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Abstract

Regulatory focus theory (RFT) describes two cognitive-motivational systems for goal pursuit—the promotion and prevention systems—
important for self-regulation and previously implicated in vulnerability to psychopathology. According to RFT, the promotion system is
engaged in attaining ideal goals (e.g. hopes and dreams), whereas the prevention system is associated with accomplishing ought goals
(e.g. duties and obligations). Prior task-based functional magnetic resonance imaging (fMRI) studies have mostly explored the
mapping of these two systems onto the activity of a priori brain regions supporting motivation and executive control in both healthy
and depressed adults. However, complex behavioral processes such as those guided by individual differences in regulatory focus are
likely supported by widely distributed patterns of intrinsic functional connectivity. We used data-driven connectome-based predictive
modeling to identify patterns of distributed whole-brain intrinsic network connectivity associated with individual differences in
promotion and prevention system orientation in 1,307 young university volunteers. Our analyses produced a network model
predictive of prevention but not promotion orientation, specifically the subjective experience of successful goal pursuit using
prevention strategies. The predictive model of prevention success was highlighted by decreased intrinsic functional connectivity of
both heteromodal association cortices in the parietal and limbic networks and the primary motor cortex. We discuss these findings in
the context of strategic inaction, which drives individuals with a strong dispositional prevention orientation to inhibit their behavioral
tendencies in order to shield the self from potential losses, thus maintaining the safety of the status quo but also leading to trade-offs
in goal pursuit success.
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Significance Statement

Regulatory focus theory (RFT) proposes that people have two distinct motivational orientations—the promotion and prevention sys-
tems—when they pursue goals and regulate behaviors. Here, we implement modern neuroimaging approaches with a large functional
magnetic resonance imaging (fMRI) dataset to investigate the brain correlates of classic cognitive-motivational systems for goal pur-
suit. Connectome-based predictive modelingidentified a network model predictive of the prevention system highlighted by decreased
intrinsic functional connectivity of the primary motor cortex. These results provide neurocognitive evidence supporting the RFT in the
context of strategic inaction, which drives individuals with a strong dispositional prevention orientation to inhibit their behavioral
tendencies in order to shield themselves from potential losses.

Introduction system organized around a desired end-state. The promotion sys-

It is well known that individual differences in motivational dispo- tem motivates individuals to pursue their "ideal self’ by accom-

sitions help shape people’s approaches to pursuing goals, regulat-
ing behavior, and ensuring well-being (1). According to regulatory
focus theory (RFT), two distinct motivational orientations are
highly influential in helping to regulate personal goal pursuit
(2, 3). Each can be characterized as a cognitive-motivational

plishing hopes and dreams, based on a need for nurturance. The
prevention system motivates individuals to pursue their “ought
self” by fulfilling duties and obligations, based on a need for self-
preservation. In descriptive terms, the promotion system moti-
vates personal goal pursuit by “making good things happen” and
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the prevention system motivates personal goal pursuit by “keep-
ing bad things from happening” (4). Individual differences in regu-
latory focus have been shown to predict vulnerability to
psychopathology, at both behavioral (5) and brain (6) levels of
analysis.

RFT postulates that the motivational and affective consequen-
ces of failing or succeeding in goal pursuit are different for the two
systems. Successful goal pursuit through a promotion orientation
is associated with joy, happiness, and satisfaction, while failure is
associated with sadness, disappointment, and frustration. In con-
trast, successful goal pursuit through a prevention orientation is
associated with quiescence and calmness, while failure is associ-
ated with anxiety, worry, and agitation (7). Ongoing dysfunction in
self-regulation increases risk for psychopathology, and a number
of etiological pathways by which self-regulatory dysfunction gen-
erally and dysfunction of the promotion and/or prevention sys-
tems specifically might lead to disorders such as depression,
generalized anxiety disorder, and eating disorders have been de-
scribed (8, 9).

Identifying shared and unique functional brain correlates of
these two systems offers an opportunity to not only further valid-
ate and refine RFT but also to leverage individual differences in
goal pursuit to inform diagnosis and treatment. To date, the ma-
jority of studies examining the neural correlates of regulatory fo-
cus have employed task-based functional magnetic resonance
imaging (fMRI) to identify patterns of activation associated with
a promotion or prevention orientation primarily in terms of a pri-
ori regions of interest (along with examining the whole brain for
exploratory purposes) (4, 6, 7, 10). Collectively, these studies
have reported that individual differences in regulatory focus
map onto activation patterns including subregions of the pre-
frontal cortex (PFC) supporting executive control and behavioral
regulation as well as cortical midline structures supporting self-
referential processes (11, 12). Detloff et al. (7) identified two par-
tially overlapping sets of brain regions representing brain signa-
tures of individualized promotion vs. prevention personal goal
priming, using both traditional general linear model and
tensorial probabilistic independent component analysis. The
same partially overlapping sets of brain regions associated
with promotion vs. prevention goal priming were found in a
sample of healthy adolescents (13).

