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Abstract 
Value-based decision making (VBDM) is a principle that states that humans and other species adapt their behavior according to 
the dynamic subjective values of the chosen or unchosen options. The neural bases of this process have been extensively 
investigated using task-based fMRI and lesion studies. However, the growing field of resting-state functional connectivity 
(RSFC) may shed light on the organization and function of brain connections across different decision-making domains. With 
this aim, we used independent component analysis to study the brain network dynamics in a large cohort of young males (N = 
145) and the relationship of these dynamics with VBDM. Participants completed a battery of behavioral tests that evaluated delay 
aversion, risk seeking for losses, risk aversion for gains, and loss aversion, followed by an RSFC scan session.We identified a set 
of large-scale brain networks and conducted our analysis only on the default mode network (DMN) and networks comprising 
cognitive control, appetitive-driven, and reward-processing regions. Higher risk seeking for losses was associated with increased 
connectivity between medial temporal regions, frontal regions, and the DMN. Higher risk seeking for losses was also associated 
with increased coupling between the left frontoparietal network and occipital cortices. These associations illustrate the partici
pation of brain regions involved in prospective thinking, affective decision making, and visual processing in participants who are 
greater risk-seekers, and they demonstrate the sensitivity of RSFC to detect brain connectivity differences associated with distinct 
VBDM parameters. 
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An extensive body of literature has already investigated the studies, this investigation offers a complementary neuroimag
influence of several personality traits and psychological con- ing approach for understanding the neural underpinnings of an 
structs on value-based decision making (VBDM) during ado- array of VBDM components (i.e., delay aversion, risk 
lescence and early adulthood (Franken, van Strien, Nijs, & seeking/risk aversion, and loss aversion) in healthy young 
Muris, 2008; Romer,  2010; Zermatten, Van der Linden, males. 
d’Acremont, Jermann, & Bechara, 2005). However, a limited Delay aversion is often taken as an indicator of impul
scope still exists, because the prior research usually focused sivity and is usually assessed with delay-discounting tasks 
on single constructs at a time. Beyond these earlier behavioral in experimental environments (Ainslie, 1975). Individuals 

may benefit from impulsive behavior because it allows 
them to take advantage of unexpected opportunities when 
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Conversely, high risk aversion (taken as the other extreme 
of the risk spectrum), as well  as high loss aversion 
(Kahneman & Tversky, 1979), might indicate a negative 
learning bias that increases the risk of depression and anx
iety disorders (Smoski et al., 2008). 

On the neural level, task-based fMRI experiments and le
sion studies have shown the brain circuitry underlying some 
of the behaviors mentioned above: Frontostriatal regions (i.e., 
medial prefrontal cortex, ventral striatum) are implicated in 
valuation processes and reinforcement learning (Bartra, 
McGuire, & Kable, 2013; Peters & Buchel, 2011; Ripke 
et al., 2012; Rushworth, Noonan, Boorman, Walton, & 
Behrens, 2011), whereas the so-called cognitive control net
work (i.e., posterior parietal cortex, lateral prefrontal cortex, 
anterior insula, and anterior cingulate cortex) was associated 
with the decision phase during intertemporal and probabilistic 
choices (Marco-Pallarés, Mohammadi, Samii, & Münte, 
2010; McClure, Laibson, Loewenstein, & Cohen, 2004; 
Ripke et al., 2015; Ripke  et al.,  2012; Weber & Huettel, 
2008). Additionally, developmental neuroimaging studies 
have postulated that stronger activation of regions involved 
in reward processing (e.g. nucleus accumbens) during adoles
cence encourages sensation seeking and risk taking at these 
ages (Barkley-Levenson & Galvan, 2014; Braams, van  
Duijvenvoorde, Peper, & Crone, 2015; Galvan, Hare, Voss, 
Glover, & Casey, 2007). 

A complementary investigation of brain networks can be 
achieved through resting-state functional connectivity 
(RSFC), a robust technique for exploring low-frequency fluc
tuations (~ 0.01–0.1 Hz) in the BOLD signal (Biswal, Yetkin, 
Haughton, & Hyde, 1995). Resting-state fluctuations are co
herently organized into intrinsic connectivity networks (ICN) 
that are believed to recapitulate task-based/stimulus activity 
(Mennes et al., 2010; Smith et al., 2009) and exhibit variations 
according to the different phenotypic characteristics of an in
dividual (Vaidya & Gordon, 2013). These networks can be 
investigated using independent component analysis (ICA; 
Beckmann & Smith, 2004), a reliable method that allows the 
separation of ICNs from artifactual signals (Cole, Smith, & 
Beckmann, 2010), and thus supports the exploration of orga
nized neural activity. The possibility that these ICNs differ 
across distinct VBDM styles has already promoted study of 
the relationship between various VBDM constructs and RSFC 
in young and vulnerable populations (Cservenka, Casimo, 
Fair, & Nagel, 2014; Weissman et al., 2015; Whelan et al., 
2012). However, further investigations analyzing several 
VBDM components in a single study will increase our under
standing of the neural bases of these behaviors. 

