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Elevated integration within the reward network
underlies vulnerability to distress
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Distress tolerance (DT), the capability to persist under negative circumstances, underlies a range of psychopathologies. It has been
proposed that DT may originate from the activity and connectivity in diverse neural networks integrated by the reward system. To test
this hypothesis, we examined the link between DT and integration and segregation in the reward network as derived from resting-
state functional connectivity data. DT was measured in 147 participants from a large community sample using the Behavioral Indicator
of Resiliency to Distress task. Prior to DT evaluation, participants underwent a resting-state functional magnetic resonance imaging
scan. For each participant, we constructed a whole-brain functional connectivity network and calculated the degree of reward network
integration and segregation based on the extent to which reward network nodes showed functional connections within and outside their
network. We found that distress-intolerant participants demonstrated heightened reward network integration relative to the distress-
tolerant participants. In addition, these differences in integration were higher relative to the rest of the brain and, more specifically, the
somatomotor network, which has been implicated in impulsive behavior. These findings support the notion that increased integration

in large-scale brain networks may constitute a risk for distress intolerance and its psychopathological correlates.
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Introduction

We are often confronted with the choice of whether to pursue
long-term goals when faced with adverse circumstances, or to
seek the immediate comfort afforded by disengagement. The
ability to persist through adversity has been defined as distress
tolerance (DT; Zvolensky et al. 2010; Trafton and Gifford 2011). A
range of psychopathologies are thought to be influenced by DT
(Leyro et al. 2010), which serves as a protective factor against the
development of conditions such as depression (Lass and Winer
2020), substance abuse (Heleniak et al. 2021; Kechter et al. 2021),
and eating disorders (Kozak and Fought 2011). In clinical popu-
lations, low DT typically predicts more severe symptoms (Gorka
et al. 2012; Akbari et al. 2022) and poorer treatment outcomes
(Daughters et al. 2005; Tull et al. 2013; Williams et al. 2013).
Conversely, successful treatment often elevates DT, suggesting
that it can be an important aspect of mental health (Dugas et al.
2003; Banducci, Connolly, et al. 2017; Reese, Anand, et al. 2019).
Although much progress has been made in understanding DT at
the behavioral level (Zvolensky et al. 2010), little is known about
its underlying neural mechanisms.

It was recently proposed that DT is a reward-driven process
(Trafton and Gifford 2011). Namely, DT may reflect resistance to
the instantaneous reward afforded by the relief from the distress
one experiences when pursuing goals under adverse conditions
(Zvolensky et al. 2010; Trafton and Gifford 2011). Withstanding
and tolerating distress is a process that likely implicates multi-
ple networks in the brain. Thus, it has been suggested that DT
likely involves communication among neural networks respon-

sible for distress evaluation and self-control, which are coordi-
nated and integrated by the reward system (Trafton and Gifford
2011). Indeed, behavioral DT measurements are tied to addictive
behaviors (Leyro et al. 2010; Zvolensky et al. 2010), which are
proposed to be caused by pathology in the reward system (Hyman
et al. 2006; Volkow and Morales 2015). Malfunctioning reward
network circuitry is also common in posttraumatic stress disorder
(Michaels et al. 2021), which is known to be strongly impacted by
the tolerance to distress (Akbari et al. 2022), further emphasizing
the possible involvement of this system in DT. Moreover, reward
network reactivity modulates resilience to stress, that is, the
ability to withstand acute stress or trauma, a construct closely
related to DT (Dutcher and Creswell 2018; Arici-Ozcan et al. 2019).
This modulation may occur through reciprocal inhibition of over-
lapping reward and stress circuits (Ulrich-Lai and Herman 2009;
Vidal-Ribas et al. 2019), further suggesting a possible integrative
role of the reward network in DT.

