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Informatic parcellation of the network involved in the
computation of subjective value

John A. Clithero' and Antonio Rangel”
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Understanding how the brain computes value is a basic question in neuroscience. Although individual studies have driven this progress, meta-analyses
provide an opportunity to test hypotheses that require large collections of data. We carry out a meta-analysis of a large set of functional magnetic
resonance imaging studies of value computation to address several key questions. First, what is the full set of brain areas that reliably correlate with
stimulus values when they need to be computed? Second, is this set of areas organized into dissociable functional networks? Third, is a distinct network
of regions involved in the computation of stimulus values at decision and outcome? Finally, are different brain areas involved in the computation of
stimulus values for different reward modalities? Our results demonstrate the centrality of ventromedial prefrontal cortex (VMPFC), ventral striatum and
posterior cingulate cortex (PCC) in the computation of value across tasks, reward modalities and stages of the decision-making process. We also find
evidence of distinct subnetworks of co-activation within VMPFC, one involving central VMPFC and dorsal PCC and another involving more anterior
VMPFC, left angular gyrus and ventral PCC. Finally, we identify a posterior-to-anterior gradient of value representations corresponding to concrete-

to-abstract rewards.
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INTRODUCTION

Over the last few years, there has been a large effort to identify the
computations made by the brain when executing different types of
decisions, and when evaluating the outcomes generated by those deci-
sions. There is a growing consensus that the assignment of values to
stimuli is a critical part of both processes (Rangel et al, 2008;
Glimcher, 2011; Grabenhorst and Rolls, 2011; Rushworth et al,
2011, Wallis, 2012), and that the ventromedial prefrontal cortex
(VMPEC) plays a critical role in the computation of value both at
decision and outcome (Rangel and Hare, 2010; Padoa-Schioppa,
2011; Levy and Glimcher, 2012).

One of the fundamental goals of this research program is to identify
networks that are involved in the computation of value whenever that
variable is needed. Measures of value can be computed for different
types of rewards, for different purposes and at different stages, such as
decision and outcome. Clearly, in order to answer these questions, it is
necessary to collect and compare data in many different decision-
making paradigms. This makes it challenging for single studies to
adequately answer these questions, as the vast majority of studies ad-
dress the computation of value in the context of a specific choice
paradigm with a specific reward modality. Some insight can be
gained by carrying out qualitative reviews of the literature (Rangel
et al., 2008; Glimcher, 2011; Grabenhorst and Rolls, 2011; Padoa-
Schioppa, 2011; Rushworth et al, 2011), but the ideal methodology
involves the use of meta-analyses (Kober and Wager, 2010; Yarkoni
et al., 2010).

We take an informatic approach to understanding value computa-
tion in the brain, by conducting several meta-analyses of over 80
functional magnetic resonance imaging (fMRI) papers related to the
computation of value. Our goal is to address the following open ques-
tions. First, what is the full set of brain regions that reliably correlate
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with stimulus values when they need to be computed across tasks and
reward modalities? Second, is this set of regions organized into dis-
sociable functional networks across tasks and reward modalities?
Third, is a distinct set of areas involved in the computation of stimulus
values at decision and outcome? Fourth, are different regions involved
in the computation of stimulus values for different reward modalities
(e.g. food vs money)?

The study adds to previous uses of meta-analytic tools to understand
the neurobiology of decision making, but differs in important ways.
Several studies (Peters and Buchel, 2010b; Grabenhorst and Rolls,
2011; Levy and Glimcher, 2012; Liu ef al,, 2011) also investigate the
computation of value, but do not present a comprehensive analysis of
the existing literature and focus primarily on the VMPEC. Another
recent meta-analysis looks at fMRI studies of subjective pleasantness
(Kuhn and Gallinat, 2012), but their focus is exclusively on the time of
reward receipt. Two other meta-analyses focus on specific decision
environments, such as intertemporal choice (Carter et al., 2010) and
risky choice (Mohr et al., 2010). In contrast, here we look at the entire
body of published papers related to the computation of value, regard-
less of task, reward modality or stage of processing. In addition, we
seek to delineate the properties of the valuation network beyond the
VMPEC.

METHODS

Study selection for coordinate-based meta-analysis

Most of the analyses performed in the study involve coordinate-based
meta-analysis (CBMA), a common methodology (Salimi-Khorshidi
et al, 2009; Kober and Wager, 2010; Eickhoff et al, 2012). The
studies selected for analysis were identified as follows. We started
with PubMed searches (6 July 2012) to construct an initial candidate
set that required the following keywords to be found in the title or
abstract of scientific articles: (‘reward* OR “economic*’) AND
(‘preference®” OR ‘value*’ OR ‘utility’ OR ‘valuation*’) AND (‘func-
tional” AND ‘magnetic’ AND ‘resonance’ AND ‘imaging’) OR ‘tMRI’
OR ‘neuroimaging’ OR ‘neural’ OR ‘brain*’) AND (‘pay*’ OR ‘pur-
chase®” OR ‘buy*’ OR ‘decision*” OR ‘decide*” OR ‘choice*” OR
‘choose*’).  This initial query vyielded 503 results, and was
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supplemented by fMRI papers cited by recent review articles
(Grabenhorst and Rolls, 2011; Padoa-Schioppa, 2011; Rushworth
et al., 2011), but not recovered by the search. All non-relevant results
(e.g. rodent studies that passed all the term searches in PubMed)
were first removed from the list. We then manually removed all
papers that did not satisfy one or more of the following necessary
criteria for inclusion: (i) fMRI study of healthy human individuals,
(ii) whole-brain analyses reported, (iii) parametric contrasts of sub-
jective value reported (e.g. not just simply ‘high’ vs ‘low’ value) and
(iv) peak-activation coordinates reported. This lead to the final
corpus of 81 fMRI studies (Table 1). As the majority of the studies
only reported positive (but not negative) correlations with value sig-
nals, we focus almost exclusively on the analysis of the positive
contrasts.

Statistical inference for coordinate-based meta-analysis

For CBMA, we employed the widely used activation likelihood
estimation (ALE) method (Laird et al, 2005; Eickhoff et al., 2012;
Fox and Friston, 2012; Turkeltaub et al., 2012). Intuitively, the goal
is to test against the null hypothesis that the foci of activation reported
in the corpus of studies are uniformly distributed across the brain, as
opposed to concentrated in some regions (Eickhoff et al., 2012). The
method is based on the idea that peak locations of activation are
observed with noise in each study, but that the distribution of true
locations from which they are observed is fixed across studies.

A meta-analysis employing the ALE statistic is carried out in several
steps. First, for each included study, a map of the activation likelihood
(commonly referred to as a modeled activation map, or MA) is com-
puted. In this step, the probability of activation at any voxel is assumed
to be a function of: (i) the Euclidean distance between the reported
peak coordinates and the voxel, (ii) the volume of the voxel (here,
8 mmA3) and (iii) the spatial uncertainty associated with the reported
peak coordinates. So, the MA statistic for a contrast i at voxel v denotes
the probability that at least one true peak of activation lies within the
voxel v in that contrast. Second, the MA maps are aggregated across
contrasts to compute the ALE score for each voxel v. This is done by
taking the probabilistic union of the MA statistic across all contrasts
for each voxel. The ALE statistic denotes the probability that at least
one true peak of activation lies in the voxel across the population of all
possible studies. Third, a permutation test (described below) is used to
identify voxels in which the ALE statistic is higher than expected by
mere chance. More details on how the ALE statistic is computed are
outlined by its developers (Laird ef al., 2005; Eickhoff et al., 2009, 2012;
Turkeltaub et al, 2012).