Recent insights into the resting-state circuitries that may 
characterize impulsive decision making have described weaker 
connectivity between regulatory (frontal) and appetitive-drive 
(limbic)  regions  (Davis  et  al.,  2013).  Additionally,  
hyperconnectivity between the DMN and motor-planning 

regions was also reported in the same group of participants 
(Shannon et al., 2011), suggesting that higher activity at rest 
of limbic and motor regions may predispose young individuals 
to impulsive decisionmaking. Similarly, hyperconnectivity be
tween subcortical limbic structures (i.e., nucleus accumbens, 
amygdala) andmiddle frontal cortices may underlie the expres
sion of risky behaviors in adolescents (DeWitt, Aslan, & 
Filbey, 2014). On the other hand, risk-averse decision making 
seems to follow the same activation pattern in both task-based 
and resting-state fMRI, with participation of a brain circuit 
comprising the right inferior frontal gyrus and insular cortex 
(Christopoulos, Tobler, Bossaerts, Dolan, & Schultz, 2009; 
Cox et al., 2010; Preuschoff, Quartz, & Bossaerts, 2008). 
Although these findings indicate that the functional brain ar
chitecture may accurately reflect individual differences in 
VBDM, studies with larger samples of healthy participants 
are still necessary in order to observe the neural dynamics that 
may underlie risky and impulsive choices at young ages. 
Furthermore, the relation between risky behaviors and RSFC 
has only been investigated in the gain domain (i.e., risk 
seeking/risk aversion for gains), but the distinction between 
gains and losses has not been reported thus far. 

In the present study, we examined RSFC and its relation to 
VBDM, expressed through four constructs (delay aversion, 
risk aversion for gains, risk seeking for losses, and loss aver
sion) in a large cohort of young males. We hypothesized that 
the basal ganglia and default mode networks would exhibit 
higher functional connectivity in more delay-averse and 
risk-seeking participants, illustrating more reward-driven traits 
and therefore weaker functional  connectivity in the 
cognitive-control and executive networks. Finally, we explored 
the relationship between brain functional networks, risk seek
ing for losses, and loss aversion, since existing studies have 
described the engagement of single brain structures, but the 
functional dynamics under rest have not yet been studied. 

Methods and materials 

The study protocol was approved by the local ethics commit
tees of Charité Universitätsmedizin Berlin and Technische 
Universität Dresden, and was in accordance with national leg
islation and the Declaration of Helsinki. All participants pro
vided written informed consent and received monetary 
compensation. 

Participants 

This study included data from 145 18-year-old, right-handed, 
healthy males, selected from a total sample of 201 individuals 
who took part in the ongoing longitudinal fMRI study 
BLearning Dysfunctions in Young Adults as Predictors for 
the Development of Alcohol Use Disorders^ (LeAD, www. 

http://www.lead-studie.de/


lead-studie.de; clinical trial number: NCT01744834) within
the research group BLearning and Habituation as Predictors
of the Development and Maintenance of Alcoholism^ funded
by the Deutsche Forschungsgemeinschaft (DFG). In this
study, we used the sample already reported by Bernhardt
et al. (2017), with the addition of two participants who were
abstinent from alcohol and therefore had not been included in
other studies from this research group (for details, see the
description in Supplementary Material 1). All participants
were recruited in Berlin and Dresden through their respective
residents’ registration offices and were screened in order to
exclude current or previous history of neurological or psychi-
atric diseases, drug abuse or dependence (except for nicotine
dependence and alcohol abuse) and MRI incompatible
conditions.

Value-based decision-making assessment

In the first session, participants completed an extensive behav-
ioral and clinical assessment that included the value-based
decision-making battery (VBDM; see Fig. 1). This set of tasks
employs a Bayesian learning scheme to estimate the
delay-discounting rate, the probability-discounting rates for
gains and losses, and loss aversion.

Delay aversionwas assessedwith a delay discounting (DD)
task with 30 trials, in which participants needed to choose
between receiving a smaller immediate amount of money or
a greater delayed one (e.g., €2 now or €8 in one week).

Monetary rewards ranged from €0.30 to €10. The evaluation
of the offers is best described by a hyperbolic function (Mazur,
1988; Odum, 2011):

V ¼ A= 1þ kdð Þ;
where V represents the subjective value of the amount A after a
delay D in days (available delays: 3, 7, 14, 31, 61, 180, and
365 days) and k is a free parameter representing the discount
rate. Larger k values represent preference for immediate
amounts and therefore higher delay aversion.