In light of the above, we asked whether reward network
topological properties underlie DT in the general population.
To address this question, we examined the link between DT
and reward network functional integration and segregation in
participants from the Nathan Kline Institute-Rockland Sample
(NKI-RS; Nooner et al. 2012). We included 147 participants who
completed the Behavioral Indicator of Resiliency to Distress (BIRD)
task, a well-documented behavioral paradigm of DT (Lejuez
et al. 2006; Daughters et al. 2009). In this computerized task,
participants are instructed to “release” a bird from its cage by
pressing a highlighted numbered box before this sign disappears.
The difficulty of the task increases over time, thus inducing
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Fig. 1. Study design and analysis procedure. A) Subjects underwent a resting-state fMRI scan before completing the BIRD task. Subjects were divided to
the Persistent and Quit groups according to their performance in the BIRD task. B) Functional networks were constructed for each subject to analyze

reward network integration and segregation properties as they relate to DT.

frustration and emotional distress. At the last level of the task,
participants are given the option to remain engaged in the task,
or “quit,” prior to completion (Fig. 1A). Accordingly, participants
were divided based on their persistence (Persistent group) or
termination of the task (Quit group), also measuring the time
they persisted in the task before the decision to quit. Prior to
BIRD task completion, participants underwent a resting-state
functional magnetic resonance imaging (fMRI) scan. For each
participant, we constructed a whole-brain functional connectivity
network using a cortico-subcortical whole-brain parcellation
(Seitzman et al. 2020; Supplementary Fig. S1, Supplementary
Table S1). We then calculated the degree of reward network
integration and segregation based on the extent to which nodes in
this network showed functional connections within and outside
this predefined network (Sporns 2013; Fig. 1B). We hypothesized
that the degree of integration and segregation in the reward
network would differentiate individuals who are distress-tolerant
(Persistent group) and -intolerant (Quit group).

Materials and methods

Participants

We analyzed behavioral and imaging data from 147 participants
(Mage =24.86 years, standard deviation [SD]=4.73, range = 18-
35, 95 females), obtained from the Discovery and the Neuro-
feedback cohorts of the NKI-RS dataset (http://fcon_1000.projects.
nitrc.org/indi/enhanced/index.html; Nooner et al. 2012). Included
participants were 18-35 years of age, completed the BIRD task,
had valid neuroimaging data, and had no diagnosis of a major
psychiatric illness. Study protocols were approved by the local
Institutional Review Board and all participants provided written
informed consent before participation in the study.

Self-reported measures

Individual trait and state anxiety were measured using the self-
report Trait Anxiety Inventory questionnaire (Spielberger 1970).
Additionally, we evaluated individual risk-taking and impulsive
behaviors using the self-report Domain-Specific Risk-Taking Scale
(DOSPERT) and the UPPS-P Impulsive Behavior Scale question-
naire (Whiteside and Lynam 2001; Whiteside et al. 2005; Weber
and Blais 2006).

Behavioral procedure

As part of the NKI protocol, DT was evaluated using the BIRD
task (Lejuez et al. 2006; Daughters et al. 2009). Participants saw
a bird locked in a cage and a series of 10 numbered boxes (1-10)
on a computer screen. During each trial, a green dot randomly
highlighted one of the boxes. The assignment was to release the
bird from its cage by clicking the highlighted box before the green
dot disappeared. Participants who clicked the box in time heard
a pleasant sound and were awarded with points. Failing to click
the box in time resulted in an unpleasant sound and no points
earned.

The BIRD task was divided into 3 levels. At the first level, the
green dot appeared for 5 s and then changed based on subjects’
performance. Correct responses reduced the dot’s appearance
time by 0.5 s, and a wrong response increased it by 0.5 s. This
level lasted for 3 min. After level completion, the average dot
appearance time was calculated per subject as their baseline
motor skill. At the second level, task difficulty was increased. For
4 min, the green dot was presented for the average appearance
time calculated at the first level. For the next minute, termed
the challenge appearance time, the green dot was presented for
half of the average appearance time. Prior to the last level of the
task, participants were informed that they can quit the game at
any time. In this level, the dot was presented for the duration
used in the challenge appearance time over a total period of
5 min.

