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The default mode network (DMN) has been theorized to participate in a range of social, cognitive, and affective functions. Yet, previous accounts do not consider how 

the DMN contributes to other brain regions depending on psychological context, thus rendering our understanding of DMN function incomplete. We addressed this 
gap by applying a novel network-based psychophysiological interaction (nPPI) analysis to the reward task within the Human Connectome Project. We first focused 
on the task-evoked responses of the DMN and other networks involving the prefrontal cortex, including the executive control network (salience network) and the 
left and right frontoparietal networks. Consistent with a host of prior studies, the DMN exhibited a relative decrease in activation during the task, while the other 
networks exhibited a relative increase during the task. Next, we used nPPI analyses to assess whether these networks exhibit task-dependent changes in connectivity 
with other brain regions. Strikingly, we found that the experience of reward enhances task-dependent connectivity between the DMN and the ventral striatum, an 
effect that was specific to the DMN. Surprisingly, the strength of DMN-VS connectivity was correlated with personality characteristics relating to openness. Taken 
together, these results advance models of DMN by demonstrating how it contributes to other brain systems during task performance and how those contributions 
relate to individual differences. 
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. Introduction 

A cardinal goal of neuroscience relates to characterizing how func-
ional integration organizes discrete brain regions into cohesive net-
orks that shape behavior ( Park and Friston, 2013 ). Several dis-

inct networks have been identified in both resting and task states
 Smith et al., 2009 ). Of these networks, the default mode network
DMN) —including the posterior medial cortex, medial prefrontal cor-
ex, and lateral temporal-parietal regions —may be unique in its elevated
aseline energy consumption ( Buckner et al., 2008 ; Buckner and DiNi-
ola, 2019 ; Raichle et al., 2001 ). Numerous studies, particularly ear-
ier ones, noted that activation of the DMN appears to be highest when
articipants are engaged in inward-directed thought and lowest when
articipants are engaged in externally-directed tasks requiring focused
ttention ( Hasenkamp et al., 2012 ; Hayden et al., 2009 ; Scheibner et al.,
017 ). In addition, while DMN has been shown to be engaged in a num-
er of task-related behaviors with increases in neural activity in response
o these behaviors ( Smallwood et al., 2021 ), the degree of task-related
eactivation has been linked to performance ( Anticevic et al., 2010 ;
atansever et al., 2015 ), suggesting a key role for the DMN in shaping
ehavior. Despite these advances, we still know very little about how
ask-related changes in DMN are linked to changes in effective connec-
ivity with other brain regions. 

Some studies have begun to point to a key link between the DMN and
he striatum. For example, one study using physio-physiological interac-
ion analyses demonstrated that the striatum interacts with the salience
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etwork and the DMN ( Di and Biswal, 2014 ). Other studies have shown
hat striatal dopamine levels are linked to the magnitude of DMN de-
ctivation during visuospatial attention ( Tomasi et al., 2009 ) and tasks
equiring cognitive flexibility ( Dang et al., 2012 ). In addition, DMN re-
ponses have also been associated with gamma oscillations in the stria-
um, which may serve to facilitate switching between externally-driven
nd internally-driven brain states ( Nair et al., 2018 ). While these obser-
ations illustrate some indirect relationships between the DMN and the
triatum, it remains unclear whether there are contributions from the
MN to the striatum during a task. Observing this type of effective con-
ectivity would lend support to the emerging idea that a key function of
he DMN resides with guiding goal-directed behavior and value-based
ecision making ( Dohmatob et al., 2020 ). 

To further investigate DMN-striatum connectivity in healthy individ-
als, we examined connectivity with the DMN during a reward process-
ng task. Thus, our analyses focused on two key questions. First, does the
eceipt of reward drive connectivity between the DMN and striatum?
e hypothesized that the psychological context of reward consumption
ould alter effective connectivity between the DMN and the striatum.
ue to previous studies showing DMN to overlap with regions involved

n value computation, as during reward processing ( Acikalin et al., 2017 ;
usnard et al., 2001 ), we expected to observe increased coupling be-

ween the DMN and the striatum. We used data from the Human Connec-
ome Project and applied a network-based psychophysiological interac-
ion (nPPI) analysis ( Fareri et al., 2020 ; Utevsky et al., 2017 ). This ana-
ytical approach merges canonical psychophysiological interaction (PPI)
mith@temple.edu (D.V. Smith) . 
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nalysis ( Friston et al., 1997 ; McLaren et al., 2012 ; Smith et al., 2016 )
ith dual-regression analysis ( Filippini et al., 2009 ; Nickerson et al.,
017 ; Smith et al., 2014 ) to assess how networks interact with other
egions as a function of task context. 

