity and 
Neural Probability Prioritization. In order to measure the between-participant relationship 
between behavioral impulsivity and neural probability prioritization, we regressed between 
participant neural probability prioritization 𝛽2345	(L6M38N)

2,I,IJ onto Behavioral Impulsivity Scale (BIS) 
scores, separately for each train and test timepoint (𝜏 and 𝜏′). 
b-d) Behavioral Impulsivity Relates to Neural Probability Prioritization. b) Image of t-
statistic of relationship (for 18 participants) between Behavioral Impulsivity Scale (BIS) score 
and neural probability prioritization, 𝛽2345(L6M38N), computed for each train and test timepoint, 
smoothed with a Gaussian kernel (𝜎 = 1.5 time-bins). *: 𝑃]^_ = .006, non-parametric 
permutation test on image minimum. c) Histogram shows null distribution of minimum t-
statistics over 5000 2-d maps, each generated by randomly shuffling 𝐵𝐼𝑆 scores between 
participants. Dashed line shows true minimum t-statistic. d) Raw participant-specific 
measurements of neural probability prioritization and BIS score, at minimum train and task 
timepoints. Presented for display purposes only, as raw estimates are biased due to 
minimization of  t-statistic. 
 
Discussion 
 
It is widely conjectured that differences in behavioral choice patterns relate to differences in 
what information individuals consider during evaluation. Here, we examined this phenomenon 
informed by neural data. Specifically, we used MEG to decode on a fast time scale the content 
of what information is under consideration, in the context of a risky decision-making task. Our 
findings are consistent with a hypothesis that underlying individual differences in integration 
of reward and probability information into choice, in both a laboratory task and in real life, 
reflect differences in the nature of the information that is considered during evaluation.  
 
Our behavioral analysis revealed that participants adopted a strategy where outcomes were 
compared along separate reward and probability dimensions which were then additively 
integrated. However, individuals differed in the extent to which they relied on either reward 
versus probability components of this heuristic when deciding. By decoding outcome 
representations using MEG, we identified that underlying these distinct decision strategies 
were differences in what outcomes were neurally reinstated during evaluation. In particular, 
participants who decided based on a difference in probability between the better and worse 
gamble outcomes preferentially reactivated high probability gamble outcomes, suggesting  
they mainly ‘thought’ about probability information. Conversely, participants who decided more 
based on the difference in reward between outcomes preferentially reinstated the safe 
outcome and high absolute value gamble outcomes, suggesting they mainly considered the 



relative points of safe and gamble options. Finally, we observed that individuals higher in 
Behavioral Impulsivity, a marker of real-world risk taking, demonstrated a relative failure to 
selectively reinstate outcome based on probability.  
 
Our results fill a key gap in the literature as to what accounts for individual differences of 
treatment of reward and probability in risky choice. Although individual differences are 
ubiquitous in the literature of risky choice, the full range of factors that determine individual 
differences are unknown. Previous modeling approaches have demonstrated that models 
which selectively integrate either reward or probability information account for some aspects 
of commonly observed variance in risky choice (Stewart, 2011), though whether such variation 
is driven by differences in the types of information considered during choice evaluation has 
not been directly demonstrated. Here, by identifying a link between outcomes that are 
reinstated during choice evaluation and behavioral signatures that reflect consideration of 
either reward or probability information, we provide evidence that such variation is indeed 
driven by differences in what sources of information are considered during evaluation. 
 
One caveat in interpreting our reactivation results is that we only analyzed choice periods of 
up to 500 milliseconds following choice stimulus presentation. This was necessary because 
participants made fast responses (Supplementary Fig. 7), thus, limiting the available time 
window over which activations could be averaged. However, the majority of participant’s 
choice evaluations lasted longer than this time period, suggesting that we only were able to 
examine reactivation data corresponding to a fraction of possible evaluation time used by 
participants. One explanation for the success in identifying relationships between reactivation 
and behavior, despite not including the entire evaluation period, is that outcome consideration 
at a neural level unfolded immediately upon choice stimulus onset, possibly at stereotyped 
time-points, and then continued beyond  that until a choice was made. Although we were 
limited in this study to examination of the fastest reactivation measures that cohered across 
participants, future studies might avail of other methods, such as identification of transitions 
of reactivation events between stimuli (Liu et al., 2021) so as to aggregate reactivation events 
across trials that may have different response times, thus availing of all data during evaluation. 
 