Importantly, our analyses used a recent version of ALE that accounts
for heterogeneity in spatial uncertainty across studies (Eickhoff et al.,
2009, 2012; Fox and Friston, 2012; Turkeltaub et al., 2012) as well as
for heterogeneity in authors’ tendency to report multiple or single peak
coordinates per cluster of activation (Turkeltaub et al., 2012). This
allows random-effects estimates of ALE, meaning the results are gen-
eralizable beyond the studies in the corpus (Eickhoff et al, 2009). Each
of our ALE analyses was carried out using the GingerALE package
(http://brainmap.org/ale/), which incorporates these improvements.

First, we computed ALE maps for single contrasts of interest (e.g. to
identify regions that correlate with a specific type of value across stu-
dies). Each of these ALE maps were thresholded with a voxel-level
requirement of P<0.001 and a cluster-level requirement of P<0.05,
depicted in the figures and summarized in the tables. The significance
of the ALE values was determined as follows. The ALE statistics in each
voxel were compared with a null distribution of ALE values generated
from 10000 permutations (Eickhoff et al., 2009, 2012). Each permu-
tation involved constructing an ALE value for all voxels in the
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whole-brain gray-matter mask. For each voxel in the mask, a randomly
and independently chosen voxel from each MA map was selected and
the ALE value was computed for this selection. After 10 000 permuta-
tions, the estimated ALE values for the actual data were compared with
this empirically generated null distribution (pooling all voxels in the
whole-brain mask). This stringent threshold was applied to all ALE
tests, regardless of the number of contrasts and foci used.

Second, we carried out several contrasts between two ALE maps,
which provide a test against the null hypothesis that there is no dif-
ference in the spatial pattern of reported loci across studies for the two
contrasts underlying those activation maps. For contrasts of ALE
values, we used ALE images with voxel-level significance requirement
of P<0.001. This criterion constructs the set of voxels in which the
statistical contrast is performed and was employed to focus inference
on areas reliably identified in each initial ALE test (Eickhoff et al,
2011). Differences between ALE maps were then subjected to 10000
permutations and required a voxel-level significance of P<0.005 (we
also report P<0.001). This procedure should effectively balance infer-
ence on reliable areas of activation without generating a bias toward
false positives (Laird et al., 2005; Eickhoff et al, 2011).

Third, we used the ALE statistic to look for co-activation across the
brain with specific regions-of-interest (ROIs). This was done by: (i)
identifying reported foci within the RO], for the contrast of interest, in
the corpus of studies, (ii) identifying all other foci reported from the
same contrasts in studies that also reported activation within the ROI
and (iii) computing ALE statistics for the set of identified foci. Note
that this third procedure is similar to the first one, except for the fact
that the set of foci included is restricted by co-activation with the ROI.
Thus, significant clusters of activation outside the ROI can be inter-
preted as areas that reliably co-activate with the ROI across studies, for
the contrast of interest. A similar logic has been previously employed
to identify networks using meta-analyses in other domains (Toro ef al.,
2008; Smith et al., 2009; Gilbert et al., 2010; Cauda et al., 2011). The
ROIs used in the co-activation analysis were constructed using 9 mm
radius spheres about peak coordinates of activation taken from the
ALE analyses of interest.

We note that other methods have been proposed for carrying out
these types of CBMA, such as kernel density analysis, or KDA (Wager
et al., 2003, 2007; Kober and Wager, 2010). However, both ALE and
KDA are based on aggregating foci reported for any given study into a
single MA map, which are then combined across studies to identify
spatial convergence. A full comparison of KDA and ALE is beyond the
scope of this article, but has been discussed elsewhere (Kober and
Wager, 2010; Eickhoff et al., 2012).

All analyses were performed in Montreal Neurological Institute
(MNI) space. Coordinates from studies reported in Talairach space
were converted to MNI wusing an algorithm available within
GingerALE (Lancaster et al., 2007). All coordinates reported here are
in MNT space. All images of statistical brain maps were generated using
MRICron (Rorden et al., 2007) and the MNI-152 1 mm template.

Construction of dataset for image-based meta-analysis

When feasible, we also carried out a parallel image-based meta-analysis
(IBMA). This was done using data from previously published fMRI
studies including the last author of this article (Table 2). Each of the
included studies provided a group-level statistical parametric map
(SPM, an unthresholded #-statistic image) for the corresponding para-
metric value contrasts reported in each study. All of these analyses were
completed in SPM5 or SPM8 (Friston, 2007). The remainder of the
IBMA was completed using utilities from FMRIB Software Library
(FSL) 4.1.8 (Woolrich et al., 2009). Once provided with the t-statistic
data and the degrees of freedom corresponding to those SPMs, we
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Table 1 Included (BMA studies from PubMed searches and review articles
Number References Journal Package N Outcome Decision Money Food Other
1 Anderson et al., 2003 Nature Neuroscience SPM99 16 YES - - - YES
2 Basten et al. (2010) Proceedings of the National Academy SPM5 19 - YES YES - -
of Sciences, USA
3 Behrens et al., 2008 Nature FSL 24 - YES YES - -
4 Boorman et al., 2009 Neuron FSL 18 - YES YES - -
5 Brooks et al,, 2010 Frontiers in Neuroscience SPM5 36 - YES - - YES
6 Chib et al,, 2009 Journal of Neuroscience SPM5 19 - YES YES YES YES
7 Cloutier et al., 2008 Journal of Cognitive Neuroscience SPM2 48 YES - - - YES
8 Cohen, 2007 Social Cognitive and Affective Neuroscience SPM99 17 - YES YES - -
9 Croxson et al., 2009 Journal of Neuroscience FSL 16 - - YES - -
10 Daw et al., 2006 Nature SPM2 14 YES - YES - -
n de Araujo et al., 2003 Journal of Neurophsyiology SPM2 n YES - - YES -
12 de Araujo et al., 2005 Neuron SPM2 12 YES - - - YES
13 De Martino et al., 2009 Journal of Neuroscience SPM2 18 - YES YES - -
14 FitzGerald et al, 2009 Journal of Neurosicence SPM5 16 - YES YES YES YES
15 FitzGerald et al, 2010 Current Biology SPM5 18 - YES YES - -
16 Glascher et al., 2009 Cerebral Cortex SPM5 20 - YES YES - -
17 Grabenhorst and Rolls, 2009 Neuroimage SPM5 12 YES - - - YES
18 Grabenhorst et al., 2010 Neuroimage SPM5 12 YES - - YES YES
19 Hampton et al., 2006 Journal of Neuroscience SPM2 16 - YES YES - -
20 Hare et al., 2008 Journal of Neuroscience SPM5 16 - YES YES YES -
21 Hare et al.,, 2009 Science SPM5 37 - YES YES - -
22 Hare et al, 2010 Journal of Neuroscience SPM5 22 - YES - - YES
23 Hare et al,, 2011a Journal of Neuroscience SPM8 33 - YES - YES -
24 Hare et al, 2011b Proceedings of the National Academy SPM8 19 - YES - YES -
of Sciences, USA
25 Hsu et al., 2009 Journal of Neuroscience SPM2 21 - YES YES - -
26 Hutcherson et al., 2012 Journal of Neuroscience SPM5 26 - YES - YES -
27 lzuma et al., 2010 Proceedings of the National Academy SPM8 20 YES - - YES -
of Sciences, USA
28 Janowski et al., 2013 Social Cognitive and Affective Neuroscience SPM5 32 - YES - - YES
29 Jocham et al., 2011 Journal of Neuroscience FSL 18 - YES YES - -
30 Jocham et al.,, 2012 Nature Neuroscience FSL 25 - YES YES - -
31 Kable and Glimcher, 2007 Nature Neuroscience BVQX 12 - YES YES - -
32 Kable and Glimcher, 2010 Journal of Neurophsyiology BVQX 22 - YES YES - -
33 Kang et al., 2011 Journal of Neuroscience SPM5 24 - YES - - YES
34 Kim et al, 2006 PLoS Biology SPM2 16 YES YES YES - -
35 Kim et al, 2011 Cerebral Cortex SPM2 18 YES - YES YES -
36 Knutson et al., 2007 Neuron AFNI 26 - YES - - YES
37 Koeneke et al., 2008 Behavioral and Brain Functions SPM5 19 YES - - YES -
38 Kringelbach et al., 2003 Cerebral Cortex SPM99 10 YES - - YES -
39 Lebreton et al,, 2009 Neuron SPM5 20 YES - - - YES
40 Levy et al., 2010 Journal of Neurophsyiology BVQX 20 - YES YES - -
4 Levy and Glimcher, 2011 Journal of Neuroscience BVQX 19 - YES YES YES -
42 Lim et al, 2011 Journal of Neuroscience SPM8 20 - YES - YES -
43 Lin et al, 2012 Social Cognitive and Affective Neuroscience SPM5 22 YES - YES - YES
44 Litt et al, 2011 Cerebral Cortex SPM5 20 - YES - YES -
45 Liu et al,, 2012 Behavioral Brain Research BVQX 19 - YES YES - -
46 McClure et al., 2004 Neuron SPM2 15, 17 YES - - YES -
47 0'Doherty et al., 2006 Neuron SPM2 13 YES - - YES -
48 Park et al., 2011 Journal of Neuroscience SPM5 24 - YES YES - YES
49 Peters and Buchel, 2009 Journal of Neuroscience SPM5 22,18 - YES YES - -
50 Peters and Buchel, 2010a Neuron SPM5 30 - YES YES - -
51 Pine et al., 2009 Journal of Neuroscience SPM5 24 - YES YES - -
52 Pine et al., 2010 Journal of Neuroscience SPM5 12 - YES YES - -
53 Plassmann et al., 2007 Journal of Neuroscience SPM5 19 - YES - YES -
54 Plassmann et al., 2008 Proceedings of the National Academy SPM5 20 YES - - YES -
of Sciences, USA
55 Plassmann et al., 2010 Journal of Neuroscience SPM5 19 - YES - YES -
56 Prevost et al., 2010 Journal of Neuroscience SPM5 16 - YES - - YES
57 Rolls and McCabe, 2007 European Journal of Neuroscience SPM2 8 YES - - YES -
58 Rolls et al,, 2008 Neuroimage SPM5 12 YES - - - YES
59 Rolls et al,, 2010 Journal of Cognitive Neuroscience SPM5 12 YES - - - YES
60 Serences, 2008 Neuron BVQX 14 - YES YES - -
61 Sescousse et al,, 2010 Journal of Neuroscience SPM2 17 YES - YES - YES
62 Shenhav and Greene, 2010 Neuron SPM2 34 - YES - - YES
63 Simon and Daw, 2011 Journal of Neuroscience SPM5 18 - YES YES - -
64 Smith et al., 2010 Journal of Neuroscience FSL 23 YES - YES - YES
65 Sokol-Hessner et al.,, 2012 European Journal of Neuroscience SPM8 22 - YES - YES -
66 Sripada et al,, 2011 Human Brain Mapping SPM2 20 - YES YES - -

