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Abstract

Attention control predicts academic achievement, professional success, and health outcomes.
However, the neural basis of stable, individual differences in attention control remains unclear.
Prior research has emphasized momentary fluctuations in attentional engagement, often
overlooking enduring individual differences. Here, we applied the quasi-periodic pattern (QPP)
analysis of infraslow fMRI dynamics in a large sample (N = 196) to test whether trait attention
control is reflected in network-level brain activity as well as the locus coeruleus. Using latent-
variable measures of attention control, working memory capacity, and fluid intelligence, we
isolated the unique contribution of attention control across rest, 1-back, and 3-back conditions.
Under heightened cognitive demand, individuals with higher attention control exhibited more
coordinated activity of the frontoparietal control network (FPCN): they showed enhanced coupling
with the dorsal attention network (DAN), and greater engagement with the locus coeruleus (LC)
and stronger decoupling from the default mode network (DMN). Even at rest, high attention
individuals demonstrated stronger FPCN-DAN coupling, and little to no correlation between
FPCN-DMN, indicating that attentional capacity is reflected in both task-evoked reconfiguration
and baseline network architecture. These findings reveal how attention control, as an ability, is
instantiated in the brain’s dynamic architecture.

Significance Statement

Attention control is fundamental to human cognition, and people.di \h this trait to maintain
focus. These individual differences shape success in school, wi k\ d health, but their neural
basis remains unclear. Our study shows that attention control(s seflected in the brain’s dynamic
interaction. Individuals higher in attention control demons more coordination between the
frontoparietal control network with other attention netw s well as the locus coeruleus, a
major neuromodulatory hub. Remarkably, these sig rés are present even in the absence of
cognitive load. These findings demonstrate that a n control is not just momentary
fluctuations, but a stable trait embedded in larg e brain dynamics, providing a new
framework for understanding the neural orgahization of individual differences.

Main Text A@
Introduction KO
Why attention control matters QQ

Attention control ref% the domain-general ability to focus on goal-relevant information
while resisting distraction and interference from task-irrelevant thoughts and events (1, 2). It is an
ability that has been described as “Supervisory Attentional System” (3), "cognitive control" (4, 5),
"executive function" (6), “executive control” (7), "executive attention" (8, 9), and the "central
executive" (10). This ability can manifest at both the trait-level - a relatively stable individual
difference - and the state-level, where the ability can be diminished due to external distractions
and even internal challenges such as fatigue, sleep deprivation, and emotional stress. As a trait
variable, it can predict achievements in academics (11-14), is correlated with mental and physical
health (15), and has positive effects on social and psychological development (16). In adults, it is
linked to job performance (17). Despite its broad relevance, the neural basis of stable, trait-level
differences in attention control remains poorly understood.

Gaps in prior work and candidate systems

Existing research provides insight into how the average brain responds to fluctuating
attentional demands (i.e., state-level variation), however, much less is known about how these
responses vary between individuals (i.e., trait-level differences) as well as the interaction between
the two factors. Research on individual differences in attention control has largely taken two
approaches (18). Some studies link brain activity during tasks to behavior measured concurrently.
In contrast, many trait-level studies focus on resting-state networks, with little attention to how
these networks engage during tasks or shift from rest to task (19-24). Bridging these approaches
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may help clarify how trait-level differences in attention control are reflected in the dynamic
engagement of brain networks from rest to task. This gap in knowledge limits our understanding
of the true neural basis of individual differences in attention control and constrains the
identification of brain-based biomarkers for attention-related disorders. Fortunately, many recent
studies have moved towards an approach that bridges this gap (25, 26). Evidence converges on
the prefrontal cortex (PFC) (27) as a central node for maintaining task goals. Thus, it has been
proposed that individual differences in attention control are likely mediated by the PFC,
particularly the dorsolateral prefrontal cortex (dIPFC) (28). Yet, control is unlikely to be localized
to a single region. The frontoparietal control network (FPCN) is a distributed hub that
encompasses the dorsolateral and rostrolateral PFC along with areas of the posterior parietal
cortex (PPC) including the inferior (IPL) and superior parietal lobule (SPL). It is supported by its
connectivity with other networks (29-32), including the default mode network (DMN) (33, 34)
involved in internally oriented thought, the dorsal attention network (DAN) (29) which supports
externally oriented attention, and the ventral attention network (VAN) (35, 36) which activates
during salience detection. Due to its highly connected (37, 38) architecture, the FPCN is the
prime candidate to play a central role in coordinating information processing across the brain as a
unitary domain general system regulating top-down attention control. Spreng and colleagues (39)
concluded that the FPCN works as a cortical mediator between DAN and DMN by flexibly
coupling with one or the other according to task demands. We push this framework further by
predicting that that this relationship is also mediated by individual di nces in attention control.