In accordance with previous studies, DT is indicated by
persistence during the final level of the BIRD task and could be
examined as a binary variable (whether the participant finished
the last level or not) or as a continuous variable of subjects’
persistence time (ranging from 0 to 300 s; Daughters et al. 2009;
Amstadter et al. 2012; Banducci, Lejuez, et al. 2017; Felton et al.
2019). As in previous research, in the current study, participants
who completed the final level were categorized as distress-
tolerant (Persistent group) and participants who terminated the
task before completion were categorized as distress-intolerant
(Quit group).

The BIRD has been shown to induce significant distress
both in general and clinical populations (Daughters et al. 2009;
MacPherson et al. 2010; Cummings et al. 2013; Banducci, Lejuez,
et al. 2017; Felton et al. 2017; Tonarely et al. 2020), as measured
using self-report scales such as the Positive and Negative Affect
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Scale for Children (Laurent et al. 1999). Additionally, higher levels
of self-reported distress at the end of the BIRD task increased the
likelihood of subjects’ quitting before time (Tonarely et al. 2020),
suggesting that binarization of participants to the Persistent
and Quit groups provides a good way to differentiate between
distress-tolerant and -intolerant individuals (Daughters et al.
2009; Amstadter et al. 2012).

Magnetic resonance imaging data acquisition

Magnetic resonance imaging (MRI) scans were obtained using a
3T Siemens MRI MAGNETOM Trio Tim syngo MR B17 scanner.
Anatomical (MPRAGE) T1-weighted images were obtained with
the following parameters: time repetition (TR)=1,900 ms, voxel
size=1.0 x 1.0 x 1.0 mm, field of view (FOV)=250 mm, time echo
(TE)=2.52 ms, slice thickness=1 mm, and flip angle=9°. fMRI
scans were obtained at rest using the following imaging parame-
ters: TR =1,400 ms, voxel size=2.0 x 2.0 x 2.0 mm, FOV =224 mm,
TE =30 ms, slice thickness =2 mm, flip angle =65°, slices =64, and
scan duration =10 min.

Imaging data analysis

Preprocessing of functional images was conducted using the
CONN toolbox (version 20.B; Whitfield-Gabrieli and Nieto-
Castanon 2012) and SPM12 (Ashburner et al. 2014), both
running on MATLAB (version R2018b). During preprocessing, we
executed the following steps: realignment, unwarping, slice-
time correction, segmentation of white matter, gray matter,
and cerebrospinal fluid (CSF), and spatial normalization to the
Montreal Neurological Institute space. Subsequently, the data
were denoised based on nuisance variable regression, wherein
signals from the segmented CSF, white matter, and 6 motion
parameters (and their first-order derivatives) were regressed out
of the signal. In addition, we detected outlier volumes (including
the single volume preceding the outlier) with an excessive head
motion threshold of 0.9 mm for subject motion and a global signal
threshold of Z=5. Finally, we linearly detrended and band-pass-
filtered (0.008-0.09 Hz) the data.

Network reconstruction and analysis

To reconstruct whole-brain functional networks for each subject
and to extract measures of network topology, we used the MATLAB
Brain Connectivity Toolbox (http://www.brain-connectivity-
toolbox.net; Rubinov and Sporns 2010). We first constructed
a whole-brain functional network for each individual subject,
where nodes were defined based on a parcellation composed of
300 regions of interest (Seitzman et al. 2020; see Supplementary
Material). We selected this parcellation due to its comprehensive
representation of cortical and subcortical areas and the inclusion
of the reward network.

To calculate network edges, we assessed the degree of
functional connectivity between every pair of nodes in the
network. This was done by computing the Fisher Z-transformed
Pearson correlation between the blood-oxygen-level-dependent
time series extracted for each node. This step resulted in a
correlation matrix for each single subject. To threshold the
correlation matrices and reconstruct a binary adjacency matrix
for each subject, we utilized a data-driven thresholding procedure
based on Orthogonal Minimal Spanning Trees, resulting in
a single personalized optimal threshold value (Dimitriadis,
Antonakakis, et al. 2017; Dimitriadis, Salis, et al. 2017). Briefly,
this individualized thresholding approach optimizes the balance
between network global efficiency and network cost (the ratio of
the total weight of the existing edges divided by the strength of
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the original full-weighted graph). This method was chosen as it
better represents biological networks and was found to generate
more consistent graphs across different parcellations and edge
definitions (Bullmore and Sporns 2012; Luppi and Stamatakis
2021).