It is likely that some of the specifics of our results are attributable to specific features of our 
task. We found that an additive heuristic, in which participants take a weighted sum of 
components relating to probability and reward information provided the best account of the 
data. Additive models of integration have previously been suggested as a hypothesis model 
of choice integration because, with the right setting of weights, they  largely account for the 
same phenomena as prospect theory models and dovetail with cue combination models used 
in perceptual research (Stewart, 2011; Stewart et al., 2006). Such models also find use in 
tasks that require learning of reward probabilities from experience (Blain & Rutledge, 2020; 
Bongioanni et al., 2021; Donahue & Lee, 2015; Farashahi et al., 2019; Rouault et al., 2019; 
Stewart, 2011; Stewart et al., 2006). It has been argued that an advantage of such models is 
that they allow weightings to change based on certainty in either piece of information 
(Farashahi et al., 2019). In the present task, requirements on memory may have induced 
uncertainty in both reward magnitudes as well as probabilities, and thus encouraged an 
additive strategy in the task: the probability over outcomes given choice stimulus had to be 
recalled on any particular trial and similarly the reward magnitudes associated with each 
outcome were not shown at the timepoint the choice was made, but rather had to be 
remembered based on the previous screen’s information. An additional advantage of additive 



integration models is that they permit comparisons between reward and probability 
components of outcomes to be computed at distinct time-points. The ability to make distinct 
comparisons at different timepoints may have been specifically incentivized in this task due to 
the particular staging of gamble information, and our neural results with regards to when 
reward and probability component computations occurred suggest that participants exploited 
this. 
 
Our results build on prior work investigating reinstatement of outcomes during choice 
evaluation. A number of studies have investigated outcome reinstatement in the context of 
model-based reinforcement learning algorithms (Bornstein & Daw, 2013; Castegnetti et al., 
2020; Doll, Duncan, Simon, Shohamy, & Daw, 2015; Russek, Momennejad, Botvinick, 
Gershman, & Daw, 2021; Wimmer & Büchel, 2019; Wise et al., 2021). Typical model-based 
algorithms postulate that choices be evaluated by simulating potential consequent outcomes 
and adding the rewards of those outcomes to a running average (Sutton, 1991; Sutton & Barto, 
2017). Evidence that outcome reinstatement functions to simulate outcomes in this manner 
comes from studies demonstrating that variation in a tendency to reactivate the deterministic 
outcome of a chosen action predicts a propensity for behavior to reflect model-based choice 
evaluation (Doll et al., 2015; Wise et al., 2021). This mechanism for outcome reinstatement 
has also accounted for within subject variation relating what is simulated to ultimate valuation 
of a choice option (Castegnetti et al., 2020; Russek et al., 2021). Our results add to this work 
by revealing that outcome reactivation can support functions beyond typical model-based 
simulation of outcomes, such as comparison of reward values between choice outcomes (as 
used in the reward component of the choice model identified here). Furthermore, our results 
show that individual variation in reactivation tendencies relate to individual differences in 
choice. These results thus point toward a more general flexibility in the computational function 
of outcome reactivation, and emphasize a close link between the processes determining 
reactivation and ultimate behavior.  
 
Relatedly, a recent body of work has examined how the brain solves the meta-decision 
problem as to which potential outcomes of a choice should be simulated. Although standard 
formulations of simulation in model-based choice postulate that outcomes should be simulated 
proportionally to their probability (Sutton, 1991), theoretical analyses have demonstrated that 
in situations where the total number of simulations is limited, it is possible to arrive at more 
accurate estimates of choice utility by considering outcome utilities in the decision of what to 
simulate (Lieder et al., 2018; Nobandegani et al., 2018). In an MEG neuroimaging study, a 
tendency to reactivate outcomes proportionally to their absolute utility has been reported 
(Castegnetti et al., 2020). Importantly, however, this is based on a framework of evaluating 
choices by sampling outcomes according to some distribution and averaging rewards. How to 
prioritize which outcomes to represent in situations where choice strategies other than 
sampling are used, as was the case in the current study, as well as the situations the brain 
might rationally ‘choose’ to deploy such strategies, remains an open question for future 
investigation. 
 
Our use of MEG rather than FMRI permitted an analysis of not only which outcomes were 
reactivated, but also the temporal structure of when such reactivations occurred as well as 
what temporal component of a representation, measured in terms of time following direct 
presentation of the stimulus, was reactivated. Such temporal structure has previously been 
demonstrated as important for integration of rewards with non-directly paired stimuli in a 



sensory pre-conditioning task (Kurth-Nelson et al., 2015). Our findings as to when reactivation 
events occurred bear multiple similarities to the key results of that previous study. Notably, 
our identification of reinstatement related to integration of reward and probability information, 
occurred at two distinct timepoints (110 ms and 420 ms following choice stimulus onset), 
approximately resembles time-points (Kurth-Nelson et al., 2015) when a  non-directly 
rewarded stimulus was re-activated either following a paired stimulus onset (400 ms) and a 
reward (70 ms). We speculate that such similarities in the timing of reinstatement events may 
relate to oscillatory events which, triggered by the onset of a choice stimulus, coordinate 
reactivation (Vidaurre, Cichy, & Woolrich, 2021). The function of such timings should be 
explored in future work. 
 