While such studies have linked the two RFT orientations with
specific brain regions implicated in both normal and abnormal
cognitive processes, a large body of emerging research has begun
to reveal that individual differences in complex behavioral con-
structs such as promotion and prevention likely map onto widely
distributed patterns of intrinsic brain network connectivity as
well (14-16). Consistent with this perspective, Davis et al. (17)
found a statistically reliable pattern of task-related functional
connectomes associated with promotion and prevention in a sam-
ple of depressed individuals undergoing treatment. While that
study was not designed a priori to examine network-level changes
in functional connectivity before vs. after treatment, those au-
thors found that treatments for depression specifically targeting
the promotion system led to reliable changes in connectivity con-
sistent with the RFT model. The work of Davis et al. (17) highlights
the potential value of exploring how individual differences in the
brain correlates of the promotion and prevention systems may be
relevant for understanding the etiology and treatment of depres-
sion and related disorders. However, in order to identify function-
al connectivity correlates of emotional vulnerability based on RFT,
normative analyses of how individual differences in promotion

and prevention orientation predict functional connectivity are re-
quired. Furthermore, such normative analyses would be particu-
larly useful if conducted using statistically robust, conceptually
efficient, whole-brain analysis methods that provided strong tests
of predictions regarding how individual differences in self-
regulation predict features of fMRI data network models.

The present study aimed to expand on prior regional findings
by investigating connectome-wide functional correlates of indi-
vidual differences in regulatory focus. To address limitations re-
sulting from small sample sizes and low statistical power (18,
19), we leveraged data from a large sample of 1,307 young adult
university volunteers and derived reliable estimates of the whole-
brain connectome using general functional connectivity (GFC), as
we have done recently (20) to identify distributed brain connectiv-
ity correlates of individual differences in the dispositional use of
emotion regulation strategies (21) and trait anger (22). Of note,
GFC was derived from combining resting-state fMRI and task
fMRI data in which its task events were regressed out, allowing
more reliable estimates of intrinsic functional connectivity than
when using resting-state fMRI alone by harnessing additional
data points extracted from task fMRI data (20). We then used
data-driven connectome-based predictive modeling (CPM) to pre-
dict individual differences in regulatory focus in held-out data
from patterns of whole-brain intrinsic connectivity using k-fold
cross-validation. Using a large fMRI dataset combined with
connectome-based approaches, we first tested whether models
built using multivariate patterns of whole-brain functional con-
nectivity could predict individual differences in regulatory focus
tendencies. Then, based on prior neuroimaging studies, we exam-
ined whether such predictive network models of regulatory focus
included the PFC and cortical midline structures previously found
to be associated with promotion and prevention. We hypothesized
that, if promotion and prevention systems indeed share under-
lying brain correlates with executive control and behavioral regu-
lation, then PFC and cortical midline structures should emerge as
important components of the predictive network models of regu-
latory focus. Finally, taking advantage of the large sample size and
data-driven approach, we sought to identify previously undiscov-
ered brain regions and networks that may capture individual dif-
ferences in promotion and prevention focus systems. By
employing a data-driven exploratory framework, we aimed to pro-
vide important evidence for a holistic brain account of regulatory
focus, which would complement and reconcile existing findings
from smaller individual studies.

Results

Regulatory Focus Questionnaire

The Adolescent Regulatory Focus Questionnaire (RFQ) (23), an in-
strument designed for both high school and college-age individu-
als, was used as the continuous measure of chronic regulatory
focus. For the RFQ success subscales, scores of promotion success
ranged from 2.17 to 4.67 (M=3.58, SD=0.39) and prevention
success from 1.83 to 4.5 (M=3.32, SD=0.45). For the history
subscales, scores of promotion history ranged from 1.00 to 5.00
(M=4.03, SD=0.92) and prevention history from 0.00 to 5.00
(M =4.07,SD = 0.73). The four RFQ subscales were not significantly
correlated with age (promotion success, r = 0.04, P = 0.145; preven-
tion success, r=0.043, P=0.115; promotion history, r=0.034,
P=0.223; prevention history, r=-0.013, P=0.645). Independent
samples t tests showed significant sex differences in the RFQ
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Table 1. Differences in scores of the RFQ subscales across sex and history of diagnosis for DX.