The second and third tasks assessed risk aversion for gains
and risk seeking for losses, using probability discounting for
gains and losses, respectively (PDG and PDL; both with 30
trials), where participants needed to choose between a sure
amount that they could win or lose and the probability of
winning/losing a larger amount of money (e.g., 75% probabil-
ity of winning €5 or winning €2 for sure, or a 50% probability
of losing €8 or losing €3 for sure). The probability values were
set to 2/3, 1/2, 1/3, 1/4, and 1/5. The amounts ranged from
€0.30 to €10 for PDG, and – €0.30 to – €10 for PDL.
Probability discounting can also be well described by a hyper-
bolic function (Green, Myerson, & Ostaszewski, 1999;
Rachlin, Raineri, & Cross, 1991):

V ¼ A
1þ kθ

;

where V is the subjective value of a probabilistic amount A, k
is a parameter that reflects the individual discounting rate due

Fig. 1 Value-based decision-making battery with trial examples for each
task. During all tasks, offers are randomly assigned to presentation on the
left or the right side of the screen. We imposed no time limit for the
selection in a given trial and provided no feedback after the choice. The
selected choices were indicated within a red frame before presenting the

next offer. Participants were informed that they would be paid on the basis
of a randomly selected trial that they chose in each task. Crosse-out boxes
represent the odds against winning or losing in the probabilistic tasks. In
themixed gambles task the crossed-out box represents the option to reject
the gamble (Pooseh et al., 2018).

538 Cogn Affect Behav Neurosci (2018) 18:536–549

http://www.lead-studie.de/


539 Cogn Affect Behav Neurosci (2018) 18:536–549 

to the probability of the reward, and θ represents the odds 
against receiving the probabilistic amount (θ = [1  − p]/p), 
where p is the probability of receipt. In the probability 
discounting for gains, risk-averse behavior is defined as the 
preference for the certain amount over the probabilistic one, 
reflected by larger k values. On the other hand, probability 
discounting for losses produces larger k values when partici
pants prefer the probabilistic offer over the certain one, there
fore, exhibiting a more risk-seeking behavior (Shead & 
Hodgins, 2009). 

The final task measuring loss aversion presented mixed 
gambles (MG; 40 trials), in which participants received a cred
it of €10 at the beginning of the game and then needed to 
decide whether to accept or reject an offer with a 50/50 chance 
of either gaining one amount of money or losing another 
amount (e.g., refusing to gamble or accepting a gamble that 
offered either winning €15 or losing €8). The amounts ranged 
from €1 to  €40 for gains and from – €5 to  – €20 for losses. The 
value function here was given by 

1
V ¼ ;

2ðG−λLÞ 

where V is the expected value of the gamble. The coefficient 1/ 
2 expresses a 50/50 chance of gaining or losing, G and L are 
the amounts of gains and losses, respectively, and λ is a mea
sure of behavioral loss aversion that can be computed as the 
ratio of the contributions of loss to gain magnitude in the 
participant’s decisions. Larger λ values indicate higher loss 
aversion and are produced when participants reject the gamble 
because they perceived high differences between gains and 
losses (Tom, Fox, Trepel, & Poldrack, 2007). 

In all tasks, the likelihood of choosing between the two 
offers followed a softmax probability function P(a1│ k, μ) 
= 1/(1 + exp[μ(V2 − V1)]), where V1 and V2 are the subjective 
values of the offers and μ > 0 serves as a consistency param
eter such that its large values correspond to a high probability 
of taking the most valuable action. The algorithm started from 
liberal prior distributions on the parameters and, after observ
ing a choice at each trial, updates the belief about the param
eters using the Bayes’s rule  P(k, μ| choice) ∝ P(choice| k, μ) 
P(k, μ). The procedure continued for 30 (40 inmixed gambles) 
trials to reach a stable estimation. The estimates at the final 
trial were considered the best-fitting parameters for a partici
pant. Further information is provided in Supplementary 
Material 2; details regarding the mathematical framework 
can be found in Pooseh, Bernhardt, Guevara, Huys, and 
Smolka (2018); and application of the battery in a clinical 
cohort is reported in Bernhardt et al. (2017). 

Summary statistics and pairwise correlations were calculat
ed using SPSS 22.0 (IBM-SPSS, Chicago, IL, USA) on the 
nonlogarithmic VBDM scores. To be used as regressors in the 
resting-state analysis (see the Single-Network Analysis 

section), the resulting main discounting parameters (k) were  
log-transformed in order to approximate them to a normal 
distribution. The mixed gambles parameter (λ) was normally 
distributed, therefore no transformation was necessary. To 
maximize the availability of the data, multiple imputation 
(MI; Little & Smith, 1987) was used to complete missing 
completely at random (MCAR) VBDM scores of nine partic
ipants  who  had  only  one incomplete subtest  and  
Winsorization (Dixon, 1960) was used to change one extreme 
score (see the Results section). These processes did not change 
the descriptive statistics of the main scores. 

MR data acquisition 

The scanning protocols were identical in both study centers. 
The scanning session took place during a second appointment. 
Six-minute resting-state fMRI scans were acquired on a 3-T 
whole-body Magnetom Trio Tim MRI Scanner (Siemens 
Medical, Erlangen, Germany) equipped with a 12-channel 
head coil using a single-shot gradient echoplanar imaging 
(EPI) sequence with a repetition time (TR) of 2.41 s, an echo 
time (TE) of 25 ms, a flip angle of 80°, field of view of 192 × 
192 mm, matrix size of 64 × 64 and voxel size of 3 mm × 
3 mm × 2 mm. A total of 148 resting-state volumes were 
acquired, each consisting of 42 transversal slices (2 mm thick, 
1-mm gap), tilted axially parallel to the anterior–posterior 
commissural line. For registration purposes, a T1-weighted 
high-resolution anatomic scan of the magnetization-prepared 
rapid gradient echo (MPRAGE) was acquired (TR = 1.90 s, 
TE = of 2.52ms, TI = 1,100 ms, flip angle of 9°, FOV = 256 × 
224 mm2, 192 slices, 1 mm × 1 mm × 1 mm voxel size, slice 
thickness of 1 mm, and no gap). Participants were given ear
plugs to protect hearing and foam pads to minimize head 
movement. They were instructed not to think about anything 
in particular and to lie as still as possible with their eyes 
closed. 