(continued)
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Number References Journal Package Outcome Decision Money Food Other
67 Studer et al., 2012 Frontiers in Neuroscience SPM5 39 - YES YES - -
68 Summerfield and Koechlin, 2010 Frontiers in Neuroscience SPM2 21 YES - YES - -
69 Suzuki et al., 2012 Neuron BVQX 36 - YES YES - -
70 Symmonds et al,, 2010 Journal of Neuroscience SPM5 16 - YES YES - -
71 Tanaka et al,, 2004 Nature Neuroscience SPM99 20 - YES YES - -
72 Tobler et al., 2007 Journal of Neurophysiology SPM2 16 - YES YES - -
73 Tom et al., 2007 Science FSL 16 - YES YES - -
74 Walter et al., 2008 Neuroimage SPM2 21 YES - - - YES
75 Wimmer et al., 2012 European Journal of Neuroscience SPM5 15 - YES YES - -
76 Winston et al., 2007 Neuropsychologia SPM2 26 YES - - - YES
77 Wu et al., 2011 Journal of Neuroscience FSL 15 - YES YES - -
78 Wunderlich et al., 2009 Proceedings of the National Academy SPM5 23 - YES YES - -
of Sciences, USA
79 Wunderlich et al., 2010 Proceedings of the National Academy SPM5 24 - YES YES - -
of Sciences, USA
80 Wunderlich et al., 2012 Nature Neuroscience SPM8 20 - YES YES - -
81 Xue et al., 2009 Cerebral Cortex FSL 13 YES - YES - -

The studies were identified using PubMed searches and review articles. The CBMA in this study included 81 different fMRI studies and 104 total contrasts. Other information [such as number of subjects (N),
analysis package used, journal and year of publication) is also included. See ‘Methods” section for details.

Table 2 Statistical images included in IBMA

Number  Study N Reward Non-zero  Maxz  Minz
Voxels
1 Chib et al. (2009) 19  Money 54244 475 -397
2 Chib et al. (2009) 19 Trinkets 54244 4.63 —4.20
3 Chib et al. (2009) 19  Foods 54244 4.06 —3.06
4 Hare et al. (2008) 16 Foods 56819 517 —3.67
5 Hare et al. (2009) 37 Foods 51933 3.54 —3.50
6 Hare et al. (2010) 22 Charities 42 606 3.95 —4.22
7 Hare et al. (2011a) 33 Foods 81761 3.75 —3.51
8 Hare et al. (2011b) 19 Juices 70192 5.10 —2.51
9 Hutcherson et al. (2012) 25 Foods 97 146 483 —4.27
10 Janowski et al., (2013) 32 Movies (Other) 48256 4.49 —3.28
1 Janowski (2013) 32 Movies (Self) 48256 7.44 —6.22
12 Kang et al. (2011) 24 Trinkets (Hyp) 40994 417 —3.27
13 Kang et al. (2011) 24 Trinkets (Real) 40994 497 —-3.14
14 Lim et al. (2011) 20  Foods 112677 4.09 —3.65
15 Lin et al, (2012) 22 Money 42915 453 —3.65
16 Lin et al, (2012) 22 Sounds 42915 3.70 —3.78
17 Litt et al,, (2011) 20  Foods 57 475 458 —3.21
18 Plassmann et al. (2007) 19  Foods 33971 4.59 —3.73
19 Plassmann et al. (2010) 19  Foods 40975 421 —2.75
20 Sokol-Hessner et al. (2012) 22 Foods 91763 473 —3.16
21 Wunderlich (2010) 24 Money 56 401 3.82 —4.52

The IBMA in this study included 21 different contrasts from 16 different fMRI studies, all with AR as
an author. See ‘Methods’ section for details.

converted the images to z-statistics. To minimize interpolation, all of
the images were resampled to a common space using a 3 x 3 x 3 MNI
template, which was the voxel size in most of the included studies.

Statistical inference for image-based meta-analysis

We carried out two different tests using IBMA. The first one is based
on Stouffer’s z-statistic, which allows for fixed-effects tests (Lazar et al.,
2002; Salimi-Khorshidi et al., 2009). If there are N studies and each
study i has a z-statistic Z; at a given voxel, the Stouffer’s Z for that voxel
across the N studies is equal to: ) ; Z;/</N. Second, we carried out a
randome-effects version of the Z-maps on the corpus of studies using
an ordinary least squares mixed-effects model, implemented in FSL.

The statistics reported below are based on the random-effects analysis,
although the same set of regions were identified in both cases.