Mean (SD) Mean (SD)
Male Female t (P-value) DX Non-DX t (P-value)
Promotion success 3.54 (0.39) 3.60 (0.38) t=-3.12 (P=0.002) 3.51(0.41) 3.59 (0.38) t=3.14 (P=0.002)
Prevention success 3.23 (0.43) 3.39 (0.45) t=—6.46 (P <0.001) 3.18 (0.46) 3.36 (0.44) t=5.78 (P <0.001)
Promotion history 4.01(0.86) 4.04 (0.97) t=-0.52 (P=0.60) 3.90 (1.00) 4.06 (0.90) =233 (P=0.02)
Prevention history 4.07 (0.68) 4.08(0.77) t=-0.16 (P=0.88) 4.09 (0.69) 4.07 (0.74) t=-0.28 (P=0.78)

success subscales (promotion success, t = —3.12, P=0.002; preven-
tion success, t=-6.46, P<0.001), such that both success scores
were higher for women than men (Table 1). In addition, there
were significant differences between individuals with a history
of diagnosis for psychiatric disorders (DX) and non-DX groups
(promotion success, t=3.14, P=0.002; prevention success, t="5.78,
P <0.001; promotion history, t =2.335, P=0.02), with all three scores
being lower for individuals with past or current diagnoses compared
to those without (Table 1).

Connectome-based prediction of regulatory focus

We leveraged data from 1,307 young adults and generated whole-
brain connectomes using GFC (20), which is derived from concat-
enating resting-state fMRI and task fMRI data, while regressing
out task events from the latter. We then used data-driven CPM
to predict individual differences in prevention success and pro-
motion success scores using 10-fold cross-validation. To conduct
CPM, every edge in the training set, including internetwork and in-
tranetwork edges in GFC matrices, was correlated with RFQ scores
to select predictive edges (P <0.01). Then, edges that were posi-
tively and negatively correlated with RFQ scores were organized
separately to construct positive and negative predictive network
models, respectively. Correlation strengths of these selected
edges in the positive/negative network models in the training set
were summed and entered into a linear model trained to predict
RFQ scores. Finally, the predictive performance of the trained
model was assessed using the test set. To determine the
significance of the models, null distribution was derived from
1,000 permutations wherein the participants and their RFQ scores
were randomly shuffled to produce 1,000 random r-values.
Nonparametric P-values were calculated by comparing the rela-
tive location of the actual r-value to the null distribution (see
Materials and methods).

Connectome-based predictive model of
prevention success

CPM analyses of the 1,307 functional connectomes (i.e. symmetric
264 x 264 functional brain connectivity matrices; see Materials
and methods) revealed that the negative network model and the
combined network model, but not the positive network model,
significantly predicted prevention success scores (positive,
r=0.04, P=0.193; negative, r=0.07, P=0.008; combined, r=0.12,
P <0.001) after controlling for sex and DX. Permutation tests con-
firmed the prediction performance of the negative and the com-
bined network models (negative, P=0.004; combined, P =0.002).
Here, we focused on discussing the negative network model and
the combined network model, as the positive network model
was not statistically significant on its own.

Figure 1 and Table 2 summarize the significant edges in terms
of functional networks, in which the edges generated from each
model are distributed among 10 distinct functional networks
(i.e. prefrontal, motor, insula, parietal, temporal, occipital, limbic,

cerebellum, subcortical, brainstem) derived from the extent of
their functional coactivation patterns (24). To elaborate, we found
a total of 270 edges that negatively predicted prevention success
scores in held-out (i.e. unseen) participants. Notably, 141 edges
from the primary motor cortex accounted for more than half of
the significant negative network edges. Edges from the parietal
cortex (123 edges) and limbic cortex (77 edges) accounted for the
second and third most edges contributing to the negative network.
Nodes connecting these edges of the primary motor cortex and the
parietal cortex were mostly located within the somatomotor net-
work and the cingulo-opercular network, including paracentral
lobule, anterior cingulate, precentral gyrus, supramarginal gyrus,
and midcingulate. On the other hand, supporting the prediction
that cortical midline structures would emerge as important com-
ponents of the predictive network model for regulatory focus, no-
des within the default mode network (DMN), such as middle
temporal gyrus, parahippocampal gyrus, precuneus, midcingu-
late, and orbitofrontal cortex, contributed to edges of the limbic
cortex (Table 2). Among these edges, 53 edges connecting the pri-
mary motor and parietal cortex ranked first in terms of connection
frequency among all lobes, and 39 edges connecting nodes within
the primary motor cortex ranked second. Overall results remain
unchanged when extraversion and neuroticism personality traits
(n=1,306; measured using the NEO-PI-R scale) (25), which are
known to be modestly associated with regulatory focus (26),
were included in the model as additional covariates (positive,
r=0.02, P=0.539; negative, r=0.08, P=0.003, permuted P =0.005;
combined, r=0.12, P <0.001, permuted P < 0.001).