Network integration and segregation analysis

We measured nodal integration using the participation coefficient
(PC). We calculated PC;, of node 1 as (Guimera and Amaral 2005)

where Ny, is the number of modules, k;s is the number of con-
nections of node i to nodes in its own module s, and K; is the
total connections of node i. Therefore, PC is a normalized measure
of nodes’ connections to other networks (Cohen and D’Esposito
2016).

We measured the level of local clustering, indicative of segre-
gation, using the clustering coefficient (CC; Rubinov and Sporns
2010). CC is the fraction of triangles around a node as calculated
by the ratio between neighboring nodes that are neighbors of each
other over the total neighbors in accordance with the following
equation (Watts and Strogatz 1998):

1 1 2t,
DI E P i

ieN ieN

where CC; is the CC of a node i (CC; = O for k; < 2) and t; is the
number of triangles around a node i.

Node degree and within-module degree z-score were calculated
prior to hub identification (see below). Node degree is a measure
of centrality, which is defined as the number of edges of node i
(Rubinov and Sporns 2010):

ki = Zaﬁ.

jeN

Within-module degree z-score is a within-network version of
degree, calculated as (Guimera and Amaral 2005; Rubinov and
Sporns 2010):

ki (my) — k (my)
Zi= kM) ’

where m; is the module containing node i, kj(m;) is the degree
of node i, with other nodes within its network, and k(m;) and
of™) are the mean and SD of the within module m; degree
distribution.

To better understand the role of nodes in network communi-
cation, we identified connector and provincial hubs within the
reward network and across the brain. Hubs are defined as central
nodes, with higher degree relative to other nodes in the network
(Sporns et al. 2007). Connector hubs are hubs which connect the
module they belong to with nodes belonging to other modules,
thus influencing network integration. We defined a node as a
connector hub if the within-module degree z-score was <1.5 and
the PC was >0.8 (Cohen and D’Esposito 2016).
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Data analysis
Behavioral data analysis

Data analysis was performed using R version 4.0.3.

A 7 test was performed to evaluate if the proportion of male
and female participants differed between the Quit and Persistent
groups. Group differences in age, impulsivity, risk-taking, trait
and state anxiety were performed with an independent sample
t-test.

Analysis of topological data

Group comparisons of topological metrics were performed using
nonparametric permutation-based tests, implemented in the
aovperm function of permuco R package (Frossard and Renaud
2021) and with an in-house MATLAB code. To calculate reward
network integration and segregation per participant, we averaged
PC and CC scores across all nodes in this network. To measure
the probability of a node being a connector hub, we divided the
number of reward network connector hubs by the number the
nodes in the network.

We identified extreme outlier PC and CC values using the iden-
tify_outliers function in the rstatix R package (Kassambara 2021).
For each study group, data points lower than the first quartile (Q1)
by 3 times the interquartile range (IQR) or higher than the third
quartile (Q3) by 3 times the IQR (i.e. Q1-3 * IQR or Q3+ 3 * IQR)
were considered to be extreme outliers and were excluded from
the analysis (2 subjects from the Quit group accounting for 1.3%
of all the data and 2.4% of the data in the Quit group).