Second, if there is reward-dependent connectivity between the DMN
nd striatum, is it associated with behavior and personality character-
stics that are functionally relevant to reward processing? Many stud-
es have investigated the function of DMN through the lens of individ-
al differences and linked certain personality characteristics to brain
egions related to dopaminergic circuits ( Käckenmester et al., 2019 ;
assamonti et al., 2015 ). Similarly, numerous studies have linked the
MN to specific personality factors ( Cai et al., 2020 ; Markett et al., 2018 ;
ostro et al., 2018 ) and to openness specifically ( Beaty et al., 2016 ;
arstrand-Joergensen et al., 2021 ; Simon et al., 2020 ), a personality

actor linked to sensation seeking and new experiences. We thus exam-
ned whether Neuroticism-Extraversion-Openness Five-Factor Inventory
NEO-FFI) is associated with reward-dependent connectivity strength
ith DMN. In addition, we examined the association between reward-
ependent connectivity strength with DMN and delayed discounting
ince previous work showed that the ability to wait for a larger reward
s positively associated with mind-wandering ( Smallwood et al., 2013 ),
 behavior that characterizes DMN. 

. Methods 

.1. Participants 

We obtained behavioral and neuroimaging data of 495 ran-
omly selected subjects from the Human Connectome Project (HCP;
ww.humanconnectome.org), an open-access database aimed at col-

ecting healthy participant data from over 1200 people. Although recent
ork has shown that effect sizes for reward-related striatal activation

n the HCP is modest with a median d = 0.40 ( Poldrack et al., 2017 ),
e anticipated effect sizes associated with connectivity would be much

maller. Yet, even with a smaller expected effect size, we reasoned that a
ubsample of at least 376 participants would be sufficient for detecting
mall effects ( d = 0.20) with 90% power and a two-sided paired t -test
ith alpha = 0.01. While less is known about the effect sizes for individ-
al differences in brain-behavior relationships, there is good reason to
elieve such effects are generally small. For example, a recent exami-
ation of 87 meta-analyses on individual differences revealed a median
 = 0.19 ( Gignac and Szodorai, 2016 ). Detecting this effect with 90%
ower and alpha = 0.01 would require at least 405 participants. Within
ur subsample of 495 participants, ages ranged from 22 to 35 years old
 Barch et al., 2013 ). 

Because of technical difficulties and excessive head motion, 457 out
f the 495 downloaded subjects were used in the final analysis (see be-
ow for details). Within this sample, familial relationships (e.g., twins,
iblings, etc.) were unknown for 4 individuals [including one partici-
ant without NEO (Neuroticism, Extraversion, Openness) data]; these
articipants were excluded from our analysis since it was impossible to
ccount for family structure ( Winkler et al., 2014 ). After all exclusions,
ur final sample consisted of 453 participants (females = 270). 

All participants provided written informed consent in accordance
ith local Institutional Review Board policies. In addition, we also re-

eived permission to analyze the data in accordance with HCP ethics
rinciples. 

.2. Behavioral paradigm 

Participants completed a card-guessing task adapted from previous
ork ( Delgado et al., 2000 ) where they had to guess whether the num-
er on a facedown card was higher or lower than 5. Following their
esponse, participants were presented with one of three feedback op-
ions: 1) a green up arrow indicating a correct guess resulting in a gain
f $1.00; 2) a red down arrow indicating an incorrect guess resulting
2 
n a loss of $0.50; or 3) a gray double-headed arrow for neutral tri-
ls. Stimuli were presented in blocks of eight trials. Trial blocks were
ither mostly reward or mostly loss, including six of the main condi-
ions and two randomized trials from the remaining conditions. Each
ask block lasted 28 s and was separated by fixation blocks lasting 15 s.
wo runs were completed, composed of 2 mostly reward, 2 mostly loss,
nd 4 randomly placed fixation blocks. The facedown card with a “? ”
as presented for up to 1.5 s, with 1 s allotted for feedback and a 1 s

nter-trial interval for the presentation of a fixation cross. All partici-
ants received standardized monetary compensations after completing
he task. See Barch et al. (2013) for more details. 