Image preprocessing The resting-state fMRI data were  
preprocessed using the Functional Magnetic Resonance 
Imaging of the Brain (FMRIB) Software Library (FSL 
Version  5.0.8,  www.fmrib.ox.ac.uk/fsl  ; Jenkinson,  
Beckmann, Behrens, Woolrich, & Smith, 2012). Because 
movement has a great impact on functional connectivity, 
DVARS (with D referring to the temporal derivative of the 
time courses and VARS referring to the RMS variance over 
voxels) and framewise displacement (FD; Power, Barnes, 
Snyder, Schlaggar, & Petersen, 2012) were calculated on the 
resting state data prior to any other preprocessing step with the 
tool fsl_motion_outliers. Participants whose sequences 
showed more than 10% of volumes over the 0.5% ΔBOLD 
for DVARS and/or over 0.5 mm for FD were excluded from 
the subsequent analysis (see Supplementary Material 1). 

http://www.fmrib.ox.ac.uk/fsl
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Preprocessing steps included motion correction with  
MCFLIRT, brain extraction of the EPI data with BET, spatial 
smoothing with a Gaussian kernel of full width at half maxi
mum of 5 mm and high-pass temporal filter at 100 s. 
Registration parameters were derived from nonsmoothed 
and nonfiltered data. For registration, the T1-weighted images 
were registered to a common stereotaxic space (MNI152; 
2 mm ×  2 mm × 2 mm spatial  resolution) using a  
12-degree-of-freedom nonlinear registration implemented in 
FNIRT (warp resolution: 10 mm) and then, each participant’s 
functional dataset was registered to their corresponding 
T1-weighted image using a 6-degree-of-freedom linear affine 
transformationwith FLIRT. After this process, all images were 
visually inspected to ensure the accuracy of the registration. 
Finally, FD measures were calculated again after preprocess
ing to ensure that the existing volumes with high motion were 
adequately handled by the motion correction algorithm. A 
more stringent cutoff was used with these data (FD ≥ 0.2 
mm). One participant who exhibited more than 10% of vol
umes over this threshold was discarded from the high-level 
analysis. 

Generation of intrinsic connectivity networks We used group 
probabilistic independent component analysis as implemented 
in MELODIC Version 3.14 (Beckmann & Smith, 2004) to  
generate a set of spatially independent components (IC). The 
first stage of this group process uses principal component 
analysis (PCA) to temporally demean and concatenate all 
datasets, treating them as if they were a huge single dataset. 
However, this stage becomes excessively computationally de
manding as the number of time points and participants in
creases. For this reason, we used the recently implemented 
MIGP algorithm (MELODIC’s Incremental Group-PCA; 
Smith, Hyvarinen, Varoquaux, Miller, & Beckmann, 2014), 
which has been shown to be more accurate than the current 
approaches used for multisubject resting-state studies with the 
advantage of having very low computing memory require
ments. Following the process, the data were whitened and 
projected into a 50 dimensional subspace, variance was nor
malized and finally the estimated intensity maps were divided 
by the standard deviation of the residual noise and thresholded 
by fitting a Gaussian/gammamixture model to the distribution 
of voxel intensities within spatial maps and controlling the 
local false discovery rate (FDR) at p < .5.  

Single-network analyses It should be noted that there is no 
current consensus about the ideal number of ICs, although 
the existing literature reports that higher dimensionalities pro
duce a better brain parcellation and subdivision of networks, 
whereas low-order models are useful for identifying large-scale 
brain networks (Ray et al., 2013). Following the suggestion of 
Szewczyk-Krolikowski et al. (2014), a model order of 
50 ICs (explaining 65% of the total variance) was found 

optimal  to  detect  the basal  ganglia  among other  13 
large-scale brain networks. Higher dimensionalities were also 
explored (70 ICs,  89  ICs),  without  any significant  
improvement. 

To identify participant-specific spatial maps and associated 
time courses of the 14 ICNs, we performed a dual regression 
approach (Beckmann, Mackay, Nicola, & Smith, 2009; 
Filippini et al., 2009). During the first stage of this regression, 
the group-level spatial maps representing the identified 14 ICNs 
were linearly regressed against the functional data of each partic
ipant, resulting in individual time series for every ICN (spatial 
regression). In the second stage, these time serieswere normalized 
and regressed against the resting state datasets of the 
corresponding participant (temporal regression) to estimate 
participant-specific voxel-to-network spatial maps of every net
work. To remove sources of spurious variance that might affect 
estimation of the participants’ ICNs, the six individual motion 
parameters obtained during motion correction and time courses 
of white matter and CSF were added as nuisance regressors dur
ing this stage (Cole et al., 2013; Klumpers et al., 2012). To extract 
these last time courses, individual white matter and CSF masks 
were generated from the structural images and transformed into a 
participant-specific functional space before extracting their corre
sponding time series (see Supplementary Material 3). 