We performed a nonparametric permutation t-test (10,000 per-
mutations) with the perm.t.test function of the RVAideMemoire R
package (Hervé, M., & Hervé 2020) to calculate the differences in
PC, CC, and connector hub probability within the reward network,
between the Persistent and Quit groups. Then, for each node
in the reward network, we calculated differences in PC using a
nonparametric permutation t-test to understand which specific
nodes show significant network integration in the context of DT.
We also compared reward network integration to that observed
in other individual networks or in the rest of the brain (as an
averaged property) using permutation tests (van Borkulo et al.
2017). To account for differences in size (node number) between
different networks, we matched among the compared networks
using random sampling based on the size of the smaller network
(8). A 2-way mixed permutation ANOVA was used to compare
the reward and average whole-brain PC (excluding values from
the reward network) between the 2 groups, with group (Persis-
tent/Quit) serving as a between-subject factor and network as a
within-subject factor. To account for individual within-network
integration variability, we tested for which subjects there is a
significant difference between network integration using a para-
metric t-test. Then, we performed a proportion z-test on the
number of subjects with significant between-network integration
differences in the Persistent/Quit groups. Associations between
task performance (BIRD task quit times) and measures of integra-
tion (PC values) were based on the Pearson correlation coefficient.

Figures were created with the ggplot2 and ggpubr R packages
and with BrainNet Viewer (https://www.nitrc.org/projects/bnv/;
Xia et al. 2013). Anatomical location of nodes was confirmed using
Neurosynth (https://neurosynth.org/).

Results

From a sample of 147 participants who performed the BIRD
task and had valid imaging data, 62 completed the task

(Persistent group; 41 females, Mage =24.84 years, SD=4.97) and
85 terminated the task before its completion (Quit group; 54
females, Mage =24.87 years, SD=4.58). The 2 groups did not
differ in sex (Z=0.326, P=0.7448), age (t(145)=-0.040, P=0.968,
d=-0.007), mean motion during the resting-state fMRI scan
(t(145)=—0.227, P=0.821, d=—0.038), risk-taking (t(145)=0.979,
P=0.3292, d=0.164), impulsivity (t(145)=—0.444, P=0.6579,
d=-0.074) and state (t(145)=0.363, P=0.7172, d=0.061), and trait
anxiety (t(145)=1.762, P=0.0801, d =0.294).

In accordance with our hypothesis, we found differences in
reward network integration between distress-intolerant (Quit
group) and tolerant (Persistent group) participants using 2
separate measures. We first calculated the PC (see Materials and
methods) of nodes within the reward network, denoting the extent
to which nodes in network communities connect to other com-
munities in the rest of the network (Guimera et al. 2007). Mean
PC scores for nodes in the reward network were higher in the Quit
group compared to the Persistent group (t(143)=—2.531,P=0.0106,
Fig. 2A). Differences between the distress-tolerant and intolerant
participants in network integration were specific to the reward
network, being absent in neither the frontoparietal (t(143)=0.719,
P=0.4722; Supplementary Fig. S2, left panel) nor the salience
networks (t(143)=—1.453, P=0.1436; Supplementary Fig. S2, right
panel), 2 networks known to mediate DT (Daughters et al. 2017;
Dezachyo et al. 2021). This suggests that the reward network
has a unique integrative role in DT. In a secondary analysis, we
then calculated the probability of nodes in the reward network
acting as connector hubs, that is, hubs linking with other network
communities (Guimera et al. 2007; van den Heuvel and Sporns
2013). Nodes in the reward network had a higher probability
of acting as connector hubs in the Quit group, relative to the
Persistent group (t(143)=-2.158, P=0.0312, Fig. 2C).

We next compared the degree of local clustering within the
reward network, which can be indicative of heightened segre-
gation and reliance on local information processing. No group
differences between the Quit group and the Persistent group were
noted in average nodal CC (see Materials and methods) within
the reward network (t(145)=0.707, P=0.4856, Fig. 2B). We next
further explored which nodes in the reward network were more
integrated in the Quit group compared to the Persistent group.
We found significantly higher PC in the orbitofrontal cortex (OFC;
t(143)=-3.482, P=0.001), but not in any of the other reward
network nodes (all P values > 0.0888; Fig. 2D).

