
Target ROI #

Se
ed

 R
O

I #

Connectivity matrix of 305 ROIs in 21 subjects in S1

 

 

50 100 150 200 250 300

50

100

150

200

250

300
0

50

100

150

200

250

300

350

400

450

500

Target ROI #

Se
ed

 R
O

I #

Connectivity matrix of 305 ROIs in 48 subjects in S2

 

 

50 100 150 200 250 300

50

100

150

200

250

300
0

50

100

150

200

250

300

350

400

450

500

Correlation Matrix of the decision making network in 21 subjects from S1
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The decision making network:

Decision making has been shown to recruit a distrib-
uted network of brain regions encompassing mid-
brain dopaminergic regions and their targets. Using a 
loss aversion task, Tom et al. (2007) identified a set of 
eight regions that were active for both potential gains 
and potential losses on this task; the midbrain, poste-
rior cingulate, right and left frontal poles, right and left 
dorsolateral prefrontal cortices, ventromedial cortex 
and ventral striatum (Figure 1).
 
In humans, little is known about the structural con-
nectivity of this network and its relation to functional 
connectivity. Understanding the normal pattern of 
connectivity in this network has implications for the 
study of impaired decision making in addiction and 
other disorders. A fine characterization of this net-
work could help  identify changes in the pattern of 
connectivity in the network using a noninvasive imag-
ing modality and inspire targeted therapies for im-
proved decision making.
 
We sought to characterize the structural connectivity 
of a network of brain regions known to be involved in 
decision making using white matter probabilistic trac-
tography analyses.

Relationship between structural and functional 
connectivity measures:

Several studies have investigated the relationship of 
resting state functional connectivity using functional 
MRI data acquired while subjects rested and did not 
perform a task to structural connectivity using diffu-
sion tensor imaging (DTI) (Hagmann et al. (2008), 
Greicius et al. (2009)). These studies have found a 
strong correlation between the connectivity mea-
sures using the two modalities.

To our knowledge this study is the first to use task-
based fMRI connectivity methods for the functional 
connectivity measure for comparison with ROI-based 
probabilistic tractography applied to DTI data for the 
structural connectivity measure.

Besides looking at the consistency of connectivity 
across modalities in the decision making network, we 
also sought to investigate the relationship of structure 
and function in a large-scale network encompassing 
all regions in the brain.
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Methods
Participants:
Two samples (S1 and S2) of young healthy partici-
pants (S1: N=21, 15 female, ages 18-30 and S2: 
N=48, 21 female, ages 17-26) underwent diffusion 
tensor imaging (DTI). 

DTI data acquisition:
S1: 64 directions were acquired on a 3T Siemens Trio 
scanner at UCLA with the following parameters; 
TR/TE=7000/93 ms, 96x96 matrix, FOV, 19cm; 50 
axial slices 2mm thick, b value = 1000.
S2: 64 directions were acquired on a 3T Siemens Trio 
scanner at Beijing Normal University with the follow-
ing parameters; TR/TE=7200/104ms, 128x128 
matrix, FOV=24cm; 49 axial slices 2.5mm thick, b 
value = 1000. These data are freely available for 
download at http://www.nitrc.org/frs/?group_id=383. 

ROI selection:
Results from a previously published fMRI study with 
a mixed gambles task (Tom et al., 2007) were used to 
define six ROIs that were activated in response to the 
magnitude of potential gains and losses. 

Figure 1: Whole-brain analysis of parametric re-
sponses to size of potential loss (left) or gain (right). 
From Tom et al. 2007.

Another set of 305 ROIs roughly equal in size were 
derived from the Harvard-Oxford Atlas were used to 
probe connectivity in a large-scale network of regions 
spanning the whole brain.

