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Value update: V(t+1)a = V(t)a + ad(t)

Prediction error: d(t) = R(t) - V(t)a

Computational model: Reinforcement learning

Choose (soft) max (Va, Vb, Vc)

From Schultz, Montague and Dayan, 1997
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Reinforcement-learning	models



n Objective: find brain activity correlating with 
variables from a computational model.

n Provides account of “how” a particular 
cognitive function is being implemented in the 
brain, as opposed to identifying “what” brain 
areas are activated.

n Can perform model-comparison: which model 
out of several models provides a better 
account of (a) behavior and (b) activity in a 
given brain area or across the brain?

Introduction	to	computational	fMRI



MODEL-BASED PROCEDURE:
Find best-fitting model-parameters to behavior

Model
(Back seat driver!)

{Pa1
t,… Paj

t,}, {Pa1
t+1,… Paj

t+1,},….., {Pa1
n,… Paj

n,}

At,At+1,At+2….An

Model parameters
α,β,γ etc.

Minimize disagreement
e.g. find model parameters
that give the observed data
the greatest probability under
the model.

Subject
(Driver!)

Take a left 
you idiot!

Model-based	procedure



MODEL-BASED PROCEDURE:
Generate model timeseries

Model-based	procedure



Regress model-timeseries against fMRI data
Model-based	procedure



Model A Model B Model C

Compare likelihood of models given the data
• Need to penalize for model complexity

èBayes information criterion (Adjusts likelihoods for # parameters)
èOut of sample test / cross-validation
èBayesian model selection (Stephan et al., 2009)

MODEL-BASED	PROCEDURE:
Compare	different	models
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Reward	prediction	errors	in	the	mid-brain



O’Doherty et al., Neuron, 2003

O’Doherty et al., Science, 2004 Kim et al., Plos Biology 2006

Reward	prediction	errors
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Value	signals



With Jeff Cooper, Simon Dunne, Teresa Furey

Observational	reward-learning



 

Cooper, Dunne, Finnegan and O’Doherty, JOCN 2011

Observational	reward-learning



Hampton, Bossaerts and O’Doherty, PNAS, 2008

Strategic	interactions



Hampton, Bossaerts and O’Doherty, PNAS, 2008

Expected	value



Integration with 
other modalities
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Figure 1. Study design and model fits. 
A. Payoff  matrix of  the inspection game. B. Experimental design. C. fMRI paradigm, D. Model fits (deviance information criterion; DIC) for reinforcement learning model, fictitious play 
model, and the influence model. The influence model affords the best fit to the data in both experimental conditions.  