Mean reward network PC in the 2 groups also differed from
that calculated in all other nodes in the brain (F(1, 143)=7.439,
P=0.0087; see Materials and methods). Namely, the reward net-
work of individuals in the Quit group (t(82) =—3.911, P=0.0004),
but not the Persistent group (t(61)=-0.704, P=0.4958), showed
higher mean PC relative to the rest of the brain. Similar marginally
significant differences were also found when comparing the 2
groups with respect to the probability of a node acting as a
connector hub in the reward network as compared to the rest of
the brain (F(1, 143) =3.279, P=0.0683).

Next, we asked whether the link between network integration
and DT, as reported above for the reward network, was also
evident for the somatomotor network, given its documented role
in impulsive behavior. Distress intolerance could be seen as an
act of impulsivity (Trafton and Gifford 2011) and, indeed, trait
and motor impulsivity are negatively correlated with behavioral
DT (Ledgerwood et al. 2009; Marshall-Berenz et al. 2011; Anestis
et al. 2012; Kaiser et al. 2012; Macatee et al. 2018). Individual
differences in both types of impulsivity were previously linked to
the lower functional integration of the somatomotor network
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Significant integration differences:

Fig. 2. Reward network integration underlies DT. A) Higher reward network PC was found in the Quit group compared to the Persistent group. B) No
differences in CC within the reward network were found between the Quit and Persistent groups. C) A higher probability of nodes acting as connector
hubs in the reward network was found in the Quit group, relative to the Persistent group. D) Between-group integration differences were driven by PC
in the OFC. Error bars represent +1 standard error of the mean (S.E.M.) *P <0.05.

(Dalley and Robbins 2017; Herman et al. 2020). Additionally,
functional dysconnectivity in the somatomotor network is
observed in a variety of psychopathologies (Kebets et al. 2019)
similar to the construct of DT (Leyro et al. 2010). First, we
examined the association between impulsive behavior and
somatomotor functional integration in both Quit and Persistent
participants in our sample. We found a negative correlation
between mean PC in the somatomotor network and risk-taking
(r=—0.23, P=0.0046; Fig.3A). Similarly, mean somatomotor
network PC was negatively correlated with impulsivity (r=—0.16,
P=0.0484; Fig. 3B). No significant correlation was found between
mean PC of the reward network and neither risk-taking (r=—0.12,
P=0.1368; Supplementary Fig. S3A) nor impulsivity (r=-0.06,
P=0.4655; Supplementary Fig. S3B). We then asked whether DT
was associated with integration in the somatomotor network as
compared to the reward network. We did not find differences in
mean PC of the somatomotor network between the Quit group and
the Persistent group (t(143) = 0.804, P=0.4042; Fig. 3C), suggesting
that the somatomotor network by itself does not have an integra-
tive role in DT. Consistently, there was a significant interaction
between network (reward/somatomotor) and group (Quit/Persis-
tent; F(1, 143)=10.365, P=0.0016). Relative to the somatomotor
network, the reward network had higher mean PC in the Quit
group (t(82)=5.436, P=0.0002) but not in the Persistent group
(t(61)=1.556, P=0.115; Fig. 3C). Consistent with these findings,
we found that more subjects in the Quit group had significantly
higher mean PC values in the reward network, relative to the
somatomotor network (Z=2.671, P=0.0076) and a significantly

higher probability of nodes acting as connector hubs (Z=2.987,
P=0.0028; Fig. 3D).

Based on the finding that integration (PC) differences between
the reward and somatomotor networks can differentiate between
distress-tolerant and intolerant participants, we next asked
whether persistence times in the Quit group were linked with
integration (PC) in the reward or the somatomotor network.
Persistence time did not correlate with neither reward network PC
(r=—0.077, P=0.49; Supplementary Fig. S4A) nor somatomotor
network PC (r=0.16, P=0.15; Supplementary Fig. S4B). However,
a post hoc analysis identified a significant negative correlation
between the differences in the integration of these two networks
(i.e. A reward_PC-somatomotor_PC) and persistence (r=-—0.23,
P=0.0399; Fig. 3E).