Finally, we identified that participants with higher behavioral impulsivity demonstrated 
relatively reduced prioritized reactivation of higher probability outcome representations. This 
reactivation result matches nicely recent theoretical proposals that impulsive choice may result 
from noisy simulation of future events (Gabaix & Laibson, 2017). Given the separate, positive 
relationship of this pattern of reinstatement with integration of probability information, this 
result also points toward a mechanism underlying real-life aberrant risky choice, potentially 
driven by neglect of probability information (Rouault et al., 2019). More generally, our finding 
here opens up a line of research that certain of disorders of choice may in fact reflect disorders 
related to what information should be prioritized. 
 
In summary, we demonstrate a relationship between the information that individuals tend 
consider during evaluation, and how they decide. Moving forward, this suggests the possibility 
that one could learn to make better choices by learning to change how they reinstate 
information. This possibility points toward further research into the treatment of mental health 
disorders characterized by aberrant choice. 
 
Methods 
 
Participants 
 
We recruited 21 participants (mean (std) age: 23.67 (4.33), 13 female) from University 
College London subject databases who provided informed consent prior to beginning the 
study. 13 were female. The mean age was 23.67, with a range of 18 to 36. Based on 
consideration from prior literature, we chose a sample of 30 participants, however, due to 
the coronavirus pandemic and the UK lockdown, we were required to stop collecting data at 
21 participants. Two participants were removed from analysis for choosing the same action 
on greater than 80% of trials (89% and 83%), thus leaving 19 participants included in the 
main analysis (Figs. 2 - 6). We additionally failed to collect questionnaire data for one 
participant. Thus the neural-questionnaire analysis (Fig. 7) reflects data from 18 participants. 
Although this number of subjects is less than intended, we note that it is within the range for 
similar studies in the field (Doll et al., 2015; Momennejad, Otto, Daw, & Norman, 2018; Park, 
Miller, & Boorman, 2021; Wimmer & Shohamy, 2012). For completing the entire study, 
participants were paid 40 GBP with a performance dependent bonus of up to 20 GBP. This 
study was approved by UCL ethics (ID: 9929/002). 
 
Experimental Procedures 



 
Training Session and Task Session. 
 
The entire task took place over two consecutive days. On day 1, subjects completed the task 
instructions. Following this, using different stimuli than used in the actual task, participants 
completed the entire probability learning task, and then completed three randomly selected 
blocks from the risky decision making task. Following this they completed a number of 
Questionnaires. 
 
On day 2, in the MEG scanner, participants completed the functional localizer task, the 
probability learning task, and the gamble task. Different task stimuli were used on Day 1 and 
Day 2. 
 
Task overview 
 
In the main task, subjects were required to make decisions about whether to accept or reject 
a gamble. Rejecting the gamble led to collecting a safe outcome (OS). Accepting, in contrast, 
led to collecting one of two gamble outcomes (O1 or O2). On each trial, each of the three 
outcomes were associated with a distinct number of points, which the participant was made 
aware of at the start of the trial, and which, if collected, contributed toward a bonus. The task 
contained four probability stimuli (P1, P2, P3 and P4). Each probability stimulus determined, 
whether, if accepting the gamble, the probability that O1 versus O2 would be encountered. 
The probability of gamble acceptance leading to O1 was were .2, .4, .6, and .8, for P1, P2, P3 
and P4 respectively (Fig. 1b). 
 
The task consisted of eight blocks, which alternated between gain and loss blocks (four of 
each). To construct each trial, either O1 or O2 was selected to be the trigger option. The 
reward value of the trigger option was selected from {47.5, 60, 75} on gain trials, or {-47.5, -
60, -75} on loss trials, and the non-trigger option value was 0 (Fig. 1c). The value of the safe 
option was selected from {20, 40, 60, 80} on gain trials and {-20, -40, -60, -80} on loss trials. 
Following this, a single random value drawn from uniform(0,25) for gain trials, or uniform(-
25,0) for loss trials was added to each outcome. Finally, three separate random values drawn 
from uniform(0,5) for gain trials and uniform(0,-5) for loss trials were added to each value 
separately. 
 
Trials consisted of each combination of trigger value, and safe value, such that the absolute 
value of the trigger value was greater than the absolute value of the safe value, for both O1 
and O2 occurring as the trigger value, for each level of P(O1|Cn). Finally, each exact trial 
repeated twice in the task. 
 
Participants were instructed that their bonus would be computed by randomly selecting one 
trial from each block of the task and adding the points they collected on these trials. The bonus 
was proportional to this sum. 
 