With Christopher Hill; Christian Ruff; Shinsuke Suzuki
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Figure 3. Representation of  the influence update and TMS inhibition
A. Representation of  the influence update in the vertex condition. (FWE Cluster-corrected p = 0.05, cluster forming threshold t = 2.66). The peak response in the rTPJ cluster was 
selected as stimulation site. B. In line with the a priori hypothesis, we find a reduced representation of  the influence update in the TMS-rTPJ condition within our stimulation site ROI 
(FWE p < 0.05, small volume corrected within a 15mm sphere around rTPJ peak shown in A ). On the right, Betas extracted from the rTPJ cluster (at p = 0.001) shown in B to 
illustrate the localized TMS-induced reduction of  the influence update representation. 
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Integrating	computational	fMRI	with	TMS
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Figure 2 : Behavioral results. 
A. Results for the random effect logit model. We predict the employee’s choice at t with his past choice at t-1 and the opponent’s choice at t-1. This analysis reveals that subjects in the TMS-
vertex condition exhibit less positive autocorrelation with their immediate past choice compared to those in the TMS-rTPJ condition (p = 0.022). The results of  this model-free analysis are in 
line with the hypothesis that subjects in the TMS-rTPJ condition are hampered in their ability to take into account the impact of  their own action’s on their opponent’s choice. B. Model-
based estimates of  the population-level distribution for the parameter Kappa between condition. Subjects in the TMS-rTPJ condition have a reduced value of  the parameter Kappa 
compared to our control group (mcmc p = 0.003), lending support for the hypothesis that the processes occurring in the rTPJ are causally involved in computing the influence update. C. In 
the TMS-vertex condition, subjects with a higher kappa also earn more (r = .44, p = 0.017), supporting the notion that anticipating your opponent update in response to your actions plays a 
key role in performance. The association between Kappa and earnings breaks down in the TMS-rTPJ condition (p = 0.016), suggesting that the parameter can no longer fulfill the same 
strategic function.  
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Causal	role	of	pSTS/TPJ	in	higher	order	learning
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Figure 5. Value-driven representations in the vMPFC and rTPJ-vmPFC connectivity. 
A. Representation of  the expected value of  the chosen option in the TMS-vertex group. We find significant activation in the vmPFC (FWE corrected p < 0.05, SVC 15mm 
sphere on 0, -32, 13). In the TMS-rTPJ condition, we do not find evidence for a value-driven signal in our search volume, even at a very liberal threshold (p < 0.1 uncorrected). 
The beta plot on the right of  the panel (extracted from the cluster within our search volume at p = 0.001 from A) to visualize these effects. B The lack of  value-driven 
representation could be driven by altered processing of  the influence update in the rTPJ. To explore this possibility, we perform a PPI analysis. We interact the timeseries 
extracted from 15mm spheres around the individual rTPJ peak representation of  the influence with the influence-update parametric modulator while controlling for all other 
possible psychophysiological interactions in our design matrix. We find evidence for differential connectivity in the vmPFC between both conditions as a function of  the influence 
update. (FWE corrected p < 0.05, SVC 15mm sphere on 0, -32, 13). This effect is visualized by the beta parameters plotted on the right of  the panel (extracted from the cluster 
within our search volume at p = 0.001 in B). C. Exploratory analysis reveals a positive relationship (Robust regression, p = 0.02) between the extracted PPI betas in the TMS-
rTPJ condition and the Kappa parameter, suggesting that alteration in rTPJ-vmPFC connectivity might underlie the behavioral effect of  TMS. 
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Figure 5. Value-driven representations in the vMPFC and rTPJ-vmPFC connectivity. 
A. Representation of  the expected value of  the chosen option in the TMS-vertex group. We find significant activation in the vmPFC (FWE corrected p < 0.05, SVC 15mm 
sphere on 0, -32, 13). In the TMS-rTPJ condition, we do not find evidence for a value-driven signal in our search volume, even at a very liberal threshold (p < 0.1 uncorrected). 
The beta plot on the right of  the panel (extracted from the cluster within our search volume at p = 0.001 from A) to visualize these effects. B The lack of  value-driven 
representation could be driven by altered processing of  the influence update in the rTPJ. To explore this possibility, we perform a PPI analysis. We interact the timeseries 
extracted from 15mm spheres around the individual rTPJ peak representation of  the influence with the influence-update parametric modulator while controlling for all other 
possible psychophysiological interactions in our design matrix. We find evidence for differential connectivity in the vmPFC between both conditions as a function of  the influence 
update. (FWE corrected p < 0.05, SVC 15mm sphere on 0, -32, 13). This effect is visualized by the beta parameters plotted on the right of  the panel (extracted from the cluster 
within our search volume at p = 0.001 in B). C. Exploratory analysis reveals a positive relationship (Robust regression, p = 0.02) between the extracted PPI betas in the TMS-
rTPJ condition and the Kappa parameter, suggesting that alteration in rTPJ-vmPFC connectivity might underlie the behavioral effect of  TMS. 
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With Christopher Hill; Christian Ruff; Shinsuke Suzuki



Combining	lesions	with	computational	fMRI
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using an F-test to compare motor responses elicited to right-
handed choices versus those elicited to left-handed choices in
native electrode space, we observed significant differences in
event-related potentials at 100 ms prior to motor response
with right- versus left-sided scalp distributions peaking
centrally (figure 3a).