Another important consideration is that the frontoparieta rol network (FPCN)
maintains reciprocal anatomical connections with the locus coC:l&e (LC) (40), the brain’s
primary source of norepinephrine. Through this neuromodu system, the LC—NE system
plays a central role in regulating arousal and shaping lar: le brain network dynamics. In
particular, the LC shares strong reciprocal anatomical nctional connections with the dorsal
anterior cingulate cortex (dACC)—a principal hub o FPCN—forming an integrative circuit that
links cortical control systems with ascending neu ulatory input (41, 42). Phasic LC activity is
thought to promote coordinated engagement and, reconfiguration of large-scale brain networks
during cognitively demanding states (43, 44) lndividual differences in how effectively LC-
mediated neuromodulatory signals coordi hese network dynamics may therefore contribute
to trait-level variation in attention contr , 46).

QPP framework and the present

A promising tool for ¢ g the dynamics of large-scale networks is the quasi-periodic
pattern (QPP) (47, 48) analysjswwhich identifies recurring, infraslow spatiotemporal patterns of
brain activity. This measure also preserves temporal information and has been shown to account
for substantial variance (49) in fMRI signals.

QPPs reveal robust anticorrelations between the DMN and DAN that have been
observed at rest (33, 50) and are also linked to task performance (51-54). Weaker anti-correlation
has been reported in ADHD patients (55). Moreover, the QPP signatures are shown to be stable
within individuals across days (56), raising the possibility that they may index trait-level
differences. Yet no study has directly tested whether infraslow network dynamics track stable
attentional differences or how these interactions evolve with increasing cognitive demand.

We addressed this gap by combining a large sample (N = 196), latent-variable modeling
of attention control, working memory, and fluid intelligence constructs, with the QPP analysis
across rest, 1-back, and 3-back tasks. Participants first completed a battery of computerized
tasks to measure cognitive constructs (see Table S2) across two separate days. They then
returned for a single fMRI session, during which they completed n-back tasks and a resting-state
scan. For more information refer to the Methods and Materials section as well as Supplementary
Information.

This design allowed us to isolate the unique contribution of attention control to brain
network dynamics and connect trait-level with state-level interactions. We hypothesized that the
synchrony of the FPCN with other large-scale networks (DMN, DAN, and VAN), as well as with
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the LC, would reflect differences in trait-level attention control, and that these differences would
become more pronounced under increased task demands.

Results

Latent-variable modeling of cognitive constructs

We first validated the measurement model for attention control, working memory
capacity, and fluid intelligence. A three-factor confirmatory factor analysis showed a good fit,
Xx3(24) = 39.93, p < .05, CFl = .96, RMSEA = .06 [.02, .09]. All factor loadings were significant (p <
.001). As expected, the latent factors were highly correlated (r = .62—.74) which is consistent with
previous studies, known as the positive manifold (45-47); see Figure 1. For that reason, to
understand if the QPP is indeed capturing attention control, it is crucial to look at attention
control’s unique contribution. To do so, we removed the shared variance of fluid intelligence and
working memory capacity and entered the residualized attention control score into the multilevel-
model. Factor loadings and correlations are reported in the SI Appendix, Table 1 and Table 2.

d’ was used to assess performance on the 1-back (Mean d’ = 3.04, SD = 1.14) and 3-
back (Mean d’ = 1.57, SD = 0.73) tasks. The unresidualized attention control factor correlated
with 1-back performance (r = .300, p <.001) and 3-back performance (r = .460, p < .002).
However, the unique residualized attention control factor correlated only with the 1-back
performance (r=.211, p <.01) and not 3-back performance (r— 07 > .05).