This  dual  regression approach differs  from other  
group-ICA methodologies (e.g. Bback-projection^; Calhoun,  
Adali, Pearlson, & Pekar, 2001) in the way temporal and spa
tial dynamics at the subject level are estimated. In this method, 
the estimated spatial maps do not depend on the initial 
participant-specific major eigenspaces (PCA) and therefore, 
may lie outside the network’s boundaries (Beckmann et al., 
2009). The regression coefficients contained in the resulting 
spatial maps from dual regression represent the weighted 
voxels associated with specific signal variations for a specific 
network. The strength of the voxel-to-network connectivity is 
given by the value of these coefficients (Cole et al., 2013; 
Klaassens et al., 2016). 

Six ICNs were chosen as networks of interest due to their 
previously reported implication in decision making and relat
ed processes  (frontal,  default  mode, left  and  right  
frontoparietal, cingulo-opercular, and basal ganglia networks; 
Davis et al., 2013; Shannon et al., 2011; Tom et al., 2007; 
Zhou et al., 2014). The resulting participant-specific maps of 
every network were concatenated across participants and 
saved in 4D files. The six networks of interest were tested 
voxel-wise for associations with the behavioral scores, using 
a nonparametric test based on criteria of exchangeability 
(10,000 permutations as implemented in FSL–Randomise; 
Nichols & Holmes, 2002) that included one GLM for each 
networkwith all four VBDM scores (demeaned log k and λ), a 
dichotomous variable to control for scan site, and mean 
DVARS measures to account for BOLD changes associated 
with motion that could not be removed by regression of the 
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motion parameters. To assess the potential collinearity between 
the regressors of the model, we calculated the variance inflation 
factor (VIF). The highest VIF score (1.09) indicated that our 
model does not have a collinearity problem (VIF threshold = 5; 
Mumford, Poline, & Poldrack, 2015). A gray-matter mask was 
used during permutation testing. The results were identified using 
threshold-free cluster enhancement (TFCE; Smith & Nichols, 
2009). A multiple-comparison correction was carried out 
voxel-wise using FDR at a nominal significance level of q < 
.05, using the fdr command in FSL. This procedure yielded an 
adjusted threshold of p < .0077. Further correction was carried 
out to account for the 24 test performed (four VBDM scores and 
six ICN), setting the significant p < .0003. As we previously 
mentioned, our results were not restricted to the networks’ bound
aries, thus brain regions could exhibit significant changes in con
nectivity either inside or outside a given network (Reineberg, 
Andrews-Hanna, Depue, Friedman, & Banich, 2015). After per
mutation testing, the resulting significant regions indicated that 
the strength of the coupling between these regions and the tested 
network was associated with a given VBDM score. 

Results 

Behavioral results 

Summary statistics of the obtained VBDM scores, pairwise 
correlations, and the numbers of imputed and Winsorized 
scores are presented in Table 1. The resulting discounting 
parameters (k) for  delay discounting are comparable to those 
observed previously in healthy individuals, which are typical
ly lower than in those with substance use disorders (Amlung, 
Vedelago, Acker, Balodis, & MacKillop, 2017). Further anal
yses showed that the participants of the present study were 
more risk-averse for gains (probability discounting for gains), 
more risk-seeking for losses (probability discounting for 
losses), and more loss-averse (mixed gambles) than a sample 
of alcohol-dependent patients (Bernhardt et al., 2017). 

Table 1 Descriptive statistics and correlations between VBDM scores 

PDGk PDLk MGλ 

Median IQR ν p ν p ν p 

DDk 0.01 0.05 – . 01  . 88  – . 19  . 01  . 01  . 85  

PDGk 0.72 0.59 – – . 03  . 68  . 13  . 11  

PDLk 0.55 0.70 – – – – – . 23  <. 01  

MGλ 1.40 1.22 – – – – – – 

N = 145; IQR, interquartile range; ν, Spearman’s rank correlation coeffi
cient; DD, delay discounting PDG, probability discounting for gains; 
PDL, probability discounting for losses; MG,  mixed gambles. Imputed  
and Winsorized scores: DD (2), PDG (3), PDL (1/1), MG (3). 

Negative correlations between probability discounting for 
losses and delay discounting denoted that more risk-seeking 
(for losses) participants were more patient. Similarly, a nega
tive correlation between probability discounting for losses and 
mixed gambles indicated that more risk-seeking (for losses) 
participants were not influenced by the difference between 
gain and loss in making the gamble. 

We found no significant differences between the VBDM 
scores from the two research sites (see the supplementary 
material, Table S1). Additionally, we controlled for possible 
associations between VBDM scores and motion parameters, 
since a positive correlation between impulsivity and 
in-scanner motion has been reported in resting-state studies 
(Kong et al., 2014). The Spearman’s rank correlations 
resulting from these analyses were no higher than .06 (see 
the supplementary material, Table S2). 