Functional Localizer  
 
Each task stimulus was represented using a decodable visual stimulus. Our analysis of the 
task relied on decoding from MEG data what outcome stimulus was represented during choice 



evaluation. In order to collect data with which to train a classifier to detect stimulus 
representations, participants completed a functional localizer task, consisting of three blocks. 
each block, the seven images representing each task state were each presented 20 times, in 
randomized order. For each presentation, the image was presented for 800 ms. Following a 
200 ms ISI, two words appeared on the screen, one corresponding to the name of the image 
just presented and one corresponding to the name of a different image. Participants were 
given 600 ms to select the word corresponding to the image just seen.  
 
Probability Learning Task 
 
In order to learn the probabilities that each choice stimulus, if accepted, led to either gamble 
outcome stimulus, participants completed four blocks of a probability learning task. In each 
block, for each probability stimulus, participants were first shown a screen instructing them on 
the probabilities that that probability stimulus (if as part of a gamble that was accepted) would 
lead to either gamble outcome stimulus. Following this, the participants experienced 10 trials 
in which they were required to “play” that probability stimulus. For each play, the participant 
experienced that stimulus, followed by one of the two gamble outcomes. For the 10 trials, it 
was guaranteed that the number of either outcome experienced matched the instructed 
probability, however in randomized order (e.g. if the probability stimulus led to O1, 40% of the 
time, the participant experienced O1 4 out of the 10 times following the choice stimulus). In 
order to ensure attention, following 25% of these trials, participants were required to report 
either which choice stimulus, or which outcome stimulus they had just experienced. After 
experiencing two rounds of instructed probabilities and experienced transitions for each 
probability stimulus, the participant was then required to respond to number of queries about 
the probability that each probability stimulus led to each outcome. For each query, the 
participant was shown an image of one of outcome stimuli as well as two of the probability 
stimuli, and was required to report which of the two probability stimuli was more likely to lead 
to that outcome. The proportion correct for these queries across rounds is reported in 
Supplementary Fig. 1. 
 
Risky Decision Making Task 
 
On each trial of the risky decision maknig task, participants were first shown how many points 
would be earned if they were to encounter either of the three types of outcomes (O1, O2 or 
OS). This was displayed on a screen, presented for 2.5 s, containing three separate banknote-
like images, with each banknote containing one of the outcomes and the number of points 
(Fig. 1a). The position of the two gamble outcomes was randomly counter-balanced. Following 
a 1.5 s ISI, participants were then presented with one of the four probability stimuli, and were 
required to either accept or reject the gamble. Rejecting the gamble would lead to 
encountering the safe stimulus and collecting the number of points associated with it for that 
trial. Conversely accepting the gamble would lead to encountering either O1 or O2, and 
collecting the number of points associated with that outcome for that trial. The probability 
stimulus remained on the screen until the subject made a response, up to a maximum of 6 s. 
Then, following a 1.5 s ISI participants observed a banknote corresponding to the outcome 
they received, along with the number of points they collected. In order to encourage 
participants to decide at the time of probability stimulus onset, on 10% of trials, participants 
were not presented with a probability stimulus, and were instead required to report the reward 
paired with one of the outcome stimuli. 



 
Questionnaires 
 
Participants completed the following questionnaire: The Barratt Impulsivity Scale, The State-
Trait Anxiety Inventory (STAI), the Penn State Worry Questionnaire (PSWQ), and the MASQ 
anhedonia scale. Prior to administering the task, we expected that we would identify 
differences in how subjects treated loss and gain blocks of the task, and that this difference 
would be relevant for relating to the STAI, PSWQ. However, after failing to observe relevant 
behavioral differences in this regard, we focused only on the BIS measure and MASQ. We 
hypothesized that BIS would be related negatively probability prioritization. We additionally 
tested whether MASQ would relate negatively to reward prioritization, however did not observe 
this effect to be significant. Because these were planned comparisons, we do not present 
correction for multiple comparisons (across multiple tests), however, we note that the strength 
of the effect relating BIS to neural probability prioritization would survive Bonferroni correction 
for the two tests performed. Note that, due to an error in recording data, we failed to collect 
questionnaire data for one participant. Thus, Neural-Questionnaire analysis was examined for 
18 participants. 
 
Computational models of choice data 
 
All behavioral analysis was implemented using the Julia (version 1.5) programming language 
(Bezanson, Edelman, Karpinski, & Shah, 2014). In order to gain an algorithmic description of 
subjects decision making we fit a number of computational models to their choices. We 
describe each model here. 
 
Expected value: The expected value model decides based on the difference in expected 
value for accepting and rejecting the gamble, 
 

P8mm62H = 	 𝑙𝑜𝑔𝑖𝑡qr(𝛽[𝑃ir𝑅ir + 𝑃iu𝑅iu − 𝑅iw]) 
 
where the inverse temperature parameter, 𝛽 is a free parameter. 
 