We evaluated the significance of the IBMA using the standard fam-
ilywise error correction implemented in FSL (Woolrich et al., 2009).
Significant voxels were required to have P<0.001 (equivalent to
~z>3.1) and a cluster forming threshold of P<0.05 was then used
across the whole brain. Importantly, as there were differences in brain
coverage across studies, using a conservative ‘meta-analysis mask’ that
requires a voxel to be present in all contrasts to be included, would
eliminate many of the voxels found in many of the studies, particularly
in the parietal lobes. So, we instead employed a more liberal threshold
for inclusion in the inference (voxel present in N> 10 studies). Note
that although this is a more liberal inclusion criterion, it ultimately
leads to more conservative significance testing; it increases the number
of voxels and thus effectively increases the threshold of the multiple
comparisons correction.

As in the CBMA, all coordinates reported here are in MNI space. All
images of statistical brain maps were generated using MRICron
(Rorden et al., 2007) and the MNI-152 1 mm template.

RESULTS
Regions that reliably correlate with the value of stimuli

We first carried out a CBMA to identify all of the areas that exhibit
reliable correlation with behavioral measures of the value of stimuli,
both at the time of decision or at the time of outcome, across all tasks
and reward modalities. For this reason, the analysis included any foci
that were reported to correlate with any parametric measure related to
the value of the stimuli, such as decision values, outcome values or
chosen values (contrasts =104, foci=811). However, it did not in-
clude foci in which activity was correlated with variables that are
correlated with value, but are not value signals per se, such as reward
prediction errors.

The CBMA found distinct clusters of VMPFC, ventral striatum
(VSTR) and posterior cingulate cortex (PCC) were significantly corre-
lated with this broad measure of subjective value across studies
(Figure 1 and Table 3). The VMPEFC cluster extends into medial orbi-
tofrontal cortex (OFC) as well as to more anterior parts of PFC, such as
frontopolar cortex and anterior MPFC. It includes both regions of
subgenual and subcallosal anterior cingulate cortex (ACC)
(Beckmann et al., 2009) and lies within networks commonly referred
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All Value Signals
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Fig. 1 Reliable neural features of value identified using CBMA. To first identify all brain regions that
reliably contain any value-related information, we used all available contrasts of subjective value
(N =104). We found distinct clusters in VMPFC, VSTR and both dorsal and ventral PCC. The VMPFC
cluster also extended into subgenual cingulate as well as regions commonly labeled medial prefrontal
cortex and frontal polar cortex. The global maximum ALE value (ALE = 68.89 x 1073) was located
in left VSTR. The scale reflects ALE values determined to survive a voxel-level significance of P < 0.001
and a cluster-corrected threshold of P < 0.05. The colorbar spans ALE values of 18.23 x 10> (min)
to 68.89 x 10~° (max). Coordinates and cluster information are listed in Table 3.

Table 3 Maxima and cluster information for (BMA of all parametric subjective value
contrasts in the dataset

Cluster Volume (mm®) ALE (x107%) «x y z Region
1 26088 68.89 —8 8 —6 Left nucleus accumbens (VSTR)
- - 67.88 —2 40 —4 Anterior cingulate cortex (VMPFC)
53.26 -2 28 —18 Subcallosal cortex (VMPFC)
35.47 10 14 —4 Right nucleus accumbens (VSTR)
- - 33.18 —4 58 —8 Frontal polar cortex (VMPFC)
2 1600 42.65 —2 —34 42 Dorsal posterior cingulate cortex
3 640 26.81 —8 —56 20 Ventral posterior cingulate cortex
4 464 29.37 —22 34 —16 Left orbitofrontal cortex
5 272 24.48 —8 —20 10 Left thalamus

The CBMA of subjective value (contrasts = 104, foci = 811) identified five distinct clusters using ALE.
Results are displayed in Figure 1.

to as the orbital-prefrontal and medial-prefrontal networks (Price and
Drevets, 2010). For PCC, there were two distinct clusters, ventral
(vPCC) and dorsal (dPCC). An additional cluster was also found in
the thalamus, centered on a subregion of the thalamus previously
shown to have strong projections to prefrontal cortex (Behrens et al,
2003). The cluster containing the global maximum ALE statistic was
found in left VSTR (ALE =68.89 x 107°).

The CBMA results in Table 3 and Figure 1 suggest that there might
be a left-right asymmetry for the probability that ventral prefrontal
cortex reflects the computation of subjective value. Given the import-
ance of this region in the decision-making literature, we carried out an
additional post hoc test: we used four anatomical ROIs from the
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Automatic Anatomical Labeling (AAL) atlas to test whether higher
ALE values were more likely in the left as opposed to right ventral
prefrontal cortex. We also selected two coordinates from the Harvard-
Oxford atlas [(x,y,z) = (£22,24,—22) and (x,y,z) = (£32,36,—14)]. The
probabilistic atlas assigns >90% to OFC for the first set of coordinates
and approximately splits OFC and frontal polar cortex with the second
set of coordinates. We drew 6 mm radius spheres about these coord-
inates in each hemisphere. After generating a null distribution from
10 000 permutations of ALE values across the two hemispheres for each
ROI, we compared the difference in average ALE values for several
subregions of ventral prefrontal cortex (Table 4). Looking at the four
different AAL structures, the left mask exhibited a significantly greater
average ALE (P<0.001) in three of the four masks, with only the
orbital part of the inferior frontal gyrus in the opposite direction).
The average ALE statistic was also larger on the left when the four
masks were combined (P<0.001). The same was also true for the
spherical OFC region (#£22,24,—22). We also looked at the total
number of voxels in the left hemisphere that were greater than the
maximum ALE value in the right hemisphere (right-most column in
Table 4). This measure also supports a trend for greater ALE statistics
in the left hemisphere. So, at least for our corpus of studies, there
appears to be an increased likelihood for peak coordinates associated
with the computation of subjective values to be reported in left ventral
prefrontal cortex.

The amygdala, an additional area often associated with the compu-
tation of value (Rolls, 2000; Seymour and Dolan, 2008), did not sur-
vive our statistical threshold. However, a small cluster in left amygdala
did pass a voxel-level threshold of P<0.005 (without cluster
correction).

Distinct subnetworks co-activate with the VMPFC stimulus
value regions

We next investigated how the set of areas that exhibit reliable correl-
ation with stimulus value signals is organized into distinct subnetworks
that co-activate together. In particular, as our meta-analysis of all pos-
sible stimulus value measures identified three local clusters in VMPFC
(Figure 1 and Table 3), we hypothesized that those subregions of
VMPEC might be part of distinct subnetworks involved in the com-
putation of various value-related signals. To test this hypothesis, we
constructed three spherical 9mm ROIs around the coordinates
exhibiting local maxima in the previous ALE analysis (Figure 2a).
We refer to these ROIs as central VMPFC [cVMPEC, red;
(xy,2) = (—2,40,—4)], ventral VMPFC [VWMPFC, blue;
(xy,2) =(—2,28,—18)] and anterior VMPFEC [aVMPEFC, green;
(xy,2) = (—4,58,—8)]. Then, we looked for areas that exhibited reliable
co-activation across the corpus of studies. Of these three ROIs,
cVMPEFC was the one for which the most significant correlation with
stimulus values was reported in the previous literature (contrasts =19,
foci =200), followed by vWMPFC (contrasts=17, foci=120) and
aVMPFC (contrasts =9, foci = 105).