.3. fMRI preprocessing 

Our data preprocessing and analysis was carried out using FMRIB
oftware Library tools (v6.00; www.fmrib.ox.ac.uk/fsl ). For the analy-
es in the current paper, we used the minimally preprocessed data, the
nd product of the volume-based fMRI pipeline, which were motion cor-
ected and normalized to the MNI template ( Glasser et al., 2013 ). We
xcluded 31 subjects whose average relative volume-to-volume motion
ualified as an outlier relative to other subject; we identified outlier sub-
ects using a standard boxplot threshold (i.e., the 75th percentile plus
.5 ∗ Interquartile Range (IQR); IQR for right-to-left phase encoding scan:
.154; IQR for left-to-right phase encoding scan: 0.174). We excluded
n additional 7 subjects due to technical difficulties (e.g., corrupt down-
oads). 

Further, we removed the first 15 vol to achieve steady state magne-
ization, and applied spatial smoothing with a 4 mm full-width at half-
aximum (FWHM) Gaussian kernel. The output of the preprocessing
as further processed with ICA-AROMA ( Pruim et al., 2015 ), which re-
oved motion components from the dataset. Although the details of the

CA-AROMA approach are contained in the original report ( Pruim et al.,
015 ), we briefly reproduce the key details here. First, we conducted
 probabilistic independent component analysis (ICA) ( Beckmann and
mith, 2004 ) as implemented in MELODIC (Multivariate Exploratory
inear Decomposition into Independent Components) Version 3.10, part
f the FSL software package, for each participant. Prior to estimating
ach ICA, the input data were demeaned and the variance was normal-
zed across voxels. The number of dimensions (i.e., the number of com-
onents) was estimated using the Laplace approximation to the Bayesian
vidence of the model order ( Beckmann and Smith, 2004 ). The whitened
bservations were then decomposed into sets of vectors that describe
ignal variation across the temporal domain (time-courses) and across
he spatial domain (maps) by optimizing for non-Gaussian spatial source
istributions using a fixed-point iteration technique (Hyvarinen, 1999).
e then normalized the estimated component maps by dividing the
aps by the standard deviation of the residual noise and threshold us-

ng a mixture-modeling approach that gives equal weight to false nega-
ives and false positives ( Beckmann and Smith, 2004 ). Normalized and
hresholded component maps were then submitted to a classifier to au-
omatically label components as signal and head motion ( Pruim et al.,
015 ). As detailed in the original ICA-AROMA paper, this approach as-
umes that independent components labeled as motion will exhibit edge
rtifacts (i.e., ringing), shared variance with head motion parameters,
nd/or activation in white matter and cerebral spinal fluid. Finally, in-
ependent components labeled as motion were then filtered from each
ataset using regression ( Pruim et al., 2015 ). After ICA-AROMA, the de-
oised dataset was further temporally filtered (high-pass temporal fil-
ering 90 s) prior to statistical analysis. 

.4. fMRI analysis 

Statistical analysis was carried out using general linear mod-
ls (GLMs) with pre-whitening and local autocorrelation correction
 Woolrich et al., 2001 ). We specifically examined GLMs to assess ac-
ivation and connectivity associated with the task. 

http://www.fmrib.ox.ac.uk/fsl
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Our GLM assessing activation consisted of two regressors corre-
ponding to reward and punishment blocks (duration = 28 s). Each task
egressor was convolved with a double-gamma representing the hemo-
ynamic response function. Our primary contrast vectors quantified the
elative activation for reward compared to punishment. 