Intrinsic connectivity network selection 

From the 50 initially estimated ICs, nine were identified as 
large-scale brain networks according to the templates from 
Smith et al. (2009), using a cross-correlation analysis imple
mented with the fslcc tool (see the supplementary material, 
Table S3). Five other ICs were also considered as plausible 
ICNs after visual inspection of the peak activations, inspection 
of plots of the time series obtained from the first stage of the 
dual regression, and comparison with other existing templates 
(Laird et al., 2011; Ray et al., 2013). The remaining 36 com
ponents were deemed movement artifacts, scanner drifts, and 
other activations of noninterest (i.e., white matter, CSF). 
Spatial maps of the 14 ICNs are described in Table 2 and 
presented in Fig. 2. 

VBDM scores and single network variations 

We found that increased connectivity between the DMN and 
the bilateral parahippocampal gyri was associated with higher 
risk seeking for losses, as measured with the probability 
discounting for losses task. The same scores were associated 
with higher connectivity between the DMN and both the right 
frontal pole and small clusters in the right inferior temporal 
gyrus and left orbitofrontal cortex (Fig. 3A, all ps < .0003, 
FDR-corrected). Moreover, increased connectivity between 
the left frontoparietal network and clusters located in the left 
occipital pole/cuneus and left lateral occipital cortex was also 
associated with higher probability discounting for losses 
scores (Fig. 3B, all ps < .0003, FDR-corrected). The complete 
results are presented in Table 3. 

No significant associations were found neither for the re
maining VBDM scores (delay discounting, probability 
discounting for gains, and mixed gambles) nor for the other 
selected ICN (frontal, basal ganglia, cingulo-opercular, or 
right frontoparietal). 
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Table 2 Intrinsic connectivity 
networks (ICNs) identified in a % Explained Variance ICN Name Regions 

sample of N = 145 participants 
Networks of Interest 

1.89 

2.01 

2.10 

2.13 

2.20 

2.22 

Other Networks 

2.10 

2.13 

2.22 

2.33 

2.35 

2.36 

2.48 

2.54 

Basal ganglia 

Left frontoparietal 

Right frontoparietal 

Frontal 

Cingulo-opercular 

Default mode 

Frontotemporal 

Cerebellar 

Medial visual 

Lateral visual 

High visual 

Dorsal attention 

Lateral sensorimotor 

Sensorimotor 

Thalamus, putamen and pallidum 

Left middle frontal gyrus, right and left inferior frontal 
gyrus, left inferior parietal lobule, left middle temporal 
gyrus and left angular gyrus 

Right IFG, right MFG, right inferior parietal lobule, 
right middle temporal gyrus, right and left angular gyrus 

Frontal pole, paracingulate gyrus 

Anterior insula, dorsal anterior cingular cortex, supramarginal 
gyrus, dorsolateral prefrontal cortex and thalamus 

Ventromedial PFC, precuneus, posterior 
cingulate cortex (PCC) and angular gyrus 

Inferior frontal gyrus, superior temporal gyrus 

Cerebellum 

Occipital pole, lingual gyrus 

Lateral occipital cortex and temporo-occipital cortex 

Cuneal cortex 

Lateral occipital cortex, superior parietal lobule 
and frontal eye fields (FEF) 

Postcentral gyrus, supplementary motor area 

Supplementary motor area, sensorimotor cortex 
and secondary sensorimotor cortex 

Networks are listed according to the percentage of explained variance. The regions forming a given ICN were 
identified using the Probabilistic Harvard–Oxford Cortical and Subcortical Structural Atlases. 

Discussion 

To our knowledge, this is the first study to investigate 
resting-state functional connectivity and its relation to a set 
of different value-based decision-making parameters. Our 
findings show that individuals who were more risk seeking 
for losses—that is, who prefer a larger but only probable loss 
to a smaller but certain loss (as measured with the probability 
discounting for losses task)—exhibited increased connectivity 
between the DMN and bilateral hippocampal gyri and frontal 
regions. Higher risk seeking for losses was also associated 
with greater connectivity between the left frontoparietal net
work, the occipital pole, and lateral occipital regions. 

The Bmedial temporal lobe subsystem^ of the DMN has 
been implicated  in  mnemonic  scene  construction  
(Andrews-Hanna, Reidler, Sepulcre, Poulin, & Buckner, 
2010), as well as in the integration of autobiographical memo
ries into current processing (Buckner, Andrews-Hanna, & 
Schacter, 2008). Along this line, research in economic decision 
making has already delineated a model involving the 
frontotemporal axis of the DMN as a binding neural pathway 
that connects internal memories with prospective actions 
(Buckner et al., 2008) and that might subserve self-related sim
ulations of future scenarios in which, for example, potential 
losses did not occur. Although the notion is speculative, the 

participation of mnemonic processes in risk-seeking (for losses) 
individuals may also be supported by increased connectivity 
between the DMN and the bilateral parahippocampal gyri 
(PHG), brain structures that are highly involved in contextual 
associations and episodic memory. In addition, the PHG show 
several anatomical and functional connections with anterior and 
posterior hubs of the DMN (Aminoff, Kveraga, & Bar, 2013). 
Even when memory and decision making are studied indepen
dently, there is unquestionable integration of both functions for 
decomposing the representations of past experiences and inte
grating them to future events, aiming to produce adaptive be
haviors (Murty, FeldmanHall, Hunter, Phelps, & Davachi, 
2016). Given the complexity of these functions, our findings 
do not allow us to draw strong conclusions about their associ
ation, but they encourage future research to study the interplay 
between memory and risk-seeking choices. 