Probabilistic tractography:
These ROIs were used as seeds for probabilistic 
tractography using FSL’s probtrackx with 5000 itera-
tions. Connectivity values from all ROIs for each of 
eight probabilistic maps per subject were used to 
create a matrix to probe white matter connectivity of 
the eight regions to one another. Consistency of re-
sults for the 6 ROIs was confirmed by running ten it-
erations of the analysis using ten resampled random 
subsets of 28 voxels from each ROI to correct for dif-
ferent ROI sizes between the regions.

Results

515.02/YY66

pants decided whether to accept or reject mixed
gambles that offered a 50/50 chance of either
gaining one amount of money or losing another
amount (Fig. 1A) (21). To encourage participants
to reflect on the subjective attractiveness of each
gamble rather than to rely on a fixed decision
rule, we asked them to indicate one of four re-
sponses to each gamble (strongly accept, weakly
accept, weakly reject, and strongly reject). In
order to allow for separate estimates of neural
responses to gains and losses, the sizes of the
potential gain and loss were manipulated inde-
pendently, with gains ranging from $10 to $40 (in
increments of $2) and losses ranging from $5 to
$20 (in increments of $1). We chose these ranges
because previous studies indicate that people are,
on average, roughly twice as sensitive to losses as
to gains (1, 5); thus, we expected that, for most
participants, this range of gambles would elicit a
wide range of attitudes, from strong acceptance
to indifference to strong rejection. To introduce
incentive-compatible payoffs, we endowed par-
ticipants with $30 one week before scanning and
told participants that one decision from each of
three scanning runs would be honored for real
money.

We assessed behavioral sensitivity to gains
and losses by fitting a logistic regression to each
participant’s acceptability judgments collected
during scanning, using the size of the gain and
loss as independent variables. Based on this
analysis, we computed a measure of behavioral
loss aversion l as the ratio of the (absolute) loss
response to the gain response, which yielded a
median l = 1.93 (range: 0.99 to 6.75). This find-
ing is consistent with the observations that par-
ticipants were, on average, indifferent to gambles
in which the potential gain was twice the amount
of the potential loss (Fig. 1B) and that participants
were slower to decide whether or not to accept
these gambles (Fig. 1C). These behavioral data
also accord well with previous findings (1, 5).

We first analyzed the imaging data to identify
brain regions whose activation correlated with
the size of the potential gain or loss, using para-
metric regressors (21). This analysis isolated a set
of regions responsive to the size of potential
gains when evaluating gambles (averaging over
levels of loss) (Fig. 2 and fig. S2). The gain-
responsive network included regions previously
shown to be associated with the anticipation and
receipt of monetary rewards, including the dorsal
and ventral striatum, VMPFC, ventrolateral PFC,
anterior cingulate cortex (ACC), OFC, and
dopaminergic midbrain regions. There were no
regions that showed decreasing activation as
gains increased.

If loss aversion is driven by a negative af-
fective response (e.g., fear, vigilance, discom-
fort), then onewould expect increasing activity in
brain regions associated with these emotions as
the size of the potential loss increases. Contrary
to this prediction, no brain regions showed sig-
nificantly increasing activation during evaluation
of gambles as the size of the potential loss in-

creased (averaging over all levels of gain). In-
stead, a group of brain regions including the
striatum, VMPFC, ventral ACC, and medial
OFC,most of which also coded for gains, showed
decreasing activity as the size of the potential loss
increased (Fig. 2 and fig. S3). A conjunction
analysis between increasing activity for gains and
decreasing activity for losses demonstrated joint
sensitivity to both gains and losses in a set of
regions, including the dorsal and ventral striatum
and VMPFC (Fig. 3 and table S1).