Prospect theory: The prospect theory model (Kahneman & Tversky, 1979) allows 
expectations to be taken using a probability weighting function, 𝑤, and subjective utility 
function, 𝑣, 
 

P8mm62H = 		𝑙𝑜𝑔𝑖𝑡qr(𝛽[𝑤(𝑃ir)𝑣(𝑅ir) + 𝑤(𝑃iu)𝑣(𝑅iu) − 𝑣(𝑅iw)]) 
 
We used standard utility functions, and the Prelec probability distortion functions (Prelec, 
1998b), 𝑣(𝑥) = 𝑥|}~�� when 𝑥 ≥ 0, 𝑣(𝑥) = −(𝑥|����) when 𝑥 < 0, and, 𝑤(𝑝) =
exp[−𝛿(− 𝑙𝑛 𝑝)8]. 𝛽, 𝛼�8?L, 𝛼N4::, 𝛿, and 𝑎 are free parameters. 
 
Additive Heuristic: The additive heuristic model, based on additive integration models 
(Farashahi et al., 2019; Stewart, 2011), yet adapted for features of this task, simply does a 
linear integration of two features: one related to the probability of reaching the better outcome, 
and one related to the difference in reward between the trigger outcome:  
 



𝑃8mm62H = 𝑙𝑜𝑔𝑖𝑡qr(β� + 𝛽2345�𝑃i������ − 𝑃i������ + 𝛽367[
𝑅i���}
∗

2 − 𝑅ij~��
∗ ]	) 

 
where β� = β�8?L, on gain trials and β� = βN4:: on loss trials. β�8?L, βN4::		, 𝛽2345, and	𝛽367 are 
free parameters. 𝑅i���}

∗ is the reward of the trigger outcome, baseline corrected such that the 
common noise added to each item is subtracted (Fig. 1c). 𝑅i�~��

∗ is the reward of the safe 
outcome, baseline corrected such that the common noise added to each item is subtracted. 
 
Sampling models (Probability Sampling and Utility Weighted Sampling) According to our 
sampling models, the participant uses importance sampling to estimate the difference in utility 
between accepting and rejecting the gamble outcome. Both models assume first select a 
number of samples to take, 𝑆, which we assume is drawn from an ordered probit distribution, 
𝑂𝑟𝑑𝑒𝑟𝑒𝑑𝑃𝑟𝑜𝑏𝑖𝑡(𝑆	|	𝑛, 𝑐), where 𝑛, which sets the center of the distribution is a free parameter, 
and the scale parameter, 𝑐 is set to 2. Following this, the participant draws 𝑆 samples where 
each sample corresponds to either 𝑂r or 𝑂u, from the distribution 𝑞(𝑂?). Given 𝑆 samples, the 
subject computes an estimate of the value difference between the gamble option and safe 
option. 

	

𝐸£ = 	
1

∑ 𝑤¥w
¥¦r

§ 𝑤?[𝑣(𝑅4�) − 𝑣(𝑅4�~��)]
w

?¦r
 

 

where 𝑤? reflects the importance weights, 𝑤? =
EF�
¨(4�)

, v is defined the same as it is for the 

prospect theory models, with two free parameters, 𝛼�8?L, and 𝛼N4::. 
 
The participant’s probability of accepting is then 1 if 𝐸£ > 0, 0 if 𝐸	©< 0 and .5 if 𝐸	©= 0.  We define 
𝐸£ as a function of the number of samples taken 𝑆, and the number of samples drawn as 𝑂r, 
𝑛iª, 
 

𝐸£«𝑛iª, 𝑆¬ =
1

𝑛iª𝑤r + «1 − 𝑛iª¬𝑤u
[𝑛iª𝑤iª 𝑣(𝑅4ª) − 𝑣(𝑅4�~��)®

+ [1 − 𝑛iª]𝑤i¯ 𝑣(𝑅4¯) − 𝑣(𝑅4�~��)®] 
 
Then the probability of acceptance then marginalizes over the number of samples taken, 𝑆,	as 
well as the number of samples drawn as O1	𝑛iª: 
 

𝑃8mm62H =§ 𝑂𝑟𝑑𝑒𝑟𝑒𝑑𝑃𝑟𝑜𝑏𝑖𝑡(𝑆|𝑛, 𝑐)§ 𝐵𝑖𝑛𝑜𝑚𝑖𝑎𝑙(𝑛iª, 𝑠, 𝑞(𝑂r)
LFª¦w

LFª¦�
)𝑃(𝑎𝑐𝑐𝑒𝑝𝑡|

±²³ w

w¦r
𝐸£(𝑛iª, 𝑆)) 

 
where we took the maximum number of samples, max𝑆, to be 7. Here, we assume the number 
of samples taken, S, is selected from an Ordered Probit distribution, with scale parameter, c 
= 2, and center parameter, n, a free parameter.  
 