Connectome-based predictive model of promotion
success

No functional connectivity network showed significant prediction
performance for promotion success scores after controlling for
sex and DX, as well as extraversion and neuroticism.

Discussion

Seeking to extend existing knowledge regarding the brain signa-
tures of promotion and prevention, we presented a predictive
brain network model of individual differences in regulatory focus,
generated from whole-brain functional connectomes of 1,307
young adults. Our data-driven CPM analyses revealed multivari-
ate patterns of functional network connectivity significantly pre-
dictive of individual differences in prevention but not promotion
success. Notably, stronger prevention success scores were pre-
dicted by reduced intrinsic functional connectivity of not only het-
eromodal association cortices in parietal and limbic networks but
also primary motor cortex. These results were not explained by in-
dividual differences in personality traits such as extraversion or
neuroticism, which is not surprising given the likelihood that
regulatory focus and temperament-based traits are both develop-
mentally and functionally distinct (27). Within the CPM-derived
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Fig. 1. Connectome-based prediction model of prevention success. A) Combined positive and negative networks contributed to the prediction of

prevention success (P =0.002; 1,000 permutations). B) Contributions of each of 10 functional networks to prevention success prediction, summarized by
positive, negative, and combined networks. The numbers in each cell denote the number of edges for each pair of networks. PFC, prefrontal cortex; Mot,
motor cortex; Ins, insula; Par, parietal cortex; Tem, temporal cortex; Occ, occipital cortex; Lim, limbic cortex; Cer, cerebellum; Sub, subcortical regions; R,

right; L, left.

predictive network, the primary motor cortex had the highest
number of predictive connections with other nodes, especially
with the parietal network, followed by connections between no-
des within the motor cortex highlighting its functional import-
ance in predicting prevention success scores.

The prominent role of the primary motor cortex in predicting
prevention success scores is a novel finding and suggests that
the prevention system’s motivational properties as a “top-down”
cognitive structure may be similar to those attributed to the be-
havioral inhibition system (BIS) (28), a “bottom-up” cognitive
structure which primarily dictates inaction rather than action.
Gray (28, 29) conceptualized two motivational pathways for regu-
lating behavioral reactions that are elicited by environmental
stimuli, the behavioral activation system (BAS) and the BIS. The
BAS activates approach behaviors toward rewarding stimuli,
whereas the BIS prompts inhibition behaviors toward stimuli
that serve as threats or punishment (30). We have previously dis-
cussed the similarities and distinctions between the prevention
system and the BIS, both neuroanatomically and in terms of
adaptive significance: RFT postulates two cognitive/motivational
systems for higher order strategic goal pursuit, whereas BAS and
BIS are attuned to spatiotemporally local stimuli with evolutionary
significance (27). Nonetheless, the motivational characteristics of

the BIS draw a parallel with the strategic avoidance of negative
outcomes for a person motivated by prevention goal pursuit ac-
cording to RFT. Both systems operate under an inhibitory motiv-
ation aimed at minimizing loss against potential threats (4, 31),
and BIS scores are significantly correlated with prevention focus
scores (32). In addition, a critical characteristic shared across the
BIS and the prevention system is the use of inaction through
which an individual strives to shield the self from potential
losses, maintaining the safety of the status quo (33) even though
that choice often comes at the cost of not pursuing opportunities
for gains.

The finding that primary motor cortex activation was influ-
ential in predicting individual differences in the prevention sys-
tem may be explained in a number of ways. Intriguingly, a
recent study revealed the presence of multiple mind-body in-
terfaces embedded within the human primary motor cortex
(34). Using a deep phenotyping approach, Gordon et al. identi-
fied intereffector areas between traditional effector-specific
areas within the primary motor cortex (i.e. motor homunculus).
Unlike the canonical effector-specific areas, these intereffector
areas exhibited dense connectivity with regions of the prefront-
al,insular, and parietal cortex supporting executive control and
behavioral regulation (35). As such, the authors labeled those
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Table 2. Top 25 nodes in the negative predictive network with the most connections that contributed to predicting prevention

orientation.