We extended this GLM-based approach to assess psychophysiological
nteractions (PPI) linked to task-dependent connectivity ( Friston et al.,
997 ). We note that, unlike functional connectivity analyses —which
ould reflect changes in another connection, observational noise, or neu-
onal fluctuations ( Friston, 2011 ) —PPI is a simple test for effective con-
ectivity. Indeed, PPI analyses are based on an explicit linear model of
oupling between one or more brain regions. As described in detail else-
here ( Friston et al., 1997 ; Smith et al., 2016 ), this PPI model allows

esearchers to test for directed changes in connectivity by establishing
 significant interaction between the seed region (or network) and the
sychological context (e.g., reward relative to punishment). Although
he direction of the change is explicitly specified in the model, we ac-
nowledge that the post hoc interpretation of the results can be ambigu-
us and can be further refined with dynamic causal modeling and then
onducting Bayesian model comparisons ( Friston, 2009 ; Friston et al.,
003 ). 

We estimated four separate network PPI (nPPI) models. Our pri-
ary model was focused on task-dependent changes in connectivity
ith the DMN. In addition, we also estimated three additional nPPI
odels using networks linked to cognition and executive function: ex-

cutive control network (ECN), left fronto-parietal network (lFPN), and
ight fronto-parietal network (rFPN). All networks were taken from prior
ork ( Smith et al., 2009 ). Each model used the generalized PPI model
 McLaren et al., 2012 ) with a total of 14 regressors: network time course,
eward x network time course interaction, and punishment x network
ime course interaction, and the time courses of nine additional net-
orks identified in prior work ( Smith et al., 2009 ). Including the time

ourses of these additional networks controls for the influence of other
etworks and renders more accurate estimates of effective connectivity
 Friston, 2011 ). 

To average contrast estimates over runs within each subject, we
arried out a fixed effects analysis by forcing the random effects vari-
nce to zero in FLAME (FMRIB’s Local Analysis of Mixed Effects)
 Beckmann et al., 2003 ; Woolrich et al., 2004 ). We assessed statistical
ignificance of group results using PALM (permutation analysis of linear
odels), a nonparametric permutation-based cluster-extent threshold-

ng method, with 5000 random permutations and with cluster-forming
hreshold set to z > 2.3 ( Eklund et al., 2016 ; Winkler et al., 2014 ). We
pecifically used PALM because it allowed us to control for family struc-
ure, account for the effects of heritability that would make data points
rom related individuals non-independent, and restricts the number of
imes data can be permuted. 

.5. Network identification and extraction 

To obtain an independent estimate of network connectivity during
eward processing, we used the network maps from Smith et al. (2009) .
s detailed in the original paper ( Smith et al., 2009 ), these maps
ere created using a spatial ICA of resting-state data, which were then
atched via correlation to task-based networks that emerged from ac-

ivation coordinates. These maps are continuous (I.e., they are not
estricted to discrete regions) and are thus perfect inputs into dual
egression analysis ( Nickerson et al., 2017 ). To extract whole-brain
ime courses associated with each RSN, we ran spatial regression.
patial regression was performed as part of dual-regression analysis
e.g. ( Filippini et al., 2009 ; Gordon et al., 2012 ; Smith et al., 2015 ;
mith et al., 2014 ). The first step of the dual-regression analysis re-
resses the functional data of each participant (input) onto a set of
patial maps (RSNs from prior work in our case; Fig. 1 ). Each of these
patial regressions results in an estimated time course of activation for
ach network (output). In the second step of the dual regression, these
3 
ime courses (input) are then used as the “physiological ” regressors in
 conventional PPI model (as described below), which allows us to test
pecific hypotheses about task-dependent connectivity with each net-
ork of interest, such as the DMN (output). We note that this pro-

ess can alternatively be run with group-level ICA maps, rather than
aps from another study. Although maps derived from a group-level

CA can offer additional denoising ( Nickerson et al., 2017 ), our prior
ork has shown a great deal of similarity between results derived from

he Smith et al. (2009) maps and a group-level ICA ( Smith et al., 2014 ;
areri et al., 2021). 

In addition, we conducted a control seed-based PPI analysis to de-
ermine if a particular seed contributes to the observed DMN-VS con-
ectivity. We used representative nodes of the DMN by identifying the
eaks within the network map ( Smith et al., 2009 ). These peaks were
ocated in the ventromedial PFC (VMPFC), posterior cingulate cortex
PCC), and left and right temporo-parietal junction (lTPJ and rTPJ, re-
pectively); and each peak served as a seed region in a conventional
eed-based PPI analysis. 