We considered two sampling models, which differ with regards to the sampling distribution 
𝑞(𝑂?). For probability sampling,  𝑞(𝑂?) ∝ 𝑃i� (Vul et al., 2014). For utility weighted sampling,  



𝑞(𝑂?) 	∝ 𝑃i�·𝑣(𝑅i�) − 𝑣(𝑅w8¸6)· (Lieder et al., 2018). Both models have a 3 free parameters: 
𝑛, 𝛼�8?L, and 𝛼N4::. 
 
Model fitting: For each participant, we estimated the free parameters of each model by 
maximizing the likelihood of choices, jointly with group-level distributions over the entire 
population using an Expectation Maximization (EM) procedure (Huys et al., 2011). Models 
were compared by computing the integrated Bayesian information criterion over the entire 
group of subjects for each model. In order to compare model predictions to data points, we 
computed for each trial, for each participant, the probability of acceptance under that 
participant’s best fitting parameters. 
 
MEG acquisition 
 
MEG data was acquired on a CTF 275-channel axial gradiometer system (CTF Omega, VSM 
MedTech) sampling at 1200Hz. The task was divided into multiple scanning sessions, with 
each session lasting less then 10 minutes. Participants were asked to remain still during the 
scanning session but were able to take a rest between sessions. At the start of each scanning 
session, participants were asked to move back to where they were, and their head positions 
were registered. 
 
MEG analysis 
 
All MEG analyses were completed using custom Matlab (version 2019a) scripts.  
 
Pre-processing 
 
Preprocessing was done using OSL (OHBA Analysis Group, OHBA, Oxford, UK).  
Preprocessing steps included high-pass filtering, at 0.5 Hz, followed by down sampling to 100 
Hz. After identification and removal of excessively noisy segments and sensors, independent 
component analysis (ICA) was applied to denoise the data. In each scanning session, up to 
10 independent components could be excluded if they were marked as noise based on spatial 
topography, time course, kurtosis of the time course and frequency spectrum. Following this, 
all analyses were performed on filtered MEG data at the whole-brain sensor level.  
 
Decoding Analysis Training Classifiers 
 
Data from the functional localizer task was epoched between 0 and 500 milliseconds following 
stimulus onset. We trained binary classifiers on data from the functional localizer task. For 
each 10 ms timepoint following stimulus onset, three binary classifiers were trained, one for 
each outcome stimulus to discriminate between sensor data associated with that stimulus, 
and sensor data associated with each of the 6 other stimuli, along with null data corresponding 
to the intertrial interval (equal in number to 100% of training examples). The classification 
pipeline consisted of scaling the data by dividing by its 95th (absolute) percentile. Following 
this, data from all sensors for a given timepoint was used as training examples to train a lasso 
logistic regression classifier (using matlab function lassoglm). Figs. 3b-d were generated by 
doing a 7-fold cross validation, the three classifiers training on each time-point (out of 50) 
using 6/7 of the training data and then testing using remaining 1/7 examples on each timepoint. 



The regularization hyperparameter of the logistic regression selected as the parameter which 
maximized the mean cross validation accuracy along the diagonal of the 2-D map in Fig. 3d 
(matching train and test timepoints). A given test example was considered correct if its 
classifier had the highest activation (out of the three). This identified .002 as the best 
regularization parameter, which was used for further analysis. 
 
Outcome reactivation analysis 
 
After choosing a lasso penalty, we trained the three classifiers on all the localizer data, on 
each timepoint, 𝜏, following outcome stimulus onset. This generated three classifiers, one for 
each outcome, for each of 50 timepoints, 𝜏, following outcome stimulus presentation in the 
localizer task. Given the task response times (Supplementary Fig. 7), we epoched the decision 
making task data from 0 to 500 ms following the onset of the probability stimulus in each trial. 
Additionally, we removed all trials that had response times faster than this so as to only 
examine data involved in deliberation. We then applied each outcome classifier, for each 
training timepoint, 𝜏, to each task timepoint, 𝜏′, following probability stimulus onset. We use 
𝑅𝑃i¹

2,H,I,IJ to represent the reactivation probability output by the classifier, trained to activate for 
stimulus OX (either O1, O2, or OS) at timepoint 𝜏 ms following its presentation, for participant 
𝑠, on trial 𝑡, at timepoint 𝜏′ following presentation of the probability stimulus. 
 