Higher risk seeking for losses is also associated with in
creased coupling between the DMN, the frontopolar cortex, 
and small clusters located in left orbitofrontal regions. In this 
regard, neuroeconomic research has described specialized 
neurons within the OFC that appear to code the value of an 
expected reward and, in this way, guide behavior toward more 
advantageous options (Schoenbaum, Takahashi, Liu, & 
McDannald, 2011). Similarly, task-based fMRI has shown 
that the coupling between frontal DMN areas and the frontal 
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Fig. 2 Spatial maps of the 14 ICNs listed in Table 2, displayed  in  
neurological orientation (right = right) and thresholded at z ≥ 4. The z-
scoring was carried out on the group ICs by dividing the voxel-wise 
estimated spatial maps by the standard deviation of the residual noise 

pole provides information about the value of unchosen options 
and represents the value that these options might have in the 
near future (Rushworth et al., 2011). 

Finally, our findings showed that higher risk seeking for 
losses modulated the coupling between the left frontoparietal 
network and occipital regions. This network has typically 
been associated with risk taking and impulsiveness in both 
task-based and resting-state studies (Vaidya & Gordon, 
2013; Weber & Huettel, 2008), as well as with adaptive con
trol and flexibility (Dosenbach et al., 2007). In the present 
study,  the biggest  cortical  area  connected with the 
frontoparietal network was the left occipital pole/cuneus, 
which is mainly involved in basic visual processing 
(Grill-Spector & Malach, 2004). Further studies have related 

(Beckmann & Smith, 2004). The networks of interest are depicted at 
the top of the image. Brain areas were identified using the Harvard– 
Oxford Cortical and Subcortical Structural Atlases. 

the activity of this area with behavioral engagement (Zhang & 
Li, 2012) and risk-taking reactivity, especially in adolescents 
(Tamura et al., 2012) and in pathologies with aberrant decision 
making (Crockford, Goodyear, Edwards, Quickfall, & 
el-Guebaly, 2005). Similar to our findings, Tamura et al. 
(2012) reported greater activation of the cuneus in response 
to the observation of high risk-taking actions in late adoles
cents. Despite their existing methodological differences (i.e., 
resting-state, task-based fMRI), these studies suggest potential 
implications of the visual system in the expression of more 
risk-seeking behaviors in young individuals. 

Prior research has investigated the relation between RSFC 
and risky behaviors only in the gain domain (i.e., risky choices 
to obtain higher gains). However, our study presents a 
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Fig. 3 Higher risk seeking for losses (measured with the probability 
discounting for losses task) was associated with increased functional 
connectivity between (A) the default mode network (DMN) and the bi
lateral parahippocampal gyri (PHG), right frontal pole (FP), right inferior 
temporal gyrus (ITG), and left orbitofrontal cortex (OFC); and (B) the left 
frontoparietal network (FPN) and the left occipital pole/cuneus and lateral 
occipital cortex (LOC). In all brain figures, the DMN and left FPN re
gions are displayed in orange in the online version of the figure, and the 
significant clusters are shown in red. The scatterplots below the brain 

figures show the PDL scores (in a logarithmic scale on the x-axis), and 
the parameter estimates (BP.E^) of the significant clusters extracted from 
the participant-specific DMN and left FPN (in arbitrary units on the y-
axis). The brain figures are displayed from the anterior to the posterior 
coronal plane in neurological orientation, with MNI coordinates (Y) next  
to each brain figure. Significant clusters are displayed at p < .0003, false 
discovery rate (FDR) corrected at q < .05 and adjusted for 24 tests. The 
brain areas were identified using the Harvard–Oxford Cortical and 
Subcortical Structural Atlases. 
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Table 3 Higher risk seeking for losses (probability discounting for losses task) was associated with increased functional connectivity between two 
ICNs and the following brain regions 

MNI Coordinates (COG)


ICN Region N° Voxels X  Y Z  *t 


Default mode	 Right PHG 148 20 4 – 32 3.99 

Left PHG 98 – 18 2 – 32 4.20 

Right FP 36 40 52 – 14 5.14 

Right ITG 9 60 – 8 – 38 3.54 

Left OFC 7 – 20 34 – 22 3.80 

Left OFC 6 – 14 34 – 22 4.03 

Leftfrontoparietal	 Left OP/cuneus 46 – 8 – 90 28 5.27 

Left LOC 16 – 38 – 78 – 20 4.95 

Left LOC 9 – 48 – 80 – 14 3.63 

PHG, parahippocampal gyrus; FP, frontal pole; ITG, inferior temporal gyrus; OFC, orbitofrontal cortex; OP, occipital pole; LOC, lateral occipital cortex; 
COG, center of gravity. MNI coordinates and regions were identified using the Probabilistic Harvard–Oxford Cortical and Subcortical Structural Atlases. 
* Uncorrected t statistics within regions. All significant clusters correspond to an adjusted value of p < .0003, computed using the false discovery rate 
(FDR) at q < .05 and corrected for 24 tests (six networks and four VBDM scores; original threshold: p < .0077). 