In order to ensure that potential loss–related
responses were not being obscured by the overall
positive expected value of the gambles, we
compared activity evoked by the worst possible
gambles (gain: $10 to $16; loss: $17 to $20) and

the best possible gambles (gain: $34 to $40; loss:
$5 to $8). In a whole-brain analysis, there were
no regions that showed significantly more ac-
tivity for the worst gambles as compared to that
for the best gambles (corrected P > 0.4 in all
voxels by means of randomization tests). Given
the specific prediction regarding loss-related ac-
tivity in the amygdala and insula based on pre-
vious studies of experienced utility and risk
aversion (11, 18), we performed further analyses
that focused on these areas. Even at a very liberal
uncorrected threshold of P < 0.01, there were no
significant voxels in the amygdala and only two
single unconnected voxels in the insula. By com-
parison, at the same threshold, there were large
clusters of activation for the best versus the worst

Fig. 1. (A) An illustra-
tion of the event-related
task design. During each
trial, the participant was
presented for 3 s with a
display showing the size
of the potential gain (in
green) and loss (in red).
After the accept or reject
response, a variable inter-
val was presented to allow
for optimal deconvolution
of fMRI responses to each
trial (27). Gambles were
not resolved during scan-
ning. The values of gain
and loss for each trial
were sampled from the
gain/loss matrix, as shown
here for two example
gambles; a gamble from
each cell in this 16 × 16
matrix was presented dur-
ing scanning, but the data
were collapsed into a 4 ×
4 matrix for analysis. All
combinations of gains and
losses were presented. ISI,
interstimulus interval. (B) Color-coded heatmap of probability of gamble acceptance at each level of
gain/loss (red indicates high willingness to accept the gamble, and blue indicates low willingness to
accept the gamble). (C) Color-coded heatmap of response times (red indicates slower response times,
and blue indicates faster response times).

Fig. 2. Whole-brain
analysis of parametric re-
sponses to size of poten-
tial loss (left) or gain
(right). Statistical maps
were projected onto an
average cortical surface
with the use of multifidu-
cial mapping in CARET
software (28); coronal
slices (y = 10) are in-
cluded to show ventral
striatal activation. Allmaps
are corrected for multi-
ple comparisons at the whole-brain level by means of cluster-based Gaussian random field correction (29)
at P < 0.05. LH, left hemisphere; RH, right hemisphere.
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Connectivity of the decision making network:

Figure 2: Structural connectivity matrix of 6 regions in the deci-
sion making network in two samples.

Connectivity matrices generated using the full seed 
ROIs and those using the iterative method described 
above were also significantly correlated within 
sample 1 (r=0.49, p<0.01). The pattern of connectiv-
ity within this network is thus consistent. Regions 
most consistently and strongly connected are the 
vmPFC, ventral striatum, right and left frontal poles.

Connectivity of a large-scale brain network:
Connectivity matrices were generated for the two 
samples using 305 ROIs spanning the whole brain in 
the two samples; these matrices were significantly 
correlated (r=0.66, p<0.001).

Figure 3: Structural connectivity matrix of 305 regions in a 
large-scale whole-brain network.

Consistency with functional connectivity:
As can be seen in poster 512.03/YY67, this pattern of 
structural connectivity is consistent with the pattern of 
functional connectivity as calculated on task-based 
fMRI data using a representational similarity analysis 
(in S1 using the 6 DM ROIs, r=0.62, n.s. and using 
the 305 ROIs r=0.19, n.s.) or using a beta-series 
analysis (in S1 using the 6 DM ROIs, r=0.44, n.s. and 
using the 305 ROIs, r=0.18, n.s.). 

Conclusions
The pattern of structural connectivity within the deci-
sion making network is consistent across samples 
and is replicable using a resampling technique to ac-
count for different ROI sizes.

Characterizing the structural connectivity in the 
healthy decision making network can help better 
define differences in the network’s pattern of connec-
tivity in disorders such as addiction and will likely help 
better understand the etiology of impaired decision 
making.

Structural connectivity in a large-scale network en-
compassing all brain regions is also consistent 
across samples and with previous findings.

Structural and functional connectivity as calculated 
on task-based fMRI data are consistent in these two 
networks.

A better understanding of the pattern of connectivity 
and relationship between structural and functional 
connectivity is key for using noninvasive techniques 
to probe large-scale systems neuroscience ques-
tions in humans.
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