.6. Individual differences data 

HCP provides rich behavioral data related to personality factors and
ognition. However, we decided to focus on data related to impulsiv-
ty and personality as these constructs have been previously shown to
e associated with DMN (e.g., ( Cai et al., 2020 ; Sampaio et al., 2014b )).
o examine whether DMN connectivity during reward processing would
how an association with cognitive and personality constructs, we per-
ormed multiple regression analysis between behavioral measures ob-
ained outside of the scanner and connectivity results. Specifically, we
xamined impulsivity as assessed by delayed discounting task and per-
onality as assessed by Neuroticism-Extroversion-Openness Five Factor
nventory (NEO-FFI). We used area-under-the-curve discounting mea-
ure from the delayed discounting task as it provides a summary mea-
ure about the degree one discounts delayed rewards. From the NEO-
FI, a validated personality inventory ( Costa and McCrae, 2008 ), we
sed subscales that assess individual’s degree of agreeableness, open-
ess, conscientiousness, neuroticism, and extraversion. While the re-
ression analysis focused on NEO-FFI and delayed discounting, in ad-
ition to NEO-FFI and discounting measures, the regression included
ean relative motion and VS activation associated with positive vs. neg-

tive reward presentation to control for the effect of these parameters
n the model. These independent variables were all entered together
n one step with DMN-VS connectivity as dependent variable. Thus,
he regression included mean relative motion, NEO-FFI (agreeableness,
penness, conscientiousness, neuroticism, extraversion), and discount-
ng measures. 

. Results 

.1. Reward-Related activation 

As a manipulation check, we examined whether there is differen-
ial activation in the striatum during reward processing. Consistent
ith prior studies using the card task (e.g., ( Delgado et al., 2000 ;
ricomi et al., 2006 ), we observed that the receipt of reward in com-
arison to punishment, evoked greater activation in the striatum and
ther regions ( p > .001, z > 3.1, corrected for multiple comparisons;
able 1 ). This finding also furthers previously reported results from the
CP data ( Barch et al., 2013 ). No regions survived the threshold during

he punishment vs. reward comparison. 
We also examined how reward and punishment modulated re-

ponses of the DMN. To do this, we extracted the network responses
sing the spatial regression component of dual regression analysis
 Dominic S Fareri, et al., 2020 ; Nickerson et al., 2017 ; Smith, et al.,
015 ). To facilitate comparison with other studies, this spatial regres-
ion utilized unthresholded whole-brain spatial maps from prior work
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Fig. 1. Analysis schematic. Our network psy- 
chophysiological interaction analysis (nPPI) 
approach builds off of the dual-regression ap- 
proach in that in consists of two key stages. 
In the first stage, the functional data from 

each participant is regressed onto a set of spa- 
tial maps reflecting common networks found 
in both resting-state and task-based data. This 
spatial regression results in a set of subject- 
specific temporal dynamics for each network. 
Note that the spatial maps shown here are de- 
rived from prior work ( Smith et al., 2009 ). In 
the second stage, the temporal dynamics for 
each network are included in standard gen- 
eral linear model along with the task regressors 

(temporal regression). Regressors corresponding to psychophysiological interaction terms are created by multiplying each task regressor by the network of interest 
(i.e., default mode network). 
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 Smith et al., 2009 ). Importantly, the resulting time courses (network
esponses) are derived without knowledge of our task structure and
ence there can be no concern regarding circularity ( Nickerson et al.,
017 ). Network responses were then regressed onto a model contain-
ng the predicted hemodynamic responses for reward and punishment
locks. Consistent with prior work, we found that the DMN was strongly
eactivated during the task ( Fig. 2 ; t(453) = − 75.31, p < .0001), but
he magnitude of deactivation did not significantly differ between re-
ard and punishment blocks (t(453) = 1.35, p = .1792). For complete-
ess, we also assessed task-related responses in other networks that have
een theorized to play and antagonist role with the DMN ( Fox et al.,
005 ; Uddin et al., 2009 ). These networks included the executive con-
rol network (ECN) and the left and right frontoparietal networks (lFPN
nd rFPN). Each of these networks exhibited a positive response to the
ask (ECN: t(453) = 2.37, p = .0184; lFPN: t(453) = 24.11, p < .0001;
FPN: t(453) = 37.57, p < .0001). Although the response to reward rela-
ive to punishment was larger in the ECN (t(453) = 3.52, p = 4.7838e-
4) and the lFPN (t(453) = 4.71, p = 3.3716e-06), we found that the
FPN exhibited a larger response to punishment compared to reward
t(453) = − 2.55, p = .0110). While some reward-related processes have
een shown to be lateralized in some contexts ( Palminteri et al., 2009 ),
uch differences are beyond the scope of our paper, as they could be
riven by the single-handed button-press response procedure in the
CP. 