Node MNI coordinates (xyz) Network Number of connections
R paracentral lobule 2 -28 60 Somatomotor 40
L rolandic operculum -38 -33 17 Auditory 25
L paracentral lobule -7 -33 72 Somatomotor 23
L ventral anterior cingulate -14 -18 40 Somatomotor 20
R precentral gyrus 42 -20 55 Somatomotor 18
L paracentral lobule -13 -17 75 Somatomotor 17
R superior temporal gyrus 65 -33 20 Auditory 16
L middle temporal gyrus —-46 -61 21 Default mode 12
L parahippocampal gyrus -26 —40 -8 Default mode 12
L paracentral lobule -7 =21 65 Somatomotor 11
R supramarginal gyrus 54 -28 34 Cingulo-opercular 11
L midcingulate cortex -10 -2 42 Cingulo-opercular 10
R superior frontal gyrus 19 -8 64 Cingulo-opercular 10
R postcentral gyrus 29 -39 59 Somatomotor 10
R supplementary motor area 13 -3 75 Somatomotor 9
L precentral gyrus -38 =27 69 Somatomotor 8
R supplementary motor area 10 -2 45 Somatomotor 8
R postcentral gyrus 47 -30 49 Somatomotor 8
L precuneus -11 -56 16 Default-mode 8
L midcingulate cortex -2 -37 44 Default-mode 8
L rolandic operculum -55 -9 12 Auditory 8
L precuneus -7 -52 61 Somatomotor 7
Rinsula 36 -9 14 Somatomotor 7
R precentral gyrus 29 =17 71 Somatomotor 6
L anterior orbitofrontal cortex =21 41 -20 Unknown 6

intereffector areas as mind-body interfaces supporting the dy-
namic top-down modulation of goal-directed actions through
direct motor control (34). That logic potentially fits the nature
and neurocognitive structure of the two motivational systems
postulated by RFT.

It is thus possible that our CPM-derived predictive model re-
flects a propensity for modulation of action, with a bias toward in-
action as a default, among individuals with greater prevention
orientation. Such an explanation is consistent with the behavioral
literature on RFT, wherein promotion-oriented goal pursuit is
characterized by approach behavior that becomes more intense
as the individual nears the goal, whereas prevention-oriented
goal pursuit relies on behavioral strategies that minimize risk
and potential exposure to losses. In other words, the weaker in-
trinsic functional connectivity between the primary motor cortex
and heteromodal association cortices, especially the parietal cor-
tex, that characterizes prevention-oriented individuals might re-
flect their behavioral and motivational tendencies for “strategic
inaction” that is intended to maintain one’s present state in order
to prevent catastrophic loss. Conversely, individuals with stronger
connectivity between these areas may have a lower threshold for
goal-directed action (22). Recent discoveries of greater suppres-
sion of the motor cortex in individuals with higher BIS scores
and less sensorimotor inhibition for individuals with lower BIS
scores when facing threats also support this possibility (36, 37).
Moreover, these empirical reports are consistent with the theoret-
ical account linking the BIS system with motor inhibition (38).
Interestingly, Amodio et al. (39) also applied that theoretical
framework to interpreting distinctions between specific features
of an electroencephalogram (EEG)/event-related potential (ERP)
dataset that predicted promotion vs. prevention focus. Overall,
our study provides data-driven evidence that further supports
the connection between dispositional regulatory focus and inhib-
ition of behavioral tendencies, particularly as associated with dis-
criminant patterns of distributed whole-brain intrinsic network
connectivity.

Supporting our hypothesis, the PFC and cortical midline struc-
tures emerged as important nodes within the predictive network
model of regulatory focus. Together with the motor and parietal
networks, the connectivity of nodes located within the DMN,
such as the middle temporal gyrus, parahippocampal gyrus, pre-
cuneus, midcingulate, and orbitofrontal cortex, also contributed
to the prediction of prevention success. These results fit well
with the recently highlighted functional role of the DMN in the
context of task performance (40). Moreover, in a recent study by
Gale et al. (41), the interplay between the DMN and motor cortex
was shown to promote goal-directed adaptation by controlling
motor behavior via a top-down process. This study places our
findings in proper context, as reduced functional connectivity be-
tween association cortices—especially the default mode and
fronto-parietal networks—and the motor cortex during a sensori-
motor adaptation task was related to poorer performance in ac-
tion learning (41). Given that BIS has been shown to impair
action learning task performance with regard to goal-oriented be-
havior (42, 43), our connectome-based predictive model of preven-
tion success may indeed reflect the tendency for behavioral
inhibition thatis in line with the role of the motor-association con-
nections to control action with higher order modulation (41).