Frontoparietal control network (FPCN) and default mode netw: N) correlation

The FPCN-DMN correlation changed significantly sk demands, F(2, 27,238) =
285.94, p < .001, partial n2=.021, such that they were p\ﬁly correlated at rest (8 =.199, 99%
Cl[.173, .224], SE = .01, #(27,238) = 19.88, p < .001), e less positively correlated during 1-
back (8 =.115, 99% CI [.088, .142], SE = .01, t(27,2$10.97, p < .001), and were negatively
correlated during 3-back (8 =—-.139, 99% CI [- 12], SE = .01, {(27,238) = -13.12, p <
.001). Significant changes were observed acros&ask pairs (rest vs. 1-back, p <.001; 1-back
vs. 3-back, p <.001; rest vs. 3-back, p < 00

Critically, thls pattern interacted w, ention control uniquely, F(2, 27,238) = 14.91, p <
.001, partial n?=.001; see Figure 2a. Hi attentlon control was associated with a less positive
FPCN-DMN correlation during restln ate (8 =-.049, 99% CI [-.075, —.023], SE = .01, #(27,238)
=-4.90, p <.001). Individuals Iow attentlon control showed a greater decrease in the FPCN-
DMN correlation from rest to 1 ,B =.078, 99% CI [.040, .115], SE = .02, {(27,238) = 5.37, p
<.001), as well as from rest % k (B =.050, 99% CI [.012, .087], SE = .02, {(27,238) = 3.43,
p < .001). However, attentio rol was not related to change in FPCN-DMN correlation from 1-
back to 3-back (8 =-.028, 99% CI [-.066, .011], SE = .02, #(27,238) = —4.90, p = .062); that is,
high and low attention control individuals showed the same magnitude of a switch from a positive
FPCN-DMN correlation during 1-back to a negative FPCN-DMN correlation during 3-back.

After accounting for the shared variance between 1-back performance and attention
control, neither 1-back performance (8 =.012, 99% CI [-.016, .040], SE = .01, £8,844) =111, p
= .268) nor attention control (8 = .026, 99% CI [-.002, .054], SE = .01, #(8,844) = 2.43, p = .015)
was associated with the FPCN-DMN correlation in the 1-back. After accounting for the shared
variance between 3-back performance and attention control, neither 3-back performance (8 =
.009, 99% CI [-.019, .038], SE = .01, £(8,194) = 0.84, p = .399) nor attention control (8 = -.016,
99% CI [-.044, .013], SE = .01, #(8,194) = —-1.41, p = .160) was related the FPCN-DMN
correlation in the 3-back.

Frontoparietal control network (FPCN) and dorsal attention network (DAN) correlation

The FPCN-DAN correlation changed significantly with task demands, F(2, 27,238) =
651.65, p < .001, partial n?= .05, such that they were slightly negatively correlated at rest (8 = —
.027, 99% CI [-.052, —.002], SE = .01, #27,238) = -2.76, p = .006), became positively correlated
during 1-back (8 = .095, 99% CI [.069, .121], SE = .01, #27,238) = 9.30, p < .001), and became
more positively correlated during 3-back (8 = .470, 99% CI [.443, .496], SE = .01, #(27,238) =
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45.44, p < .001). Significant changes were observed across all task pairs (rest vs. 1-back, p <
.001; 1-back vs. 3-back, p < .001; rest vs. 3-back, p <.001).

Critically, this pattern interacted with attention control uniquely, F(2, 27,238) = 37.21, p <
.001, partial n?=.003; see Figure 2b. Higher attention control was associated with a less
negative and slightly positive FPCN-DAN correlation during resting-state (8 = .054, 99% ClI [.029,
.079], SE = .01, t(27,238) = 5.58, p < .001). Individuals lower on attention control showed a
greater shift to a more positive FPCN-DAN correlation from rest to 1-back (8 = —.097, 99% CI [-
134, —.061], SE = .01, £(27,238) = —6.88, p < .001), though not from rest to 3-back (8 = .019, 99%
CI [-.018, .055], SE = .01, #27,238) = 1.33, p = .183). Individuals higher on attention control
showed a greater increase in the positive FPCN-DAN correlation from 1-back to 3-back (8 = .116,
99% CI [.079, .154], SE = .02, #27,238) = 7.99, p < .001).