.2. Reward enhances coupling between the DMN and ventral striatum 

Using the nPPI analysis, we examined reward-dependent con-
ectivity of the DMN and the DMN showed increased connectiv-
ty with the left ventral striatum (VS) during the receipt of re-
ard ( M = 0.79, S.E.M. = 0.19) relative to punishment ( M = − 0.77,
.E.M. = 0.20) ( Fig. 3 ). Additionally, the DMN showed significant con-
Table 1 

Brain regions showing greater activation to reward vs. p

Region Number of Voxels H

Occipital Pole 23,088 R
Ventral Striatum 4560 R
Dorsomedial Prefrontal Cortex 2266 L
Supramarginal gyrus 157 L
Amygdala/parahippocampal gyrus 114 L
Supplementary Motor Area 107 L
Posterior Lobe, Cerebellum 83 R
Paracingulate gyrus 65 L
Putamen 48 R
Parahippocampal Gyrus 48 L
Parahippocampal Gyrus 39 R
Middle Temporal Gyrus 39 R
Caudate Tail 33 R
Putamen 32 R

4 
ectivity with the occipital pole and occipital fusiform gyrus. This result
dds to a growing body of work indicating that the DMN is not simply a
ask-negative network ( Spreng, 2012 ), but suggests that the DMN inter-
cts with other brain regions engaged in task performance, specifically
he striatum during reward processing in the current analysis. 

Since the DMN has been shown to contribute to a spectrum of be-
aviors and psychological processes, we evaluated the functional signif-
cance of DMN-VS connectivity by assessing whether discounting and
ersonality measures are significant predictors of DMN-VS connectiv-
ty. Results of the linear regression ( Table 2 ) indicated that delayed dis-
ounting was not a significant predictor of DMN-VS connectivity. How-
ver, the constructs of openness ( 𝛽 = 0.138, p = .004) and agreeableness
 𝛽 = − 0.124, p = .02) from NEO-FFI were significant predictors of DMN-
S connectivity. The NEO-FFI factor of openness has been shown to
e related to sensation seeking and to reflect openness to experience,
ith low and high openness being characteristic of psychiatric disor-
ers ( Piedmont et al., 2009 ; Whiteside and Lynam, 2001 ). While there
as been substantial research into the relationship of impulsivity (as
easured by delayed discounting) with brain activity and connectivity

 Chen et al., 2017 ) ( Hobkirk et al., 2019 ; Li et al., 2013 ), investigations
f the relationship between personality characteristics and brain activ-
ty/connectivity are in its early stages. 

To examine whether our result of DMN-VS connectivity depends
n the DMN being a continuous network, we conducted a follow up
eed-based PPI analyses using representative nodes of the DMN. Specif-
cally, we used the ventromedial PFC (VMPFC), posterior cingulate cor-
ex (PCC), and left and right temporo-parietal junction (lTPJ and rTPJ,
espectively) as seeds. These four additional PPI analyses failed to reveal
eward-dependent connectivity between individual DMN seeds and the
S, indicating that the relationship between the DMN and the VS de-
ends critically upon analyzing the DMN as a continuous network (cf.
mith et al., 2014 ). 
unishment. 

emisphere Z-stat Peak X Peak Y Peak Z 

 16.1 14 − 96 18 
 9.58 6 14 − 2 
 7.35 − 44 8 32 
 4.66 − 50 − 48 16 
 4.75 − 30 − 10 − 14 
 5.1 − 6 6 56 
 6.14 20 − 42 − 46 
 4.34 − 8 24 44 
 4.96 28 − 12 10 
 5.19 − 16 − 30 − 6 
 4.94 8 − 32 − 4 
 4.39 48 − 10 − 14 
 4.49 22 − 18 24 
 4.77 32 − 10 − 10 
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Table 2 

Multiple regression analysis results predictors. 