The analysis revealed common and distinct areas of co-activation
with the three VMPFC ROIs. All of the significant common regions of
co-activation were constrained to the subgenual portion of the cingu-
late cortex and generally within the cVMPFC seed (Figure 2b). Two of
the three ROIs also exhibited co-activation with distinct cortical
networks (Figure 2¢). The first seed region, cVMPFC, significantly
co-activated  with dPCC  (ALE=26.32x107°), left VSTR
(ALE =21.86 x 1072), lateral OFC (IOFC, ALE=15.10 x 107°) and
SFG (ALE =14.71 x 10_3). In contrast, aVMPFC reliably co-activated
with left angular gyrus (ANG) near the temporal parietal junction
(ALE=13.38 x 10°) and vPCC (ALE =13.57 x 10°). Although the
ANG result for aVMPFC does survive in a direct contrast of ALE maps
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with cVMPFC (P<0.005), the other pairwise comparisons do not sur-
vive a direct contrast, even at lower thresholds. A potential reason is
that these other pairwise comparisons of ALE maps are relatively
underpowered (e.g. 9 and 17 contrasts), a limitation that should be
addressed in future meta-analyses that can rely on a larger sample of
studies. Interestingly, the regions co-activating with the cVMPFC and
aVMPFC seeds are remarkably similar to some of the subnetworks of
the canonical default mode network, a result found across a wide
variety of tasks (Smith et al., 2009; Andrews-Hanna et al, 2010).

Comparison of decision and outcome value signals

We next tested if distinct sets of areas are involved in the computation
of stimulus values at the time of decision and at the time of outcome
(Rangel and Hare, 2010; Rushworth et al., 2011). To look for reliable

Table 4 Lateralization tests for ventral prefrontal cortex results in CBMA

ROI Ave StDev  Ave StDev  Ave ALE  P-value Total L
ALEL ALEL ALER ALER LR > R Max
OFC 8.48 10.11 6.26 831 222 P < 0.001 5
Med OFC 25.03 12.55 18.05 1141 6.98 P < 0.001 5
Mid OFC 6.26 5.6 0.79 1.24 5.47 P < 0.001 175
Inf OFC 3.66 3.95 578 439 —21 P < 0.001 10
Sup OFC 6.63 4,99 2.5 2.57 4.12 P < 0.001 146
(422,24,—22) 7.07 5.48 1.83 1.8 5.24 P < 0.001 91
(432,36,—14) 4.45 498 5.57 3.58 —1.12 P < 0.002 18

A post hoc analysis of ALE estimates in the CBMA reported in Figure 1 identified several significant
differences between several regions of ventral prefrontal cortex. ROIs were defined using AAL
structures: the orbital parts of the inferior frontal gyrus (Inf Orb), superior frontal gyrus (Sup
Orb), middle frontal gyrus (Mid Orb) and the more medial-orbital portion of the superior frontal
gyrus (Med Orb). See ‘Results’ section for details.

J. A.Clithero and A. Rangel

commonalities or differences in decision and outcome value compu-
tations, the test was carried out in several steps.

First, we completed a CBMA to look for areas that exhibit reliable
correlations with stimulus value at the time of decision. So, this ana-
lysis was constrained to the subset of studies and contrasts that looked
at parametric measures of subjective value during the decision phase
(contrasts =69, foci=571). This analysis identified a network of
regions that included a large cluster in VMPFC extending to frontal
polar cortex and MPFC and smaller clusters in bilateral VSTR and
dPCC (Figure 3 and Table 5). The global maximum ALE statistic
was found in the paracingulate gyrus, part of the VMPFC cluster
(ALE=63.29 x 107°).

Second, we were able to carry out a parallel IBMA of decision value,
which is the gold standard test for reliability in fMRI meta-analysis
studies (Salimi-Khorshidi et al, 2009; Kober and Wager, 2010). The
IBMA identified a similar set of regions demonstrating a positive cor-
relation with value (Figure 4 and Table 6), including VMPFC, which
was the global maximum [(x,y,z) = (0, 39,—3), maximum z=6.88].
The IBMA also found distinct clusters of activation in dPCC and
vPCC, paralleling the results found in the CBMA (Figure 1) for the
pooled value signals. An additional cluster was also identified in the
superior frontal gyrus (SFG).

Our IBMA also afforded us the opportunity to inspect the data for
negative correlates of decision value, an option that was not possible in
the CBMA as most studies do not report negative correlations with
subjective value. We found no voxels that survived the threshold em-
ployed for the main IBMA result. However, two loci survived a lower
threshold of P<0.005 (no cluster-level correction) and we report them
for completeness: precentral gyrus [(xy,z) =(—60,9,12), z=3.29, 4
voxels) and SFG [(x,y,z) =(18,0,72), z=2.89, 2 voxels].

Two differences between the IBMA and CBMA results regarding the
computation of value at the time of decision are noteworthy: the

Overlap of coactivation in VMPFC

Fig. 2 Common co-activation with VMPFC during value computation. (a) Three local maxima were identified in the large ventral PFC cluster in the ALE analysis that included all values (left, from Figure 1). The
global maximum was located in central VMPFC (c(VMPFC, red), and two distinct local maxima were more anterior (aVMPFC, green) and ventral (WMPFC, blue) to the global maximum. Around each of those
three coordinates, a 9 mm radius sphere was drawn (right) to identify contrasts with reported foci in the vicinity of those local maxima. (b) Several common areas in VMPFC were found to be active across all
three seed regions (white). The same cluster threshold for significance in all other ALE tests was applied here. (c) Both the c(VMPFC seed and the aVMPFC seed had several distinct areas of co-activation. For
CVMPFC (red), this included dPCC, SFG, VSTR and IOFC. For aVMPFC (green), this included ANG) as well as vPCC.
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Fig. 3 Reliable neural features of value during the decision phase using CBMA. We collected all
available contrasts for value signals during a decision phase (N = 69) to identify consistent positive
correlations with decision value signals. The global maximum (ALE = 63.29 x 1073) was found in
VMPFC, and consistent activation was also found in dPCC and VSTR. Notably, the VMPFC cluster
extended to other parts of the ventral and anterior parts of prefrontal cortex. The scale reflects ALE
values determined to survive a voxel-level significance of P < 0.001 and a cluster-corrected threshold
of P<0.05. The colorbar spans ALE values of 15.70 x 10~> (min) to 63.29 x 10~> (max).
Coordinates and cluster information are listed in Table 5.

Table 5 Maxima and cluster information for (BMA of decision values

Cluster  Volume (mm®) ALE (x1073) «x y z Region

1 15312 63.29 —2 40 —6 Paracingulate gyrus (VMPFC)

- - 40.94 4 30 —16 Subcallosal cortex (VMPFC)

- - 29.48 —4 60 —10 Frontal polar cortex (VMPFC)

2 3536 39.70 —-10 8 —6 Left nucleus accumbens (VSTR)
- - 22.51 10 12 —10 Right nucleus accumbens (VSTR)
3 1688 36.91 0 —34 42 Dorsal posterior cingulate cortex
4 440 24.29 —24 32 —16 Left orbitofrontal cortex

The (BMA of decision value (contrasts = 69, foci = 571) identified four distinct clusters using ALE.
Results are displayed in Figure 3.

cluster of significant activity in VSTR appears more robust in the
CBMA than in the IBMA and the SFG exhibiting reliable correlation
with stimulus values at the time of decision in the IBMA, but not in the
CBMA. The difference in SFG significance is perhaps attributable to
the influences of subthreshold results that are only obtainable in IBMA
(Salimi-Khorshidi er al., 2009). With respect to the differences in
VSTR, as all of the IBMA studies come from the same laboratory,
one natural explanation would be that the fMRI data acquisition
used by this group has a limited ability to identify signal in the
VSTR. However, several of the included papers have reliably found
activity in this area related to value and prediction errors (Hare
et al., 2008; Lim et al., 2011; Litt ef al., 2011). As many of the IBMA
studies used food as the reward modality, another potential
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explanation is that somehow food has a differential ability to activate
the VSTR in response to value. Again, this seems unlikely, as several of
the studies cited above reliably exhibit value activity in this area in
tasks involving foods. Understanding why the VSTR correlates with
subjective values in some paradigms but not in others is a critical
question for future research.