After accounting for the shared variance between 1-back performance and attention
control, 1-back performance was associated with a greater positive FPCN-DAN correlation in the
1-back (B8 = .031, 99% CI [.003, .058], SE = .01, {(8,844) = 2.82, p = .005), however, attention
control showed the opposite pattern as it was associated with less of a positive FPCN-DAN
correlation in the 1-back (8 =-.049, 99% CI [-.077, —.021], SE = .01, 1(8,844) = —4.55, p < .001).
After accounting for the shared variance between 3-back performance and attention control, 3-
back performance was not associated with the FPCN-DAN correlation in the 3-back (8 = .016,
99% CI [-.009, .042], SE = .01, #8,194) = 1.63, p = .104), but attentlon control was associated
with a greater positive correlation (8 = .082, 99% CI [056 107] 01, £(8,194) = 8.27, p <
.001). Nevertheless, when not accounting for differences in att !%ontrol 3- back performance
was associated with a greater positive FPCN-DAN correlatlon 0, 99% CI [.005, .055], SE

= .01, {(8,196) = 3.08, p = .002).

Frontoparietal control network (FPCN) and ventral attec?} network (VAN) correlation

The FPCN-VAN correlation changed signifi with task demands, F(2, 27,238) =
115.59, p < .001, partial n?=.008, such that the slightly negative but non-significantly
correlated at rest (8 = —-.019, 99% CI [-.045, .00%],"\SE = .01, #27,238) = —-1.90, p = .057),
became slightly positive but non—significantl%rrelated during 1-back (8 =.026, 99% CI [-.001,
.053], SE = .01, #27,238) =2.45, p = .01 became negatively correlated during 3-back (8 =
—.190, 99% CI [-.217, —.163], SE = .01 ,238) =—-17.81, p < .001). Significant changes were
observed across all task pairs (rest O—back, p < .001; 1-back vs. 3-back, p < .001; rest vs. 3-
back, p <.001). {

Critically, this pattern i ted with attention control uniquely, F(2, 27,238) = 51.39, p <
.001, partial n2=.004; see Fg% c. Higher attention control was associated with a less
negative and slightly positiv N-VAN correlation during resting-state (8 = .047, 99% CI [.021,
.073], SE = .01, t(27,238) = 4.70, p < .001). Higher and lower attention control individuals showed
opposite patterns in the change from rest to 1-back (8 = —.146, 99% CI [-.184, —.109], SE = .02,
#(27,238) = -10.05, p < .001); that is, higher attention control was associated with a shift to a
more negative FPCN-VAN correlation and lower attention control was associated with a shift to a
more positive FPCN-VAN correlation. Individuals higher on attention control showed more of a
change to a greater negative FPCN-VAN correlation from rest to 3-back (8 = -.052, 99% CI [-
.090, —.014], SE =.02, t(27,238) = — 3.54, p < .001). Individuals lower on attention control showed
more of a shift to a greater negative FPNC-VAN correlation from 1-back to 3-back (8 = .095, 99%
CI[.056, .133], SE = .02, t(27,238) = 6.31, p < .001).

After accounting for the shared variance between 1-back performance and attention
control, 1-back performance was associated with a greater positive FPCN-VAN correlation in the
1-back (8 = .035, 99% CI [.0007, .063], SE = .01, #(8,844) = 3.25, p = .001), however, attention
control showed the opposite pattern as it was associated with a greater negative FPCN-VAN
correlation in the 1-back (8 = —-.106, 99% CI [-.134, —.079], SE = .01, #(8,844) = -9.84, p < .001).
After accounting for the shared variance between 3-back performance and attention control, 3-
back performance was associated with a less negative FPCN-VAN correlation in the 3-back (8 =
.054, 99% CI[.026, .082], SE = .01, 1(8,194) = 4.93, p <.001), however, attention control was not
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associated with the FPCN-VAN correlation in the 3-back (8 = —-.024, 99% CI [-.053, .004], SE =
.01, #(8, 194) = -2.22, p = .027).