Beta t p 

NEO-FFI Agreeableness − 0.124 − 2.404 0.017 

NEO-FFI Openness to Experience 0.138 2.881 0.004 

NEO-FFI Conscientiousness 0.043 0.803 0.422 
NEO-FFI Neuroticism − 0.045 − 0.841 0.401 
NEO-FFI Extraversion 0.036 0.676 0.499 
Delay Discounting Area Under the Curve for $200 0.031 0.48 0.631 
Delay Discounting Area Under the Curve for $40,000 − 0.035 − 0.548 0.584 
Pos > Neg activation 0.022 0.468 0.64 
Mean Relative Motion − 0.03 − 0.626 0.532 

Fig. 2. Network responses to reward and punishment. We used spatial maps 
from prior work ( Smith et al., 2009 ) to serve as networks in the current study 
(top: unthresholded maps with red depicting positive weighting and blue depict- 
ing negative weighting). Responses of these whole-brain maps were extracted 
using a spatial regression, which revealed the time course of each network 
within each participant in our sample. Next, we examined task-related responses 
for each network by regressing its activity onto a general linear model containing 
regressors for reward and punishment. We found that networks exhibited posi- 
tive response to the task. As expected, we also found that the DMN was strongly 
deactivated during both reward and punishment. Abbreviations: DMN = default 
mode network; ECN = executive control network; rFPN = right fronto-parietal 
network; lFPN = left fronto-parietal network. 

Fig. 3. Enhanced coupling between DMN and ventral striatum during reward. 
We examined task-dependent changes with the DMN using a variant of psy- 
chophysiological interaction analyses. We found that an area of ventral stria- 
tum exhibited increased connectivity with the DMN during reward relative to 
punishment. NeuroVault: https://neurovault.org/collections/10,921/ . 
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5 
We conducted additional analyses to evaluating the specificity of
MN findings by examining the connectivity between the VS and other
etworks. Repeated measures ANOVA on connectivity parameters from
ach network showed the DMN to have the strongest connectivity
ith the VS (F(453,1) = 17.122, p < .0001). Post-hoc paired t-tests re-
ealed that the DMN-VS connectivity was significantly greater than
CN-VS connectivity ( t = 3.3, p < .005), rFPN-VS connectivity ( t = 5.8,
 < .0001), and lFPN-VS connectivity ( t = 5.8, p < .0001), pointing to the
pecificity of DMN-VS coupling during reward processing in comparison
o other networks. 

. Discussion 

With decision making and processing of action-outcome associations
eing vital in everyday life, it is imperative to understand the involve-
ent of brain networks in these core processes, since they are purported

o play an integral part in neural organization. Here, we examined the
unctional relationship between the DMN and processing of rewarding
utcomes in a large sample of healthy individuals. Our findings demon-
trate that the receipt of reward enhances effective connectivity between
he DMN and the VS. The strength of connectivity was correlated with
ersonality characteristics of openness and agreeableness. These results
dvance models of DMN by demonstrating how it contributes to other
rain systems and how those contributions relate to individual differ-
nces. 

Our results also point to the dynamic nature of the DMN. Although
any studies have shown that the DMN is deactivated during many task

ontexts, relatively less is known about how connectivity with other
rain regions changes during these deactivations. Our results show that
MN connectivity with the VS is enhanced during receipt of reward but

uppressed during the receipt of punishment. Such results build on prior
tudies highlight the complexity of DMN connections during tasks states
Utevsky et al., 2014; Leech et al., 2011). 

Our analysis also revealed that the strength to the DMN-VS connec-
ivity during reward processing is positively associated with the per-
onality factor of openness and agreeableness. While we did not have
n a priori hypothesis about the directionality of the association be-
ween connectivity and personality, this result contributes to the grow-
ng body of literature that investigates brain correlates of various per-
onality types in both healthy ( Beaty et al., 2018 ; Sampaio et al., 2014a ;
ei et al., 2014 ) and clinical populations ( Takahashi et al., 2013 ). Fur-

her, recently openness has been shown to be associated with increased
unctional connectivity and dopamine release from the substantia ni-
ra ( Passamonti et al., 2014 ; Suridjan et al., 2012 ), a subcortical brain
rea that is heavily involved in reward processing and projects to the
triatum ( Haber and Knutson, 2010 ). 