The connectivity of nodes located within the DMN also extends
previous task-based fMRI studies reporting associations between
regulatory focus and activation of cortical midline structures sup-
porting self-referential processes (44). In general, these prior stud-
ies suggest that rather than each regulatory focus domain (i.e.
promotion vs. prevention) being exclusively associated with spe-
cific brain regions, global activation of cortical midline structures
is observed because the individual conceptualizes their identity
and a sense of self when they are processing their regulatory
goal and its representations (4). This assertion is supported by
the findings of Detloff et al. (7) in healthy adults as well as
Daffre et al. (13) in healthy adolescents.

Using this unbiased whole-brain approach, we found that the
DMN, which is central in generating models of the self (12), was
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associated with individual differences in prevention but not pro-
motion orientation. Our results showed that weaker connectivity
of the DMN with other regions predicted higher chronic preven-
tion focus. This aligns with the cognitive motivational processes
of individuals with high prevention focus, who tend to be moti-
vated by responsibilities and obligations (e.g. “feeling good about
following rules”) (23) rather than ideals or accomplishments.
Social neuroscience has established that the DMN is reliably asso-
ciated with tendencies for self-reflection and judgment, which are
self-regulatory strategies more amenable to prevention (‘don’t
make a mistake”) than promotion (‘take a chance”). At a
strategic-interpersonal level, prevention orientation also leads
to a sense of alleviation when adhering to directions or external
circumstances, even when they are not in line with or go against
the will of the individual, motivating behaviors such as readily fol-
lowing a given set of rules (45, 46). In this light, our findings could
be understood as signifying that the association of prevention
orientation with weaker functional connectivity of the DMN and
other cortical midline structures also has the effect of limiting
the extent to which the sense of self exerts an influence on other
brain networks including the motor cortex.

We note that our analysis did not reveal a corresponding pat-
tern of functional connectivity associated with the promotion sys-
tem, which could be due to the nature of the promotion-goal
pursuit that may not require cognitive processes complex enough
to be captured at the brain network level. Individuals with high
promotion orientation tend to act in order to pursue their desired
ideal state in the presence of an interpersonal or environmental
cue for attainment, which does not require self-reflection or con-
sideration of morals and societal values (45). We speculate that
the relatively straightforward and transitory motivational process
of the promotion system is not as readily detected from the goal-
free brain states (i.e. with no specific potential positive outcome
made salient to each participant) that we examined in the present
study.

Because our study employed a data-driven predictive modeling
approach that reliably estimated whole-brain intrinsic functional
network connectivity in a large sample (>1,000), we were able to
address some important limitations of prior studies. First, small
sample sizes (<100) often found in imaging studies are nonoptimal
for achieving the statistical power necessary to detect small ef-
fects in individual differences research using fMRI (18, 19).
Second, as described above, the majority of prior studies of regu-
latory focus have relied on a priori hypotheses concerning the pre-
frontal and cortical midline structures as brain regions of interest.
Third, many task-based fMRI measures have poor test-retest reli-
ability, which limits the ability to identify individual differences in
brain-behavior associations (47). Nevertheless, one limitation of
our study is the potential generalizability of our findings. The
Duke Neurogenetics Study (DNS) data were collected from high-
functioning young adult university students in the United
States, so that it would be premature to assume that the same
findings would be replicated in samples drawn from the general
population. We recognize the need for future studies to validate
and further investigate the present phenomenon in population-
representative datasets. We note that this endeavor has become
especially important in light of a recent report suggesting that
brain-wide association studies require very large samples ((19);
but see also Refs. (48, 49)).

To summarize, our data-driven, exploratory CPM of data from a
large sample identified reliable patterns of intrinsic network func-
tional connectivity predictive of individual differences in preven-
tion but not promotion orientation toward goal pursuit.

Consistent with prior region of interest task-based fMRI findings,
our analyses demonstrated that variability in the intrinsic func-
tional connectivity of networks supporting executive control and
behavioral regulation predicted prevention-oriented goal pursuit.
More importantly, our data-driven whole-brain approach identi-
fied a previously unreported contribution of variability in the in-
trinsic connectivity of primary motor cortex in predicting
individual differences in prevention-oriented goal pursuit. This
finding helps deepen our understanding of individual differences
in prevention-oriented goal pursuit orientation as reflecting pat-
terns of intrinsic functional connectivity of motor control consist-
ent with strategic inaction as a behavioral default. Moreover, this
novel finding highlights the potential for data-driven whole-brain
connectome analyses to reveal previously unknown links be-
tween brain and behavior that ultimately may extend our under-
standing of vulnerability to psychopathology.