Third, we carried out a CBMA to look for areas that exhibit reliable
correlations with stimulus value at the time of outcome across studies.
Note that a value measure at the time of reward receipt (e.g. delivery of
reward such as juice or a visual image) is computationally distinct
from a stimulus value computed for the purpose of guiding decisions.
For this analysis we only included the subset of studies and contrasts
that looked at parametric measures of subjective value during the out-
come or reward consumption phase (contrasts =32, foci=200). The
analysis identified two distinct clusters (Figure 5 and Table 7): one in
VMPFC/OFC (ALE=20.20 x 10™) and one in bilateral VSTR
(ALE=21.98 x 1072).

Finally, we carried out a direct contrast of the ALE maps associated
with the computation of stimulus values at decision and outcome, in
order to identify regions that are more reliably associated with one of
these phases across studies (Figure 6 and Table 8). The results in both
directions of the contrast were very focal. Both dPCC and a specific
subregion of VMPFC were more reliably correlated with decision
values than with outcome values (Figure 6a). In contrast, a more an-
terior part of MPFC (near the frontal pole) and a portion of subcallosal
cortex (very near VSTR) were more reliably correlated with outcome
values (Figure 6b). We also performed a conjunction analysis of the
ALE maps for decision value and outcome value (Figure 6¢). This
analysis revealed that VSTR and a region of VMPFC (more medial
than the one depicted in Figure 6b) were reliably associated with
both value computations.

Value signals for different reward modalities

Finally, we carried out a CBMA to investigate if there is evidence for
regional specialization in the computations of stimulus values for
different reward modalities (e.g. food vs money). To investigate this
question, we took the corpus of reported results and partitioned it by
reward modality, while making no distinction between the timing of
the value signal (i.e. decision vs outcome). Of the possible categories,
the most common reward modality was money (contrasts=>50,
foci=432). We also had a large number of studies using various
types of foods (e.g. snack foods or juices; contrasts=24 contrasts,
foci=163). Finally, we had a remaining set of studies with other
rewards (e.g. rewarding visual images such as human faces, or dona-
tions to charities; contrasts =24 contrasts, foci = 143). The handful of
studies that employed multiple reward modalities on a single trial was
excluded from this analysis.

Each of the three sets of studies revealed several reliable clusters
of activation (Figure 7). The global maximum for money
(ALE=43.57 x 107°) was in VMPEC, but there were also distinct clus-
ters in VSTR, dPCC and SFG (Figure 7a). For food, the global max-
imum (ALE=26.21 x 107°) was also in VMPFC, but with a more
posterior peak (Figure 7b). For the other category, the maximum
(ALE =32.88 x 107°) was located in VSTR, but there was also a sep-
arate cluster in VMPFC (Figure 7c). Note that for money, the larger
extent of the ALE maps is due, most likely, to the fact that there is
more data reported for that modality and thus our analyses have more
statistical power in that case. Additional cluster information for each
reward modality is listed in Table 9.

To identify areas that were significant with value across all the
reward modalities, we took the intersection of money, food and
other maps (Figure 7d, left). Only a portion of VMPFC was significant
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Fig. 4 Reliable neural features of value during the decision phase using IBMA. We used data from previously published studies (N = 21 contrasts). We performed a mixed-effects analysis to identify consistently
positive correlation with measures of stimulus or decision value. The IBMA identified distinct clusters in VMPFC, dPCC and vPCC as well as SFG. The VMPFC cluster extended into the ventral part of the striatum
(VSTR). The global maximum (z=6.88) was located in VMPFC. The scale reflects mixed-effects z-scores determined to survive a voxel-level significance of P <0.001 and a cluster-corrected threshold of
P <0.05. The colorbar spans z-values of 3.10 (min) to 6.88 (max). Coordinates and cluster information are listed in Table 6.

Table 6 Maxima and cluster information for IBMA of decision values

MFX-Z X y z Region
6.88 0 39 =3 VMPFC
5.16 —18 4 45 SFG
513 —6 —51 15 vPCC
4.46 -3 =21 39 dPCC

We performed a mixed-effects analysis on statistical maps from 21 different decision value contrasts
listed in Table 2. Results are displayed in Figure 4.

in all three. We also inspected the ALE maximum in VMPFC for each
of the reward categories (Figure 7d, right), using coordinates
surrounded by 5mm radius spheres for display purposes. The most
ventral and posterior maximum clearly belongs to studies of food.
Although one of the money local maxima (green) overlaps with the
other category (blue), we note that the reward modality with the most
anterior cluster was money. This result also holds if the other category
is split into rewards that are immediately consumable (e.g. visual
images) and the remaining unclassified reward types (cyan for ‘con-
sumable’ and magenta for ‘miscellaneous’, Figure 7d, far right). This
gradient suggests a posterior-to-anterior gradient of value representa-
tions for reward modalities, with posterior corresponding to more
concrete rewards and anterior to more abstract rewards.
Importantly, we also performed a direct test across these reward mod-
alities. Although the contrasts have limited statistical power, a direct
contrast of money and food found a significantly greater likelihood
for food in posterior VMPFC [P<0.005, maximum z located at
(xy,z) =(—8,27,—13)] and for money in anterior VMPFC
[P<0.005, (x,y,z) = (—5,60,—9)]. Similarly, a contrast of other relative

Fig. 5 Reliable neural features of value during the outcome phase using (BMA. Using all available
outcome value contrasts (N =32), we identified several significant clusters of consistent outcome
value across studies in VMPFC and VSTR. The global maximum (ALE = 21.98 x 103) was located in
left VSTR. The scale reflects ALE values determined to survive a voxel-level significance of P < 0.001
and a cluster-corrected threshold of P < 0.05. The colorbar spans ALE values of 10.54 x 103 (min)
to 21.98 x 10> (max). Coordinates and cluster information are listed in Table 7.

to money found a significantly greater activation likelihood near the
peak for other in Figure 7d [P<0.005, (x,y,z) =(—12,46,11)] and a
more dorsal anterior part of MPFC [P<0.005, (x,y,z) =(—1, 56,10)]
for money relative to other. The third pair of comparisons, between
food and other, had the least power, but again found a posterior
portion of VMPFC for food relative to other (P<0.005,
(%,,z) = (—4,28,—20)]. The opposite contrast, however, did not find
any significant differences, even at the more liberal threshold of
P<0.01.

One important concern with this last set of analyses is that, across
studies, there might be a substantial correlation between the type of
reward and the time of the value signal. For example, while studies of

¥T0Z ‘2 #0010 Uo ABojouyoe ] Jo a1misu| eiulogieD 12 /BI0'SeuInolpio X0 uedss//:dny wolj papeo jumod


,
``
''
``
''
(p 
Z 
-
-
)
(
p 
-
-
)
(
p 
-
)
(
p 
-
)
p 
-
-
)
p 
http://scan.oxfordjournals.org/

Informatic parcellation of value network

value coding at the time of consumption frequently use liquids and
foods (e.g. receiving a squirt of juice in the scanner), studies using
trinkets or money as rewards can effectively only look at value coding
at the time of decision (e.g. choosing between two gambles). To address
this concern, we carried out one additional post hoc test in which we
fixed the reward modality to foods, and computed separate ALE values
at the time of decision and at the time of outcome (Figure 8).
Unfortunately, due to the smaller number of studies available (12 for
each decision and outcome), the tests are comparatively underpowered.
For that reason, we report all results at P< 0.001, without a cluster-level
correction. As can be seen in Figure 8, the results are similar to those for
the comparison between decision and outcome value signals, including
the robust posterior VMPEC result for food.