Relating reinstatement of gamble outcomes to behavioral measures of reward and probability 
consideration. In order to examine the question of how prioritization of reactivated outcomes 
relates to behavioral evidence for consideration of probability versus reward information, we 
used a two-stage analysis. In the first stage, we fit, separately, for each participant, 𝑠, train 
timepoint 𝜏, and test timepoint 𝜏′, a linear model to predict the difference in reactivation 
probabilities between the two gamble outcomes, ΔDEF

:,H,I,IJ = 𝑅𝑃iª
:,H,I,IJ − 𝑅𝑃i¯

:,H,I,IJ. 
 
We predict this difference as a function of the participant and trial specific difference in 
probability, 𝑃iª

:,H − 𝑃i¯
:,H, as well as absolute rewards,  |𝑅iª

:,H| − ·𝑅i¯
:,H· between the two gamble 

outcomes: 
 

ΔDEF
:,H,I,IJ~	𝛽� + 𝛽2345(L6M38N)

2,I,IJ �𝑃iª
:,H − 𝑃i¯

:,H� + 𝛽367(L6M38N)
:,I,IJ [|𝑅iª

:,H| − |𝑅i¯
:,H|] 

 
This provides an estimate of 𝛽2345(L6M38N)

:,I,IJ , and 𝛽367(L6M38N)
:,I,IJ , for each participant, 𝑠, train 

timepoint, 𝜏, and test timepoint, 𝜏′.  
 
In the second level, in order to investigate whether prioritization of outcomes related to 
behavioral consideration of reward and probability information, we relate 𝛽2345(L6M38N)

:,I,IJ  and 
𝛽367(L6M38N)
:,I,IJ   to fitted parameters from the best fitting behavioral model, the Additive Heuristic 

model, 	𝛽2345 and	𝛽367839, which we now refer to as 𝛽2345(56=8>?43):  and 𝛽367(56=8>?43): . We 
predicted that behavioral consideration of probability information, indexed by 𝛽2345(56=8>?43):  
would be related to selective reinstatement of more probable gamble outcomes, as indexed 
by 𝛽2345(L6M38N)

:,I,IJ , and that behavioral consideration of reward information, indexed by 
𝛽367(56=8>?43):  would be related to selective reinstatement of outcomes with higher absolute 
reward, as indexed by 𝛽367(L6M38N)

:,I,IJ .  



 
We performed two between participant regressions: one relating 𝛽2345(56=8>?43):  to 𝛽2345(L6M38N)

:,I,IJ  
(Fig. 4) and one relating 𝛽367(56=8>?43):  to  𝛽367(L6M38N)

:,I,IJ  (Fig. 5). In order to mitigate the impact 
of potential outliers, following previous work (Eldar, Bae, Kurth-Nelson, Dayan, & Dolan, 
2018), all between-subject regressions and associated t-statistics were computed using robust 
linear regression, (Matlab function robustfit, with default settings). Note that this approach has 
been shown to both increase power and reduce false positive rates in the presence of outliers 
(Wager, Keller, Lacey, & Jonides, 2005). Additionally note that significance (p-values) of  
computed t-statistics were computed by non-parametric permutation test, thus additionally 
ensuring appropriate false positive rates. Specifically, each between participant regression 
was applied separately for each train timepoint, 𝜏 and test timepoint, 𝜏′, thus providing a 2-d 
map (𝜏 by 𝜏’) of t-statistics for each regression. Following (Kurth-Nelson et al., 2015), this map 
was then smoothed with a Gaussian kernel (𝜎 = 1.5 time bins). Significance for each between 
participant regression was computed over the peak (max) t-statistic of this smoothed map by 
non-parametric permutation test (Kurth-Nelson et al., 2015). For this, the 2-d map was re-
computed 5000 times, each time shuffling which participant was assigned to which behavioral 
parameter (e.g. assigning the behavioral parameter for participant 11, 𝛽2345(56=8>?43)

:ªª , to 
participant 15) according to a random permutation. A null distribution over t-statistics was 
created by taking the peak of each of the 5000 t-statistic maps (over 𝜏 and 𝜏’). Family wise 
error corrected p-values (𝑃]^_) were computed as the proportion of permutations less than 
the peak of the true observed map. 
 
Reinstatement of safe outcome. Because the behavioral reward weight in the additive heuristic 
model requires comparison of the gamble outcome with higher reward absolute value to the 
safe outcome, we also predicted that behavioral reward consideration would be related to 
reinstatement of the safe outcome (Fig. 6). As a measure of safe outcome reinstatement, we 
computed, for each participant, 𝑠, train timepoint, 𝜏, and test timepoint, 𝜏′, the mean 
reinstatement probability across trials, 𝑅𝑃ij

:,I,IJ. We then related this to 𝛽367(56=8>?43):  and 
computed significance equivalently as was done for the above between participant 
regressions. 
 