Frontoparietal control network (FPCN) and locus coeruleus (LC) correlation

The FPCN-LC correlation changed significantly with task demands, F(2, 27,238) = 8.71,
p <.001, partial n?=.001, such that it was slightly positively correlated in rest (8 = .036, 99% CI
[.009, .062], SE = .01, #(27,238) = 3.52, p < .001) and 1-back (8 = .067, 99% CI [.040, .095], SE =
.01, #(27,238) = 6.34, p < .001), and was not correlated in 3-back (8 = .004, 99% CI [-.023, .032],
SE = .01, £#(27,238) = 0.40, p = .692). There was only a significant different between 1-back and
rest (p <.001).

Critically, this pattern interacted with attention control uniquely, F(2, 27,238) = 18.64, p <
.001, partial n?=.001; see Figure 2d. Attention control was not related to the FPCN-LC
correlation at rest (8 =-.014, 99% CI [-.040, .012], SE = .01, (8, 194) = —1.41, p = .159) or
during 1-back (8 = -.022, 99% CI [-.050, .005], SE = .01, (8, 194) = -2.11, p = .035); but it was
during 3-back (8 =.061, 99% CI [.033, .088], SE = .01, #27,238) = 5.67, p <.001). Higher
attention control individuals showed a positive increase in the FPCN-LC correlation from rest to 3-
back (8 = .075, 99% CI [.037, .113], SE = .02, #(27,238) = 5.09, p < .001) and 1-back to 3-back (8
=.083, 99% CI [.044, .122], SE = .02, {(27,238) = 5.51, p < .001), while lower attention control
individuals showed a negative decrease. That is, the biggest difference related to attention control
was when task demand was at its highest during 3-back, lower attention individuals’ FPCN-LC
were negatively correlated, while higher attention individuals’ w sitively correlated.

After accounting for the shared variance between 1-b ormance and attention
control, neither 1-back performance (8 < -.001, 99% CI [-. 26], SE =.01, 1(8,844)=-14,p
= .890) nor attention control (8 = -.022, 99% CI [-.050, . E =.01, 8,844) =-2.04,p =
.042) was associated with the FPCN-LC correlation in{g -back. After accounting for the shared
variance between 3-back performance and attentior;% trol, 3-back performance was not
associated with the FPCN-LC correlation in the (B =.018, 99% CI [-.010, .047], SE = .01,
{(8,194) = 1.65, p = .099), but attention control v&ssociated with a greater positive correlation
(8 =.062,99% CI [.033, .091], SE = .01, (8,
accounting for differences in attention co
positive FPCN-LC correlation (8 = .02

©

A visualization of t QD templates using a high and low group split (n=30) of the
residualized attention control.estimated scores confirms these multilevel modelling results; see
Figure 3.

) =5.53, p <.001). Nevertheless, when not
-back performance was associated with a greater
o CI[.001, .058], SE = .01, {(8,196) = 2.64, p = .008).

Visualization of the QPP templat

Discussion

In line with the framework put forward by Spreng and colleagues (39), we demonstrated
that the frontoparietal control network (FPCN) functions as a domain-general hub that couples
with the default mode network (DMN) or the dorsal attention network (DAN) depending on
whether attention is internally or externally oriented (ie., state-level). A key advancement made
from this study is the clarification that these dynamics are not merely state-dependent but that
they are also shaped by trait-level attention control.

Across analyses, attention control predicted systematic differences in how the FPCN
reconfigured its coupling with other brain systems as cognitive demands increased. A consistent
pattern emerged in which individuals with lower attention control showed larger connectivity
changes between rest and the low-load condition, whereas individuals with higher attention
control exhibited stronger reconfiguration only under high cognitive load.