DISCUSSION

We have carried out a comprehensive meta-analysis of fMRI studies
that use computational methods to study value-based choice. The large
number of studies included allowed us to investigate four basic ques-
tions that cannot easily be addressed within a single fMRI study.

Table 7 Maxima and cluster information for CBMA of outcome values
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We organize our discussion around the key findings relating to these
questions.

First, we characterized the full set of areas that reliably correlate with
stimulus values when they need to be computed (i.e. either at the time
of decision or at the time of outcome) across tasks and reward
modalities. We found that neural responses in VMPFC and VSTR
are correlated with various measures of stimulus values across a
wide range of decision tasks, reward modalities and stages of the de-
cision-making process. This result is consistent with recent reviews of
the literature (Rangel et al, 2008; Wallis and Kennerley, 2010;
Glimcher, 2011; Grabenhorst and Rolls 2011; Padoa-Schioppa, 2011;
Rushworth et al, 2011), although the meta-analysis used here
provides a more rigorous test of the reliability of these findings
across studies.

Unlike VMPEC and VSTR, however, PCC is an area that has
received much less attention in the value-based choice literature. Yet,
our results establish the reliability of activity correlated with stimulus
values in two distinct loci in PCC, a ventral region and a more dorsal
region. Indeed, distinct clusters are apparent in both the CBMA

Table 8 (BMA comparison of decision and outcome values.

(luster ~ Volume (mm®) Maxz x y z Region

Cluster  Volume (mm®) ALE (x1073) «x y oz Region

1 4744 20.20 0 32 —18 Frontal medial cortex (VMPFC)
- - 17.75 8 46 —12 Frontal medial cortex (VMPFC)
- - 14.73 10 60 0  Frontal polar cortex

- - 12.73 —10 30 —18 Orbitofrontal cortex

2 2912 21.98 —8 10 —6 Left nucleus accumbens (VSTR)
- - 19.24 8 14  —4 Right nucleus accumbens (VSTR)

The (BMA here (contrasts = 32, foci = 200) identified four distinct clusters using ALE. Results are
displayed in Figure 5.

Decision > Outcome

p < 0.001

Decision > Qutcome

1 536 3.06 0 30 40  Dorsal posterior cingulate cortex
2 344 3.19 —8 36 0  Anterior cingulate gyrus (VMPFC)
3 16 2.71 —4 50 2 Paracingulate gyrus/frontal pole
4 16 2.77 —52 32 4 Inferior frontal gyrus

5 16 274 -2 58 12 Frontal pole frontal medial cortex
Outcome > Decision

1 232 312 18 56 —6  Frontal pole (MPFC)

2 200 2.99 -2 20 —4  Subcllosal cortex

Differences in ALE values for decision and outcome were contrasted and converted to z-scores.
Results are displayed in Figure 6.

(¢) Decision & Outcome

Fig. 6 Comparison of decision and outcome value signals using CBMA. To determine if different brain regions are differentially recruited during the decision and outcome phase, we contrasted ALE images for
the decision and outcome phase. (a) The decision > outcome comparison identified significant differences in both dPCC and VMPFC near subgenual cingulate. (b) The outcome > decision contrast identified a
more anterior area of MPFC, as well as subcallosal cortex. (c) A conjunction of the two value computations, using the ALE maps presented in Figures 3 and 5, revealed common activation in VSTR and another

portion of VMPFC. Coordinates and cluster information for the contrasts are listed in Table 8.
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R an Cluster Max

Fig. 7 Comparison of value in different reward modalities using CBMA. (a) Using all value contrasts involving money as a reward modality (N = 50), we found significant ALE values in VMPFC, VSTR and dPCC.
The colorbar spans ALE values of 13.95 x 103 (min) to 43.57 x 10~> (max). (b) We performed the same analysis for studies using food as rewards (N = 24). This analysis revealed only two significant
clusters, in a more ventral and posterior portion of VMPFC. The colorbar spans ALE values of 9.81 x 103 (min) t0 26.21 x 10~ (max). (¢) Using “other’ to collect all other value contrasts using a single reward
modality (N = 24), we again found reliable VMPFC and VSTR activity. The colorbar spans ALE values of 9.70 x 1073 (min) to 32.88 x 1073 (max). (d) Here, on the right, the cluster maxima coordinates are
surrounded by 5 mm radius spheres for display. We see that most ventral maximum belongs to studies of food. Although one of the money local maxima (green) overlaps with the other category (blue), we
note that the only reward modality with the most anterior cluster was money. This represents a posterior-to-anterior representation of reward modalities. The scales in (a)—(c) reflect ALE values determined to
survive a voxel-level significance of P<0.001 and a cluster-corrected threshold of P < 0.05. Coordinates and cluster information are listed in Table 9.

Table 9 Comparison of reward modalities using CBMA

Cluster ~ Volume  ALE X y z Region
(mm’)  (x107%)

Money  (N=50)

1 9960 43.57 -2 40 —6  Paracingulate gyrus (VMPF()

- - 28.38 2 32 —18  Frontal medial cortex

- - 2431 0 58 —8  Frontal polar cortex

2 3528 28.44 —8 8 —6 Left nucleus accumbens (VSTR)
- - 17.06 8 18 —4  Right nucleus accumbens (VSTR)
- - 15.80 —8 12 6 Left caudate

3 760 26.98 -2 -3 42 Dorsal posterior cingulate cortex
4 480 18.39 —24 30 50  Superior frontal gyrus

Food (N=24)

1 3504 26.21 —4 28 —14  Subcallosal cortex (VMPFC)

2 1512 16.18 -2 40 2 Cingulate gyrus

- - 15.12 8 44 0  Paracingulate gyrus

Other (N=124)

1 4760 25.39 —10 42 —10  Frontal medial cortex (VMPFC)
- - 16.83 4 38 —6  Anterior cingulate gyrus

- - 13.04 6 48  —14  Frontal medial cortex

- - 10.21 —4 62  —14  Frontal polar cortex

2 2288 32.88 —8 8 —6 Left nucleus accumbens (VSTR)
3 728 16.54 10 14 —6  Right nucleus accumbens (VSTR)
4 480 15.35 14 =20 4 Right thalamus

(Figure 1) and IBMA (Figure 4) results. These two regions of PCC have
been implicated in various functions that might be useful in guiding
the computation of values, such as attending to internal vs external
influences (Nakao et al., 2012), remembering past events or envision-
ing future ones (Schacter et al., 2007) and monitoring local environ-
ment changes (Pearson ef al, 2011). PCC is also a central node of the

Fig. 8 Decision and outcome values of food studies using CBMA. The ALE analyses here reflect a post
hoc test of the studies involving only food (N = 24), with decision value (red) and outcome value
(blue) calculated separately. As would be expected, overlap occurs in the same posterior VMPFC area
highlighted in Figure 7. All voxels shown survive voxel-level significance of P < 0.001.

default mode network (Buckner et al, 2008), and recent work has
made distinctions between ventral and dorsal PCC that may corres-
pond to some of the aforementioned functions (Leech et al., 2011).
Understanding the precise role of the PCC in the network of regions
that contribute to value-based decisions remains an important and
open question.

Another area that deserves further consideration is the superior
frontal sulcus (SFS), which demonstrated a significant and reliable
correlation with decision value in our IBMA. Although the precise
contribution of SES to value-based choice is unknown, it is worth
noting that the reported cluster in our IBMA closely neighbors the
coordinates reported to correspond to sensory evidence in a perceptual
decision-making task (Heekeren et al, 2004) and includes the SFS
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coordinates reported for the comparisons of cost and benefit in a
value-based choice task (Basten et al., 2010).