Relating neural probability prioritization to behavioral impulsivity. In order to behavioral 
reinstatement to tendency to reinstate outcomes based on their probability (Fig. 7), we 
repeated the previous between participant regression involving 𝛽2345(L6M38N)

2,I,IJ , however 
replacing the 𝛽2345(56=8>?43):  with the BIS score of participant 𝑝. Significance of this regression 
was computed equivalently to the above, except here 𝑃]^_ value was computed as proportion 
of permutations less than the observed minimum (since a negative effect was predicted). 
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Supplementary Figures 



 

 
Supplementary Fig. 1. Performance on probability quiz. Prior to the decision making task, 
yet following the localizer task, participants were trained to learn the probability that each 
choice stimulus led to each outcome following acceptance (see Methods). Training consisted 
of 4 blocks. Each block ended with a series of 12 questions, where participants had to answer 
either which of two outcome stimuli were more likely to follow a choice stimulus (if accepted), 
or alternatively which of two choice stimuli, if accepted, were more likely to lead to a presented 
outcome. Line designates mean (+/- s.e.m.) number of questions correct (out of 12) on each 
block. 

 

 
 

Supplementary Fig. 2. Comparison of Prospect Theory to Data. Comparison of Prospect 
Theory model predictions and data. Each data point (grey) shows the across-subject mean 
proportion acceptance for each combination of trigger-outcome value (column), safe outcome 
value (row) and trigger outcome probability contingent on acceptance (x-axis). Note values 
reflect rewards prior to common and other noise added. The blue line shows predictions of the 
Prospect Theory model, at best fit parameters. 
 



 
 
Supplementary Fig. 3. Comparison of Probability Sampling Model to Data. Comparison 
of Probability Sampling model predictions and data. Each data point (grey) shows the across-
subject mean proportion acceptance for each combination of trigger-outcome value (column), 
safe outcome value (row) and trigger outcome probability contingent on acceptance (x-axis). 
Note values reflect rewards prior to common and other noise added. The blue line shows 
predictions of the Probability Sampling model, at best fit parameters. 
 
 

 

 
 

Supplementary Fig. 4. Comparison of Utility Weighted Sampling to Data. Comparison of 
Utility Weighted Sampling model predictions and data. Each data point (grey) shows the 
across-subject mean proportion acceptance for each combination of trigger-outcome value 
(column), safe outcome value (row) and trigger outcome probability contingent on acceptance 
(x-axis). Note values reflect rewards prior to common and other noise added. The blue line 
shows predictions of the Utility Weighted Sampling model, at best fit parameters. 



 
 

 
Supplementary Fig. 5. Comparing variations of Additive Heuristic Model. a) Model that 
splits just 𝜷𝟎 between gain and loss trials fits provide the best account to choice data. 
“No Split” model is the Additive Heuristic model (as in Fig. 2c), yet does not use separate 𝛽� 
for gain and loss trials. “Split 𝛽�” is the Additive Heuristic model as presented in Fig. 2c. “Split 
𝛽367” and “Split 𝛽367” respectively include either a separate 𝛽367 or 𝛽2345 parameter for gain 
and loss trials.  b)  Models that did not use either probability information, “No 𝜷𝒑𝒓𝒐𝒃”, or 
did not use reward information ““No 𝜷𝒓𝒆𝒘” fit the data worse than the model that use 
both components, “Include Both”. b,c) Models are compare using integrated Bayesian 
Information Criterion (iBICO. Plots show iBIC relative to best fitting model (Additive Heuristic, 
Fig. 2c).   
 
 

 
 
Supplementary Fig. 6. Participants varied in use of probability and reward information.  
a) Each point represents the best fit behavioral probability weight and behavioral reward 
weight, as use in the Additive Heuristic Model (Fig. 2c), for a single participant. Note that 
models were fit using a hierarchical approach which jointly maximizes the probability of group 
and individual participant parameters (Methods). b) Model-fits for individual participants with 
highest fitted probability information component (left) and highest fitted reward information 
component (right). 
 



 
Supplementary Fig. 7. Distribution of participant response time quantiles. Each color 
designates a different within participant response time quantile. Bar heights show the number 
of participants at that quantile. The .25 quantile of the fastest responding participants was 
around 500 ms. This informed our decision to limit the analysis of MEG data to the first 500 
ms following choice stimulus onset. 
 

Supplementary Fig. 8. Relationships between MEG outcome reinstatement and 
alternative behavioral weights. a) We did not identify a positive relationship between neural 
probability prioritization and behavioral reward weight. b) We also did not identify a positive 
relationship between neural reward prioritization and behavioral probability weight. c) We also 
did not identify a positive relationship between neural safe reactivtion and behavioral 
probability weight. 