Trait anxiety could be manifested differently among distress-
tolerant and intolerant participants (Timpano et al. 2009; Kraemer
etal. 2013; Allan et al. 2014; Lee et al. 2018). Therefore, we explored
the correlation between reward network integration and trait
anxiety within the Persistent group and Quit group, separately. We
did not find a significant correlation between trait anxiety and
reward network mean PC neither for the Persistent group (r=0.03,
P=0.8237; Supplementary Fig. S5A) nor for the Quit group (r=0.06,
P=0.5848; Supplementary Fig. S5B).

Discussion

The ability to tolerate distress when pursuing goals varies
considerably among individuals and is known to underlie a range
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Fig. 3. Network integration in the somatomotor network and its association with impulsivity and DT. A) A negative correlation was found between
somatomotor integration (as measured with PC) and risk-taking score, measured with DOSPERT. B) Similarly, a negative correlation was evident between
somatomotor integration and UPPS-P impulsivity scores. C) Higher integration in the reward network compared to the somatomotor network was found
in the Quit group but not in the Persistent group. D) A greater proportion of subjects had a significantly higher reward network integration (as measured
with PC and the probability of nodes acting as connector hubs) in the Quit group. E) A significant negative correlation was found between persistence
time and the differences in integration between the reward and the somatomotor networks (A reward_PC-somatomotor_PC). Error bars represent +1

S.EM. *P <0.05, **P < 0.005.

of psychopathological conditions. Our results indicate that the
degree of integration within large-scale functional networks,
and specifically the reward network, underlies DT. Distress-
intolerant subjects showed higher reward network integration
than distress-tolerant subjects. We also found an elevated reward
network integration relative to integration in the rest of the
brain in distress-intolerant but not in distress-tolerant indi-
viduals. Consistently, the reward network of distress-intolerant
subjects had higher integration relative to the somatomotor
network, a network associated with impulsive behavior. Taken
together, the results show that variation in DT is associated
with differences in the connectivity profiles of the reward
network.

Links between DT and integration in the reward system, as
reported here, fit in well with earlier studies on addiction. Low
DT predicts higher substance use frequency during adolescence
(Heleniak et al. 2021; Kechter et al. 2021). Accordingly, substance
abuse risk in adolescents increases with functional coupling
between the reward and cognitive control networks (Weissman
et al. 2015), while decoupling between these networks decreases
this risk (Lee and Telzer 2016). Adolescents at risk to develop
alcoholism have lower structural and functional reward network
segregation and elevated integration with executive function
networks (Cservenka et al. 2014; Ramage et al. 2015; Squeglia
et al. 2015). Moreover, in substance addiction and other forms
of addiction, individuals exhibit lower DT (Daughters et al. 2017;
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Ekinci and Kural 2017; Mattingley et al. 2022) and higher func-
tional connectivity in the reward and salience networks compared
to healthy individuals (Tolomeo and Yu 2022). Similarly, the
reward network in drug addiction exhibits elevated integration
of the salience and executive functional networks, among other
networks (Zilverstand et al. 2018). Altogether, higher reward
network integration in distress intolerance, as found here, is in
accordance with findings from the addiction literature and may
potentially reflect a neural predisposition toward addiction in
healthy individuals.

Functional and structural connectivity in the reward network,
along with its morphometric properties, are associated with
personality characteristics (Adrian-Ventura et al. 2019), psy-
chopathological conditions (Damme et al. 2017; Whittaker et al.
2018), and reward-mediated learning outcomes (Dayan et al. 2014,
2018; Hamann et al. 2014). Findings reported here specifically
implicate integration in the reward network in the differentiation
of distress-tolerant and intolerant individuals. The reward net-
work is thought to mediate DT through integration of information
from multiple additional networks, including networks responsi-
ble for distress evaluation and self-control (Trafton and Gifford
2011).In line with this suggestion, increased reward network inte-
gration may affect DT through reward saliency. For example, in
drug addiction, excessive reward network coupling with other net-
works is thought to increase incentive salience and consequently
drug-seeking behaviors (Goldstein and Volkow 2011; Zilverstand
et al. 2018). High reward network integration in the context of DT
may increase the salience of relief from distress, thus reducing the
overall tolerance to distress. Moreover, differences in the reward
and somotomotor networks’ integration in distress-vulnerable
individuals could reflect the imbalance between reward salience
and self-control, which underlies addictive behaviors (Dawe et al.
2004; Volkow et al. 2010; Wierenga et al. 2014; Dong et al. 2015;
Lees et al. 2021). Our findings also suggest that reward network
integration in the OFC differs between distress tolerant and
intolerant individuals. The OFC integrates emotional signals to
assess reward value (Stalnaker et al. 2015) while also contributing
to negative emotion regulation (Golkar et al. 2012) and to trait
resilience (Salehinejad et al. 2017; Kong et al. 2018). These
motivational functions may underlie the role of the OFC in DT.