This pattern was evident in FPCN interactions with the default mode network (DMN).
Individuals with lower attention control showed relatively strong positive FPCN—-DMN coupling
during rest that diminished substantially as task demands increased, indicating disengagement of

6
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internally oriented processing at low cognitive load. In contrast, individuals with higher attention
control showed relatively little change between rest and low load but exhibited pronounced
negative FPCN-DMN coupling under high load, suggesting stronger task-dependent segregation
of internally directed processes when cognitive demands were greatest.

A similar load-dependent pattern was observed for FPCN interactions with attention-
related networks. For the dorsal attention network (DAN), individuals with lower attention control
showed larger connectivity shifts from rest to low cognitive load, whereas individuals with higher
attention control exhibited the strongest increases in FPCN-DAN coupling under high cognitive
load. This pattern suggests that individuals with higher attention control more strongly recruit
goal-directed attention systems when task demands are greatest.

A more complex pattern emerged for interactions between the FPCN and the ventral
attention network (VAN). At rest, individuals with higher attention control exhibited a positive
FPCN-VAN correlation that gradually decreased as cognitive load increased. In contrast,
individuals with lower attention control showed a more variable pattern, shifting from negative
coupling at rest to positive coupling under low load, and then returning to negative coupling under
high load. This pattern aligns with a previous within-subject study (38), which found that during
sustained “in-the-zone” states the FPCN decouples from the VAN while the VAN becomes more
synchronized with the DMN.

Beyond cortico-cortical network interactions, trait difference |n attention control were

also reflected in how the locus coeruleus (LC), a neuromodulatory stem system, coordinated
with the FPCN. Higher attention control individuals showed stro ositive coupling between
the LC and the FPCN, specifically under high cognitive Ioad f|gurat|on suggests
coordination between the LC and FPCN, consistent with a haS|c LC mode (57) that

enhances goal-directed engagement. The result aligns
(58, 59) increases with task difficulty and tracks behav;
pupillometry showing that pupil dilation increases wi
(60). Given the LC’s extensive noradrenergic proj
prefrontal cortex, these findings suggest tha&

|maI work showing that LC firing
esponse demands, and with human
gnitive effort and predicts performance
s and bidirectional interactions with
vel attention control emerges not only from
flexible coordination of large-scale brain net s, as proposed by Spreng and colleagues (39)
but also the capacity to dynamically recru@ C as cognitive load increases. Although
traditionally linked to arousal, the LC li ays a central role in supporting complex cognitive
functions, including attention contro @ modulation of FPCN dynamics.

These results provide th direct fMRI evidence linking individual differences in
attention control to LC functio &r‘ting theoretical accounts that have largely relied on indirect
or behavioral indices (45, 4@@m these perspectives, individual differences in attention control
stem in part from the efficienéy with which the LC—norepinephrine system coordinates with large-
scale networks as task demands increase.

These results may also reflect differences in how much cognitive effort individuals are
willing or able to sustain as task demands increase. High attention control individuals may have
continued to allocate effort and maintain engagement, whereas low attention control individuals
may have reduced effort investment or partially disengaged when demands exceeded their ability
to perform at a high level.

Despite high correlations among latent factors of attention control, working memory
capacity, and fluid intelligence, we are confident that the QPP, which captures infraslow brain
activity via fMRI, reflects something distinctively related to attention control. Our multilevel
modeling includes the residualized score of attention control independent of shared variance with
working memory capacity and fluid intelligence; in other words, we isolate the contribution of
attention control and still find significant interactions. This fits with accounts suggesting that
attention control is a foundational mechanism underpinning both working memory capacity and
fluid intelligence (1, 2, 9, 61, 62).

Taken together, these findings provide converging evidence that QPP-derived dynamics
capture both state and trait-like neural signatures specific to attention control. While interrelated
with working memory and fluid intelligence, attention control appears to leave a unique footprint in
the brain’s infraslow oscillations.
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Implications

These findings bridge trait and state perspectives and advances our understanding of
how cortical and neuromodulatory systems jointly support attention control. In addition, this
highlights potential biomarkers of attentional control with direct relevance for mental health and
applied performance contexts.