Next, we applied source localization for the EEG activity
without using a prior probability map generated from the
fMRI data (see Methods for details). When examining
the localized results for the same time window (100 to
0 ms) prior to the motor action using a non-directional
F-test, the EEG activity was found to be localized to primary
motor cortex in the vicinity of the hand area (figure 3b;
Montreal Neurological Institute coordinates, left: [254, 220,
28], z ¼ 4.34; right: [56, 222, 26], z ¼ 4.44).

(ii) Chosen values
In order to find out where in the brain the decision first
emerges, we tested for chosen value signals, a type of signal
that by definition must emerge after but not before a decision
has been rendered. Thus, detecting where and when this
signal arises in the EEG data, should enable us to ascertain
where and when in the brain the decision first emerges.

To characterize when and where this signal arises, we
regressed our chosen value regressor (derived from the
RL-model) with each of the electrodes in each of the 50 ms
time bins as mentioned above. To ensure that the correlation
was exclusively with chosen value and not with the value
difference (chosen minus unchosen) or otherwise, we
excluded any time bins/electrodes in which there was even
a modest correlation (at p , 0.2) with the value of the uncho-
sen alternative. In a plot of electrodes showing significant
chosen-value-related responses (at p , 0.05 corrected) analysed

separately for each 50 ms window after stimulus presentation
(figure 4), we found evidence for an initial emergence of the
chosen-value signal predominantly over a posterior scalp
location in the range of 200–450 ms following the trial onset,
as well as much more weakly (albeit still significantly) in
an anterior scalp location. The initially posterior-located
chosen-value signal then appears to propagate forward
through the brain, emerging centrally 500–650 ms after stimu-
lus presentation, and finally emerging anteriorly in the brain
850–1150 ms after stimulus presentation.

To further aid in localization of this signal, in figure 5a–c,
we plot the correlating electrodes (thresholded at p , 0.05
corrected) on scalp maps for each time-period showing
significant correlations. In addition to showing the posterior-
to-anterior trend, the plots also indicate that the activity at
200–450 ms is strongest medially, the activity at 500–650 ms
is more lateral and that the activity at 850–1150 ms after
stimulus presentation has both a strong medial and a strong
lateral component.

This posterior-to-anterior progression of chosen values
is also seen by dividing the trials into high and low
chosen value trials, and then plotting the scalp maps of
the difference wave (see the electronic supplementary
material, figure S2).

Next, we implemented source localization for the chosen-
value signals using SPM8. For this, we used the fMRI data
acquired from the same task as a prior probability map for the
source localization. The fMRI results revealed significant
chosen-value-related activity in areas reported in a number of
previous fMRI studies, including lateral parietal cortex, lateral
orbitofrontal and vmPFC (see electronic supplementary
material, figure S1).

Source-localized results revealed activity in four principle
locations for chosen-value: a region of intraparietal sulcus

left

dorsal

posterior

anterior

time: 200–450 ms time: 500–650 ms time: 850–1150 ms

central

ventral

(a) (b) (c)

rightmedial left rightmedial left rightmedial

Figure 5. Results of the analysis of the chosen value (a – c). Same data as in figure 4, but aggregated over time windows and plotted on scalp maps. Top row
shows transverse view, bottom row coronal view. Bigger dots mean more significant time bins in the time window. (Online version in colour.)
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([224, 246, 64], z ¼ 3.58, figure 6 top), middle temporal gyrus
([64, 220, 2], z ¼ 3.90), lateral prefrontal cortex ([48, 36, 6],
z ¼ 4.23) and vmPFC ([26, 62,4], z ¼ 5.18, figure 6 bottom).