The current results demonstrate a unique integrative role of
the reward network in DT, which was not evident in networks
implicated in self-restraint or distress assessment. Yet, tolerance
to distress likely also involves other neural mechanisms. Pre-
vious findings show links between DT and activity and con-
nectivity in the salience, executive control, and default mode
networks (Daughters et al. 2017; Reese, Yi, et al. 2019; Dezachyo
et al. 2021). Moreover, DT is a multifaceted concept, integrating
many behavioral and psychological constructs (Bardeen et al.
2013; Evanovich et al. 2019), such as tolerance to uncertainty,
ambiguity, negative emotions, and physical discomfort (Zvolensky
et al. 2010). In accordance with this, self-report and behavioral
measures of DT are distinct from each other (McHugh et al.
2011; Ameral et al. 2014; Kiselica et al. 2015), thus suggesting
that they may originate from different neural mechanisms. With
this in mind, DT is likely to also implicate the frontoparietal
attention network, frontal cortical regions, the amygdala, and the
somatosensory network (Wager et al. 2009; Vierck et al. 2013; Liu
et al. 2022). It is most likely that under distressful situations,
the reward network interacts with these networks. Nevertheless,
the current study reveals a link between integrative communi-
cation among brain networks, interacting at the resting state
and behavioral levels of DT. The degree to which the reward
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network interacts with other large-scale brain networks under
adversity should be studied in future research using task-based
designs.

Our study provides novel evidence on the association between
reward network properties and DT, however, more work is needed
to better understand this link. Tolerance to distress may be a mod-
ifiable capability, which can be elevated through interventions
(Bornovalova et al. 2012; Macatee and Cougle 2015; Kraemer et al.
2016; Yardley et al. 2019), for example, inducing behavioral mod-
ulation by leveraging reactivation-reconsolidation cycles as done
in other behavioral domains (Nader and Hardt 2009; Schiller et al.
2010; Gabitov et al. 2017; Herszage and Censor 2017; Herz et al.
2022). Therefore, manipulation of DT in an experimental setting
can assist in uncovering the causal relationships between reward
network properties and DT. Our results document a link between
DT and reward network integration both measured crosssection-
ally. Task-based measures of DT as evaluated by the BIRD are
known to show high stability across time (up to years), with
the majority of studies finding little change observed in most
participants (MacPherson et al. 2010; Cummings et al. 2013; Win-
ward et al. 2014; Banducci, Lejuez, et al. 2017). Additionally, self-
reported levels of DT were shown to remain constantin the course
of month (Kiselica et al. 2014). The degree to which longitudinal
changesin DT are associated with changes in brain network topol-
ogy remains to be tested in future research. Furthermore, future
research could test whether integration in the reward network is
a risk factor for the development of psychopathology and identify
which properties of the reward system predict psychopathology
in longitudinal study designs (Ng et al. 2016; Zhan et al. 2016).

Conclusion

Our results show that integration within the reward network is
linked to tolerance to distress, supporting the previously theorized
involvement of the reward network in DT (Trafton and Gifford
2011). Considering the extensive involvement of DT in addiction
and mental health functions, our results suggest that elevated
reward network integration may serve as a potential risk factor
for the development of psychopathology.
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