Materials and methods

Participants

Data from 1,307 university student volunteers (751 women, 19.7 +
1.3 years of age) who successfully completed the DNS between
January 2010 and November 2016 were included in the present
analyses. All participants provided written informed consent.
The study protocol was approved by the Duke University
Medical Center Institutional Review Board. To be eligible for the
DNS, participants were required to be free of the following condi-
tions: (i) medical diagnoses of cancer, stroke, head injury with loss
of consciousness, untreated migraine headaches, diabetes requir-
ing insulin treatment, chronic kidney, or liver disease; (ii) use of
psychotropic, glucocorticoid, or hypolipidemic medication; and
(iif) conditions affecting cerebral blood flow and metabolism (e.g.
hypertension). Exclusion criteria did not include history of diagno-
sis for psychiatric disorders classified by the Diagnostic and
Statistical Manual of Mental Disorders, Fourth Edition (50). Past or cur-
rent diagnosis information is summarized in the Supplementary
Information (Table S1). Participants self-reported as being White
or Caucasian (n=652), Black or African American (n=155),
Asian (n=356), American Indian or Alaska Native (n=3),
Multiracial (n=102), and other (n=39), as well as Hispanic/
Latino (n=134). As the DNS followed a standardized procedure,
we note that the following description of the methods is also de-
scribed elsewhere (22, 51).

Regulatory focus

The Adolescent RFQ (23) was used as the continuous measure of
chronic regulatory focus. The questionnaire is a minimally
adapted version of the RFQ (45), which measures individual differ-
ences in orlentation to promotion and prevention goals. The
Adolescent RFQ consisted of 22 Likert-style items from four sub-
scales: promotion history, prevention history, promotion success,
and prevention success. The two history subscales evaluate the ex-
tent of socialization as a child to construe situations in terms of
each orientation goal, while the two success subscales evaluate
the extent to which the individual feels a sense of pride and well-
being from pursuing each orientation goal. Sample items include,
“My parents celebrated my accomplishments” (promotion history),
“My parents pointed out possible dangers” (prevention history), “I
become more motivated by accomplishments” (promotion suc-
cess), and ‘I am feeling good about following rules” (prevention
success). Due to the previously documented psychometric in-
stability of the history subscales, our analyses focused on the
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success subscales following the strategy employed in previous
studies (4, 31, 45).

fMRI data acquisition

Each participant was scanned using one of the two identical
research-dedicated GE MR750 3T scanner equipped with high-power
high-duty-cycle 50-mT/m gradients at 200 T/m/s slew rate, and an
eight-channel head coil for parallel imaging at high bandwidth up
to 1 MHz at the Duke-UNC Brain Imaging and Analysis Center. A
semiautomated high-order shimming program was used to ensure
global field homogeneity. A series of 34 interleaved axial functional
slices aligned with the anterior commissure-posterior commissure
plane were acquired for full-brain coverage using an inverse-spiral
pulse sequence to reduce susceptibility artifacts [repetition time
(TR)/echo time (TE)/flip angle=2,000 ms/30 ms/60; field-of-view
(FOV) =240 mm; 3.75 % 3.75 x4 mm voxels; interslice skip =0]. Four
initial radiofrequency excitations were performed (and discarded)
to achieve steady-state equilibrium. To allow for spatial registration
of each participant’s data to a standard coordinate system, high-
resolution 3D T1-weighted structural images were obtained in 162
axial slices using a 3D Ax FSPGR BRAVO sequence (TR/TE/flip angle
=8.148 ms/3.22 ms/12°; voxel size =0.9375x 0.9375 x 1 mm; FOV =
240 mm; interslice skip =0; total scan time =4 and 13 s). In addition,
high-resolution structural images were acquired in 34 axial slices co-
planar with the functional scans and used for spatial registration for
participants without Ax FSPGR BRAVO images (TR/TE/flip angle=
7.7 /3.0 ms/12; voxel size=0.9x 0.9 x 4 mm; FOV =240 mm, inter-
slice skip=0). For each participant, two back-to-back 4-min 16-s
(256 time points) rsfMRI scans were acquired. Participants were in-
structed to remain awake, with their eyes open during each resting-
state scan. Participants also completed a battery of four task fMRI
scans, which consisted of an emotional face-matching task
(6:30 min, 195 time points), a card-guessing task (5:42 min, 171
time points), a working memory task (11:48 min, 354 time points),
and a face-naming task (5:24 min, 162 time points). Detailed descrip-
tions of these four tasks are provided in the supplementary material
(SI Methods).