Limitations and future directions

Several limitations should be noted. The locus coeruleus is small and anatomically
variable, and our use of a standardized mask in MNI space introduces some imprecision; subject-
specific neuromelanin images would provide greater accuracy. Secondly, global signal regression
(GSR) remains controversial due to concerns that it may artificially induce anticorrelations or
obscure meaningful global fluctuations. However, researchers (63) suggest that the global signal
may obscure underlying neurophysiology and its removal can be useful. Future work could
examine interindividual differences in the global signal characteristics - potentially offering
another marker of trait-level differences. Third, while comparing 1-back and 3-back conditions
gives us a window into state-level changes of brain dynamics, it's i ortant to acknowledge that
these tasks aren’t just harder or easier versions of the same task y likely engage different
strategies altogether. Future research would benefit from a mor %ﬂve task design, titrated to
each participant’s performance level, to more precisely captur ttention networks and the
LC respond to increasing cognitive demands. In recent yea earch has suggested that large-
scale networks, including the FPCN (64), can be further |ded into distinct subnetworks.
Future studies may further characterize these networ etter understand their underlying
functional nuances. Finally, the relationships we ob d are correlational and should not be
interpreted as causal without further investigatio iple fMRI sessions will be required to
interrogate the stability of these dynamics acros ys and can strengthen the claim of trait-like
nature of these signals. Furthermore, intervehtional work such as pharmacological modulation or
noninvasive brain stimulation targeting t N and LC would be valuable in testing whether
changes in connectivity between thesesagural pathways actively supports attentional control or
merely reflects it.

\\
Conclusion QQ

By combining latent-variable modeling, quasi-periodic pattern analysis, and a large fMRI
sample, this study identifies a dynamic neural signature of trait-level attention control. Stronger
FPCN-DMN segregation, greater FPCN-DAN and FPCN-LC coupling, especially under high load,
together provide a mechanistic account of why some individuals are better able to control their
attention. Furthermore, these neural signatures were apparent during rest, indicating a possible
task-ready state that high attention individuals may possess. This trait and state interaction
underscores the dynamic nature of attentional processes in that state-level adaptations appear
scaffolded by stable trait-level individual differences in neural organization.

Materials and Methods

Participants

Two hundred seventeen adults participated in a three-session study consisting of two
behavioral sessions and one MRI session. Participants were between 18 and 35 years old, with
strong right-handedness, no color-blindness, no history of seizures, no neurological issues, and
were MRI safe. Recruitment included both college students (63.2%) and community members
(36.9%). Compensation was scaled by session. Exclusions due to incomplete data (n=10),
structural anomalies (n=5), excessive motion (n=3), or missing behavioral results (n=3) yielded a
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final sample of N = 196 (52% female; M = 23.6 years, SD = 4.7). The study was approved by the
Institutional Review Boards of Georgia Institute of Technology (H22265 and H24045) and all
participants provided written informed consent prior to participation.

Cognitive measures

Latent factors of attention control, working memory capacity, and fluid intelligence were
each assessed outside the fMRI scanner with multiple tasks on two separate days. Data were
cleaned for chance performance and outliers. Confirmatory factor analysis (65) was used to
extract the three factors, and scores were estimated for each individual using the Bartlett (66)
method. Details of the tasks design and behavioral data processing are reported in the Sl
Appendix.

fMRI acquisition

MRI data were acquired on a 3T Siemens Magnetom Prismaf MRI with a 32-channel
head coil at GSU/GT Center for Advanced Brain Imaging, Atlanta. Field maps were collected at
the start of each session. 3D T1-weighted MPRAGE and 3D T2-weighted SPACE scans were
acquired at 0.8mm?3resolution. The task-fMRI and rest-fMRI scans were acquired using a
multiband GRE-EPI sequence with the following parameters: 750 volumes, 72 slices, TR = 800
ms, TE = 37.40 ms, field of view = 208x208mm, voxel dimensions = 2.0x2.0x2.0 mm, MB = 8.
The order of these runs was counterbalanced in the study. Particip were instructed to keep
their eyes open and focused on a fixation cross during the 10 m esting-state (no-load
condition). The 1-back (low-load condition) and 3-back (high-I dition) tasks were based on
the Human Connectome Project n-back protocol and were ired separately with a duration of
10 mins each. The participants practiced the n-back taskw r to entering the MRI. Details of the
task design are reported in the SI Appendix. Q