(iii) Value difference
Next, we tested for EEG signals correlating with the difference
in values between the options that are chosen and not-chosen
on each trial. In previous studies by our group, we have found
neural correlates of the difference between the unchosen and
chosen value in a region of dmPFC, which we suggested rep-
resented the output of the decision process as predicted by
models of decision-making such as the drift–diffusion
model [10,11]. Consequently, we aimed to test for the presence
of such a signal in the EEG data across electrodes and time
post-trial onset. We found that this signal appears to emerge
predominantly 1050–1200 ms after trial onset in a central
scalp location (figures 7 and 8). The source localization of the
unchosen minus chosen value (figure 9) revealed significant
effects of the value difference in dmPFC, most strongly in a
more posterior part of the dmPFC ([8, 16, 62], z ¼ 5.93),
but also extending more anteriorly ([224, 54, 22], z ¼ 4.12).
There are two very important features of these value difference
results. First, the timing: this value difference signal appears to
emerge substantially later in time than does the value chosen
signal (approx. 850 ms later). Given that the value chosen
signal can only emerge as a consequence and not as a precursor
of the decision process, the decision clearly must be made sub-
stantially earlier within the trial before the emergence of the
value difference signal. As a consequence, it appears that this
signal may not be critically related to the formation or immedi-
ate aftermath of the decision process itself, but instead must
relate to some post-decision process. Second, the localization
of the value difference most prominently to the dmPFC in
the fMRI-constrained EEG data, is strongly consistent with
the results of a number of previous fMRI studies that have
localized this signal to the same region of dmPFC [10,11].

5. Discussion
In the present study, we used computational model-based EEG
analysis in combination with model-based fMRI data acquired

from an overlapping group of participants in order to ascertain
the timing and localization of decision-related variables as
estimated through a reinforcement-learning model.

In the present study, we used a very simple type of
reinforcement-learning algorithm (SARSA) to estimate
trial-by-trial value signals [19]. We note that this class of
‘model-free’ algorithm does have limitations, in particular
when it comes to situations where a decision problem has
higher-order structure, or where the value of an outcome
to an agent changes across time [20,21]. A number of other
types of algorithm have been proposed for this situation,
including model-based reinforcement learning and Bayesian
models [20–23]. However, in the present situation, the task
was designed so that value signals could be adequately
captured with even a simple reinforcement-learning model,
because the reward distributions associated with each
action were kept independent, and can thus be learned
relatively efficiently by means of a ‘model-free’ reward pre-
diction error. Furthermore, model-based and model-free
RL algorithms will likely make very similar trial-by-trial pre-
dictions in the present case. Future extensions of this work
could involve using more complex tasks in order to dis-
tinguish the temporal signatures of ‘model-based’ and
‘model-free’ value signals.

The results of this study provide several important new
insights into how simple binary value-related decisions are
made in the human brain. Specifically, we show that
chosen value signals, which are by definition a consequence
of the decision process [5,10], appear to initially emerge pre-
dominantly in a posterior location in the brain, with a
weaker signal present also at an anterior locus. Using
fMRI-informed source localization, we found that the
posterior signal was localized to the vicinity of the lateral–
intraparietal cortex and posterior lateral temporal lobe
cortex. Such signals emerge as soon as 200 ms after
the trial onset, suggesting that the decision itself may be
computed very early on in the trial. The predominantly pos-
teriorly localized chosen value signal then appears to
propagate more anteriorly over the course of several

x = –24 y = –46

x = –6 y = 62

Figure 6. fMRI-informed source localization of chosen value with threshold
set at p , 0.0005 (unc). (Online version in colour.)
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Figure 7. Results from the analysis of the value difference between unchosen
and chosen options. Each row in the result map represents an electrode, and
each column a 50 ms time bin. Electrodes are ordered according to anterior
position, so that the most anterior electrodes are at the top of the map, and
the most posterior at the bottom. The white-dashed line represents the
time of stimulus. Red (dark in print version) indicates significant correlation
with value difference at p , 0.05 corrected. (Online version in colour.)
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Larsen and O’Doherty, Phil Trans Royal Society B, 2014

Computational	EEG	with	computational	fMRI



Conclusions



n Computational fMRI has proved very fruitful particularly in the domain of 
learning and decision-making, and is now beginning to make an impact in 
the social neuroscience domain.

n While a powerful approach, as with any other method, has important 
limitations and depends on assumptions which may not always be valid.

n Increasing utility to combining the approach across modalities: e.g. 
connectivity/network analyses, multivariate analyses, computational 
EEG/MEG, TMS, lesion studies,  and neurophysiology.

Conclusions
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