fMRI data preprocessing

Anatomical images for each subject were skull-stripped, intensity-
normalized, and nonlinearly warped to a study-specific average tem-
platein the standard stereotactic space of the Montreal Neurological
Institute (MNI) template using ANTs (52). Blood-oxygen-level-de-
pendent (BOLD) time series for each subject were processed in
AFNI (53). Images for each subject were despiked, slice time-
corrected, realigned to the first volume in the time series to correct
for head motion, coregistered to the anatomical image using FSL’s
Boundary-Based Registration (54), spatially normalized into MNI
space using the nonlinear warp from the anatomical image, re-
sampled to 2 mm isotropic voxels, and smoothed to minimize noise
and residual difference in gyral anatomy with a Gaussian filter, set
at6-mm full-width athalf-maximum. All transformations were con-
catenated so that a single interpolation was performed. Voxelwise
signal intensities were scaled to yield a time series mean of 100 for
each voxel. Motion regressors were created using each subject’s six
motion correction parameters (three rotation and three translation)
and their first derivatives (55) yielding 12 motion regressors. White
matter and cerebrospinal fluid nuisance regressors were created
using CompCor (56). Images were bandpass filtered to retain
frequencies between 0.008 and 0.1Hz, and volumes exceeding
0.5 mm framewise displacement or 2.5 standardized temporal de-
rivative of root mean square (RMS) variance over voxels (DVARS)

were censored (57). All 1,307 participants had more than or equal
to 229 time pointsleft after censoring. Nuisance regression, bandpass
filtering, and censoring for each timeseries were performedin a single
processing step using AFNI’s 3dTproject.

Functional network construction

After preprocessing, a whole-brain functional connectivity ma-
trix (i.e. functional connectome) was constructed for each sub-
ject. Network nodes were defined using the Power 264-node
brain atlas (58), which were further assigned to 10 functional net-
works (59) including prefrontal, motor, insula, parietal, temporal,
occipital, limbic, cerebellum, subcortical, and brainstem lobe us-
ing Biolmage Suite. To extract time-series data from each node,
the atlas was warped from MNI space into individual-subject
space. In order to compute GFC, average time-series data were
extracted independently from each node per scan session. In
the case of task fMRI data, we use AFNI’s 3dTproject to regress
out the effects of tasks from the four task-based scans by adding
task events as additional nuisance variables. The time series
from rsfMRI and task-regressed fMRI data were concatenated
and recombined for each participant to build GFC (20). Pairwise
correlation was calculated for all possible pairs of nodes, and
the resulting Pearson correlation coefficients were Fisher’s
z-transformed to yield symmetric 264 x 264 connectivity matri-
ces. Each cell of the matrix represents the functional connection
of corresponding edges.

Connectome-based predictive modeling

Based on the whole-brain GFC, CPM (59) was conducted to predict
individual differences in regulatory focus. Since the two success
subscales of the Adolescent RFQ represent heterogeneous psy-
chological properties for promotion and prevention orientation,
we performed the general process of CPM (59) for each of the
two subscale scores of the questionnaire, controlling for covari-
ates including sex and history of diagnosis for psychiatric disor-
ders (DX). First, the data were separated into a training dataset
and a test dataset (see below for details). Then, every edge in
GFC matrices and the subscale scores from participants in the
training dataset were correlated to select predictive edges which
were most significantly correlated with behavioral variables.
Here, we computed Spearman’s rank correlation coefficients,
and identified positively correlated edges and negatively corre-
lated edges separately to construct positive and negative predict-
ive networks (P<0.01). Correlation strengths of these selected
edges in each network were then summed to create single-
subject statistics for each participant, which were entered into
a training model that explained the Adolescent RFQ linearly.
Finally, the linear model established with the training set was ap-
plied to the participants in the test set (i.e. held-out data) to pre-
dict their RFQ scores.

The test dataset and the training dataset that are required for
model building were generated using k-fold cross-validation
framework. Specifically, we arranged 1,307 participants into 10
approximately equal-sized groups. One group of participants
were left out for testing, and data from the remaining nine groups
were used to construct the training model. Then, the predictive
ability of this this training model was assessed by fitting it with
the test dataset. This procedure was repeated with a different left-
out group in each step such that all 10 groups of participants
served the role of the test sample in an iterative manner.
Predictive scores generated from this process were then compared
against the observed scores of the participants to see how much
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the two scores were correlated, which represents a measure of the
predictive power of the model (16). Then, the significance of the
model performance was evaluated based on its relative position
along the null distribution derived from permutations. In detail,
the participants and their RFQ scores were randomly shuffled
1,000 times, where the CPM procedure was performed each time
to yield 1,000 random r-values. Finally, to calculate nonparamet-
ric P-values, the number of random r-values larger than the
r-value of the original model was divided by 1,000.
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