Preprocessing

Data were preprocessed using the Con able Pipeline for the Analysis of
Connectomes (C-PAC) (67). Steps includedbias correction, skull stripping, slice-timing and
distortion correction, motion correction, M istration, nuisance regression (including white
matter, cerebrospinal fluid, and global si regression), temporal bandpass filtering (0.01-0.1
Hz), quadratic detrending, and spatj oothing (4 mm FWHM). Following head motion
guidelines (48), 5 participants wit an framewise displacement >0.12 mm and 40% of frames >
0.2 mm were excluded from th lysis. Finally, the scans were parcellated using the
Schaefer2018 400-ROl, 7-n NI152 parcellation (68) for the cortex, and the probabilistic
MNI152 atlas (2 SD) by Kere/and colleagues (69) was used to identify the locus coeruleus while
3dROlstats was used to extract the BOLD signal.

Quasi-periodic pattern (QPP) analysis

A pattern-finding algorithm originally described by Majeed and colleagues (47) and
further refined by others (56, 70) was applied separately to each participant’s functional scan -
resting state, 1-back, and 3-back. Each scan was 10 mins (volumes = 750). The QPP detection
algorithm can be summarized in these steps. First, it selects an initial spatiotemporal brain pattern
of 20 s (timepoints = 25, TR = 800 ms) of each brain scan. Second, it uses a sliding window
correlation to iteratively search across the scan for spatiotemporal patterns where the BOLD
signal correlates, at a threshold of local maxima of r= 0.2, with the initial pattern. Third, as the
correlating patterns are identified, they are averaged into the original pattern (updating the pattern
as the search progresses). This process continues until the end of the brain scan. Steps 1-4 were
repeated for all starting timepoints excluding the last 20 s within each participant. Lastly, the
number of instances where the BOLD signal correlates above threshold for each different
spatiotemporal pattern is calculated and ranked. The pattern with the highest sum occurrence is
selected as the QPP template for each functional scan for each participant. In this way, the
algorithm identifies the most commonly repeating pattern of network activity for each subject and
each task. Within this QPP template is where correlation time courses between the FPCN and
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DMN, DAN, VAN, and LC were extracted for each subject and load condition. A detailed process
flowchart of the QPP analysis can be found in Fig.S2 of Yousefi & Keilholz (56). The code for
QPP analysis is openly available at https://github.com/imnanxu/QPPLab (70).

The QPP template visualization was generated from a high and low group split on the
residualized (unique) estimate scores of attention control construct as a visual aid. The top, n=30,
ranking in each group served as the high attention control group while the bottom, n=30 ranking
served as the low attention control group and the QPP templates are averaged from the individual
QPP templates which serves as the most common connectivity pattern for each group.

Statistical analysis

Multilevel linear models were used to test whether FPCN connectivity within the QPP
varied by trait-level attention control and load condition. To do so, the average BOLD signal of all
the regions of interest (ROIs) from the FPCN was entered as a Level 1 predictor of another
network/region of interest - DAN, DMN, VAN, and LC. The load conditions - rest, 1-back and 3-
back- were entered as Level 2. While Level 3 was the unresidualized (shared variance) or the
residualized (unique variance) trait-level attention control, z-scored entered as a continuous
variable. This setup answers the question of the unique contribution of attention control -
independent of working memory capacity and fluid intelligence - to the QPP signal as a function
of task demands. A stricter alpha threshold (p < .01) was used to correct for the multiple

comparisons of tasks.
QQ
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indicate unique contribution of attenti@ntml (residualized score), dotted lines indicate shared
variance of attention control with w memory capacity and fluid intelligence (unresidualized
score). FPCN frontoparietal con twork, DMN default mode network, DAN dorsal attention
network, VAN ventral attentio ork, LC locus coeruleus, QPP quasi-periodic pattern.
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