different approach in which risk seeking for gains and losses 
was assessed separately according to the well-grounded pros
pect theory (Kahneman & Tversky, 1979). This theory de
scribes how risk is evaluated when potential gains or losses 
are involved. In the gain domain, the observation that the 
value of a gain is discounted (i.e., less attractive) due to the 
risk of not receiving it has been termed risk seeking for gains. 
In the loss domain, the value of a loss is similarly discounted 
when a probability is added. However, due to the prospect of 
losing nothing at all, the discounted offer is perceived as the 
more attractive one and has a higher likelihood to be chosen. 
Therefore, this behavior has been termed risk seeking for 
losses. Usually, risk seeking for gains is interpreted as a facet 
of impulsivity and has been associated with mental disorders. 
Risk seeking for losses, on the other hand, indicates instead 
how susceptible individuals are to certain negative outcomes 
and how eager they are to avoid them. Increased risk seeking 
for losses therefore presents a more anxious decision-making 
style that may be understood as being opposite to an impulsive 
style. Data from our lab support this reasoning by showing 
that patients who suffer from alcohol use disorder exhibit in
creased risk seeking for gains and reduced risk seeking for 
losses (Bernhardt et al., 2017). In summary, we believe that 
impulsive choices in the gain and loss domains are character
ized by increased risk seeking for gains but reduced risk seek
ing for losses. 

Perhaps the above-mentioned differences between gains 
and losses played a role in the lack of connectivity changes 
in the networks comprising cortico-striatal and dopaminergic 
circuits, which are generally involved in impulsivity and 
reward-related behaviors (Baik, 2013; Weiland et al., 2014). 
For instance, connectivity changes in key regions of the basal 
ganglia and the cingulo-opercular network have previously 

been reported in both risk-taking and risk-averse behaviors 
(Cox et al., 2010; DeWitt et al.,  2014), but changes in these 
networks were not evident in our study. Likewise, the relation 
between delay discounting, probability discounting for gains, 
and RSFC seems to be stronger in conduct and addiction 
disorders (Wei et al., 2016; Zhu, Cortes, Mathur, Tomasi, & 
Momenan, 2015), but more sensitive techniques seem to be 
necessary for the detection of such differences in healthy sam
ples. Nevertheless, our results provide, for the first time, in
sight into the brain’s functional architecture that may underlie 
risk seeking with respect to losses in healthy young males. 

Limitations 

Our results must be viewed in light of several limitations. Our 
group-level analysis was carried out using nonparametric per
mutation testing, a method that provides an effective control 
for Type I error rates (Eklund, Nichols, & Knutsson, 2016), 
while requiring minimal assumptions about the data for valid 
statistical inference (Nichols & Holmes, 2002). Even when 
these facts favored the use of permutation tests with our data 
(Beckmann et al., 2009), we are aware that the biggest disad
vantage of this method is weak control of outlying data points, 
as was recently shown by Mumford (2017). Another factor to 
consider is that the cluster sizes reported for three brain re
gions were smaller than the recommended k = 10 (Lieberman  
& Cunningham, 2009), as a result of the conservative statisti
cal threshold applied. Therefore, for completeness, we report
ed all clusters that passed correction for multiple testing, but 
refrained from deep discussion of the results where the clus
ters contained fewer than ten voxels. Finally, our sample was 
restricted to a population of healthy, 18-year-old participants. 
Thus, it  remains unclear whether our results  can be 
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generalized to older or younger individuals. Moreover, our 
sample was restricted to male participants. Existing studies 
have  described  remarkable gender  differences  in  
risk-seeking behaviors (Ball et al., 1984) and associated neg
ative consequences (Turner & McClure, 2003), but, to date, 
only the study of Zhou et al. (2014) has addressed gender 
functional connectivity differences linked to risk-seeking be
havior. Therefore, we believe that future decision-making re
search will benefit from the inclusion of both genders and 
different age ranges. 

Conclusion 

In summary, delay-averse, risk-averse for gains, and 
loss-averse behaviors did not influence the functional connec
tivity of large-scale brain networks in our sample, whereas 
risk seeking (as measured by probability discounting for 
losses), modulated the expansion of the default mode and left 
frontoparietal network to their adjacent areas, particularly 
those areas relevant for self-oriented prospective thinking, af
fective decision making, and visual processing. These find
ings suggest that distinct connectivity patterns of large-scale 
brain networks may underlie individual differences in decision 
making in healthy populations, and they strengthen the role of 
RSFC as a potential biomarker of different VBDM facets. 
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