Understanding how reward enhances connectivity between the stria-
um and DMN may also shine new light on prior work that has linked
MN function to disease and psychopathology at rest and during task
erformance ( Anticevic et al., 2012 ; Dobryakova et al., 2018 ). Notably,
epression and schizophrenia have been linked to aberrant patterns of
esting-state functional connectivity between the DMN and striatum.
or example, individuals with schizophrenia show reduced resting-state

https://neurovault.org/collections/10,921/
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unctional connectivity between the DMN and the striatum ( Wang et al.,
015 ). Similar effects have been observed in individuals at risk for psy-
hosis ( Hua et al., 2019 ). Although altered DMN-striatal connectivity
uring resting state has also been observed in depression, the results are
ore mixed: some studies report hypoconnectivity relative to healthy

ontrols ( Bluhm et al., 2009 ), while other studies report hyperconnec-
ivity relative to healthy controls ( Hwang et al., 2016 ). These studies
ighlight the importance of DMN-striatal connectivity in disease and
sychopathology, but we lack a unified theoretical framework for un-
erstanding how these aberrant forms of DMN-striatal connectivity con-
ribute to behavior and task performance. Our results provide an impor-
ant step forward by characterizing the role of reward in enhancing con-
ectivity between the DMN and the striatum during task performance
nd show how this task-dependent connectivity is associated with per-
onality variables. 

Nevertheless, our results are also accompanied by limitations that
erit further discussion. First, although our results may reflect a

ontext-specific (reward receipt) modulation of effective connectivity
rom the DMN to the VS, such findings could also be explained by
 modulation of stimulus-specific responses in the VS ( Friston et al.,
997 ). Specifically, responses in the DMN may enhance the striatal re-
ponse to reward without a change in connectivity. Future studies may
e able to disambiguate these alternative explanations using dynamic
ausal modeling ( Friston et al., 2003 ) or noninvasive brain stimulation
 Polania et al., 2018 ). Second, it is not clear how our reported links
etween DMN-VS connectivity and personality factors would general-
ze to more diversified samples. Indeed, the HCP consists of healthy
oung adults, which may contribute to the limited range in personality
cores and relatively small effect size in the brain-behavior correlations
 Cremers et al., 2017 ; Yarkoni, 2009 ). Third, our results are limited to
he narrow construct of reward consumption ( Smith & Delgado, 2015 ).
xamining other domains of reward processing —including anticipation
 Knutson et al., 2000 ), learning ( Daw et al., 2011 ; Dobryakova and
ricomi, 2013 ), and valuation ( Arulpragasam et al., 2018 ) —may re-
eal other patterns of DMN-VS connectivity or connectivity with other
etworks ( Hallquist et al., 2018 ). In a similar vein, it will be impor-
ant for future work to examine how DMN-VS connectivity during re-
ard processing is modulated by contextual factors ( Dennison, Sazhin,
 Smith, 2022 ), such as perceived control ( Wang and Delgado, 2019 ),
ffort ( Dobryakova et al., 2017 ), and social context ( Fareri and Del-
ado, 2014 ). 

Despite these caveats, our results support the conclusion that DMN
lays a role in contributing to responses in the VS during the execution
f a reward processing task. These results broaden our conceptualization
f DMN function by going beyond simplistic activation/deactivation
chemes and show how responses in other brain regions are influenced
y the engagement of DMN. More efforts to understand the dynamic
nterplay between the DMN and other brain regions could lead to a
ore integrative and parsimonious view of its function ( Dohmatob et al.,
020 ). Such efforts could also help understand how the DMN contributes
o clinical syndromes such as schizophrenia ( Hu et al., 2017 ), depression
 Posner et al., 2016 ), and substance abuse ( Zhang and Volkow, 2019 ),
otentially providing new avenues for treatment and interventions. 
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