Second, we asked if the set of areas associated with valuation are
organized into dissociable functional networks across tasks and reward
modalities. We found that a broad region of VMPFC contains a reli-
able value signal, a fact that has been previously noted (Grabenhorst
and Rolls, 2011; Wallis, 2012). However, our co-activation results
(Figure 2) suggest that this region of VMPFC is divided into subre-
gions that co-activate with different networks: one that involves central
VMPFC, dorsal dPCC and VSTR, and another that involves more
anterior VMPEC, left ANG and vPCC. These results corroborate a
recent functional parcellation of OFC (Kahnt et al, 2012), which
found evidence for the existence of an interaction between distinct
functional networks within OFC. Furthermore, these two networks
involving VMPFC are remarkably similar to some of the subnetworks
of the default mode network found across a wide variety of tasks
(Smith et al, 2009; Andrews-Hanna et al., 2010). An intriguing hy-
pothesis is that different value computations require different levels of
episodic memory and mental simulations and are thus likely to recruit
regions associated with the default mode network (Pearson et al., 2011;
Mars et al., 2012). The centrality of VMPEC for integrating this rele-
vant information from a variety of networks has been argued elsewhere
(Roy et al., 2012).

Third, we tested for commonalities and dissociations in the set of
areas involved in the computation of stimulus values at decision and
outcome. Our results suggest a dissociation with respect to the com-
parison of stimulus value signals at decision and outcome. We found
that dorsal PCC and a specific subregion of central VMPFC were more
reliably correlated with decision values than with outcome values,
whereas a more anterior part of MPFC (near the frontal pole) and a
portion of subcallosal cortex (near VSTR) were more reliably corre-
lated with outcome values (Figure 6). However, the most striking pat-
tern was the existence of reliable stimulus value-related activity in
regions of VMPFC and VSTR at both decision and outcome. This
commonality suggests the interesting possibility that these areas are
involved in computing stimulus value whenever such variables are
needed, regardless of the phase of the decision task.

Fourth, we investigated for commonalities and dissociations in the
set of areas involved in the computation of stimulus values for differ-
ent reward modalities (e.g. food vs money). We found that reward
modality may also affect the precise location of VMPFC in which
value is encoded. Our results include suggestive evidence of a poster-
ior-to-anterior gradient of value representations (Figure 7), corres-
ponding to concrete-to-abstract rewards. This finding is consistent
with previous hypotheses and results (Kringelbach and Rolls, 2004;
Sescousse et al., 2010; Grabenhorst and Rolls, 2011), although those
primarily discuss OFC. Anatomical studies of OFC connectivity, such
as those looking at sensory inputs to OFC, suggest that it might be
organized in a graded fashion (Carmichael and Price, 1995). A more
recent report, looking specifically at decision value computations
(McNamee et al., 2013), also finds evidence for such a gradient. A
comprehensive understanding of the extent of such a hierarchy of
value representation in OFC and VMPFC, however, will likely require
both more cross-species work (Wallis, 2012) and careful analysis of
how different fMRI acquisition sequences may affect results in more
orbital parts of prefrontal cortex (Roy et al., 2012). Furthermore, our
results employ a fairly coarse classification of reward modality. Even
within food rewards, it would be a valuable exercise to consider the
different sensory contributions to food evaluation (Rolls and
Grabenhorst, 2008). An exciting avenue for further work would be
to generate cleaner taxonomies of reward modalities and their com-
plexity as well as if and how those might have similar or distinct neural
representations along a VMPFC gradient.
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Notably, our analyses did not identify several regions commonly
associated with decision-making computations. First is the more
dorsal region of the ACC and the neighboring dorsal medial prefrontal
cortex (DMPFC). This area has had several wide classes of computa-
tions attributed to it, including decision and strategic control
(Venkatraman et al., 2009), environment volatility (Behrens et al,
2007) and multiplexing of decision parameters (Kennerley et al,
2009; Hayden and Platt, 2010; Hare et al., 2011b). Similarly, action
value signals—which take into account the action costs associated with
the choice of a particular option—are also commonly attributed to
ACC (Rangel and Hare, 2010; O’Doherty, 2011). These distinct
computational roles for ACC and DMPFC, coupled with those areas
appearing in comparatively few contrasts of interest in fMRI studies of
simple choice, are likely reasons for their absence in our results.
Second, the amygdala is also commonly discussed in various aspects
of reward processing (Rolls, 2000; Gottfried et al., 2003, Seymour and
Dolan, 2008). Although a correspondence between subjective value and
amygdala was identified at a lower threshold in our CBMA, the precise
computations that amygdala contributes to subjective value may not
be sufficiently represented in our corpus of studies. Finally, various
parts of dorsal lateral prefrontal cortex (DLPFC), which have been
found in some studies to correlate with representations of stimulus
values (Plassmann et al., 2007; Hare et al., 2009; Plassmann et al., 2010;
Baumgartner et al., 2011; Hutcherson et al., 2012), were also not iden-
tified in the meta-analyses. One potential explanation for this negative
result is that DLPFC might only be involved in tasks involving
the evaluation of sufficiently abstract stimuli or self-regulation
(Hutcherson et al., 2012), which are relatively uncommon in the exist-
ing literature.

There are also some important limitations of the study. First, we
were unable to consider contrasts from paradigms that involve the
comparison of options from distinctly different reward modalities
(e.g. choosing movie tickets vs ice cream). Although some fMRI studies
do take various approaches to address this issue (FitzGerald et al.,
2009; Grabenhorst et al, 2010; Smith et al, 2010; Levy and
Glimcher, 2011), there are relatively few of these, so our meta-analyses
did not directly assess the reliability of such value computations. As
more studies attempt to identify common scales of valuation and com-
parison of different reward domains, it will be intriguing to test the
spatial reliability of areas that demonstrate this property (Grabenhorst
et al., 2010, Levy and Glimcher 2011, McNamee et al., 2013). Second,
we did not formally test the coding of value for appetitive and aversive
stimuli, although clearly a full understanding of value computation is
incomplete in their absence (Tom et al., 2007; Plassmann et al., 2010).
Similarly, our methods did not allow us to dissociate the coding of
value and salience signals (Seeley et al, 2007; Bressler and Menon,
2010), which are difficult to tease apart in many decision experiments.
However, one study in our corpus dissociates these two signals (Litt
et al., 2011), finding that the regions of VMPFC and PCC identified in
our meta-analyses are associated with value but not saliency coding,
and that VSTR is associated with both types of computations. There is
also evidence for non-linear (e.g. quadratic) responses to subjective
measures of value in a handful of fMRI studies (O’Doherty et al,
2006; Todorov et al, 2011). Finally, our methods do not facilitate
the delineation of regions that compute stimulus values from regions
that compute reward prediction errors. This is an important limitation
because these signals are highly correlated in many studies, a phenom-
enon that may also account for our common finding of reliable
VMPEC and VSTR value signals at both decision and outcome. The
few studies that have directly looked at separating these computations
have found that VMPFC reflects values, whereas VSTR reflects predic-
tion errors (Hare et al., 2008; Rohe et al., 2012).
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Despite these limitations, the analyses presented here offer a clear set
of brain regions that are reliably recruited to compute subjective value.
Many of the regions in our results mirror components of established
functional networks (Smith et al., 2009; Andrews-Hanna et al., 2010;
Bressler and Menon, 2010). An important step in constructing a bio-
logically plausible model of value computation in the brain (Clithero
et al., 2008; Fehr and Rangel, 2011; Glimcher, 2011) requires identify-
ing accurate constraints on computations, and networks in the brain
are one of those key constraints. Thus, the network of areas identified
in our meta-analyses point to important open questions about the
computation of subjective value that should be addressed in future
fMRI studies. In this way, informatics can be employed to guide
future studies of decision-making systems in the brain (Poldrack,
2010; Yarkoni et al., 2010, 2011).
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