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Abstract

Understanding how lifestyle factors influence the dynamic organization of intrinsic brain networks
in young adulthood is critical for identifying mechanisms that support cognitive health during a
formative developmental period. In this study, we examined whether an 8-week physical activity and
cognitive training intervention altered dynamic functional network connectivity (dFNC) patterns in
undergraduate students and how these neural dynamics related to physical activity levels, sedentary
behavior, and cognitive performance. Resting-state fMRI data were decomposed using a constrained
ICA framework to extract 53 intrinsic connectivity networks, from which 10 dynamic connectivity
states were identified and individualized via constrained dynamic double functional independent
primitives (c-ddFIPs). We quantified state occupancy, convergence, and divergence to characterize
network flexibility. Occupancy analyses showed modest but consistent associations linking greater
physical activity with increased time in integrative, higher-order states (especially states 6 and 7) and
reduced time in segregated or sensory-weighted states. Convergence and divergence analyses further
revealed that physically active individuals demonstrated stronger differentiation between integrative
and low-engagement states, whereas sedentary behavior corresponded to greater similarity among
segregated configurations. Cognitive measures—particularly working memory—showed parallel
relationships, aligning improved performance with more flexible and well-differentiated dynamic
patterns. Together, these findings suggest that physical activity in young adults is associated with
enhanced neural flexibility, characterized by greater engagement and differentiation of integrative
connectivity states that support executive and other cognitive functions.

Keywords: dynamic functional connectivity (dFNC); independent component analysis (ICA); physical
activity

1. Introduction
The human brain exhibits fluctuating patterns of temporal synchronicity across regions that

underpin essential processes such as cognition, perception, and action. In young adults, fluctuations in
synchronous activity, also known as dynamic functional connectivity, play a pivotal role in supporting
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neural flexibility, enabling adaptive responses to environmental demands, working memory mainte-
nance, and decision-making [1–3]. Emerging evidence suggests that lifestyle interventions, including
physical exercise, can modulate functional connectivity to enhance cognitive performance and overall
brain health in young adults [4–7]. Young adulthood is a critical window for lifestyle and habit forma-
tion; ; thus, targeted strategies to promote engagement in brain healthy activities during this critical
developmental window could promote lifelong maintenance. Given that, young adults, particularly
minority undergraduate students, report levels of stress and anxiety that interfere with daily activities,
implementation of such strategies may also offset stress-related decrements in functional connectivity
within brain networks supporting cognition and stress regulation. Neuroimaging offers one way to
measure the degree to which physical activity levels and self-reported stress relate to neurobiological
profiles and to gage whether brain health interventions have measurable impacts on brain regions
implicated in modulating stress responses.

Dynamic functional network connectivity (dFNC) captures the time-varying interactions between
brain regions during resting-state functional magnetic resonance imaging (rs-fMRI). Data obtained
using dFNC can provide insights into neural flexibility and the brain’s ability to adapt to changing
cognitive demands in young adults [3]. Unlike static connectivity measures, dFNC reveals transient
states of brain organization that correlate with cognitive processes such as attention, working memory,
and executive function, which are critical during emerging adulthood, when neural plasticity peaks [8].

Constrained dynamic double functional independent primitives (c-ddFIPs) represent a novel
analytical framework for dFNC data that quantifies individualized dynamic convergence and diver-
gence in functional networks by extracting subject-specific connectivity patterns from group-level
priors, enabling the identification of discrete states (there are 10 in the current study) that reflect
differential engagement and transitions linked to behavioral outcomes [9–11]. These measures are
particularly valuable for assessing how interventions might enhance neural flexibility in healthy
young populations. This approach was selected over more traditional dynamic connectivity methods
because it provides individualized dynamic connectivity estimates while maintaining consistency with
group-level templates. In doing so, c-ddFIPs improve sensitivity to subtle, person-specific shifts in
network dynamics—an essential feature when evaluating intervention-related changes in young adult
populations, where variability in neural flexibility is a key outcome of interest.

Lifestyle interventions, such as physical exercise and cognitive training, can induce plasticity
in brain networks, leading to enhanced functional connectivity and improved cognitive outcomes
in healthy young adults. Physical exercise, in particular, has been shown to modulate functional
connectivity [12], promoting greater integration within networks involved in attention and executive
function [13,14], while also supporting overall brain health through increased cerebral blood flow [15]
and neurotrophic factors [16,17].

Furthermore, recent research links brain flexibility to cognitive performance and physical activity
levels. Divergence measures, which capture differential engagement patterns across dFNC states, have
been associated with enhanced cognitive functions such as attention and working memory [10,18],
often showing focused effects in specific state pairs that reflect task-related neural adaptability [19].
In contrast, physical activity has been linked to broader, distributed changes in dynamic functional
connectivity, with higher levels of exercise associated with increased network reconfiguration and
flexibility, promoting greater state differentiation and integration across large-scale brain systems [20].
Occupancy analyses in the literature indicate that time spent in adaptive, integrative dFNC states
correlates positively with better cognitive outcomes on tasks like attention control and working
memory [21], while excessive occupancy in segregated states is tied to reduced cognition [22]. These
dynamic patterns illustrate how exercise may optimize neural connectivity to bridge physical activity
and cognitive performance, offering insights for interventions targeting healthy young adults.

We investigated the effects of exercise, as well as cognitive interventions, on dynamic brain
network states in a cohort of young adults, with a focus on associations with cognitive performance
(e.g., working memory and attention), physical activity levels, and perceived stress. Drawing from
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longitudinal data, including rs-fMRI scans at baseline (T1) and post-intervention (T2), cognitive
performance (dimensional card sorting task, Flanker task, list sorting working memory) and dynamic
functional connectivity metrics, the study examined whether and how exercise interventions influence
dFNC divergence and state occupancy. This approach is particularly relevant for young adults,
such as college students, who often face high stress and sedentary lifestyles that can impair neural
dynamics and cognitive performance, essential for academic success. We hypothesized that greater
physical activity levels during the intervention period would relate to greater positive divergences
in dFNC states linked to cognitive measures and increased occupancy in adaptive/integrative states
(e.g., 4–6, 9).

2. Materials and Methods
2.1. Participants and Behavioral Measures

Participants were drawn from the Healthy Student Brain (HSB) project, a longitudinal intervention
study at Georgia State University examining how aerobic exercise and online cognitive training
influence neural dynamics, cognition, and well-being in sedentary undergraduate students. The full
sample consisted of 103 students (ages 17–33), and a neuroimaging subsample of 32 individuals (ages
18–33) completed MRI scanning at baseline and following the 8-week intervention. All participants
provided informed consent, and study procedures were approved by the Georgia State University
Institutional Review Board.

Table 1 summarizes the demographic characteristics of both the full study cohort and the MRI
subsample. Consistent with the university population, the sample was racially and ethnically diverse
and predominantly female. The MRI subsample was comparable to the full sample in age and gender
distribution, supporting its representativeness for the current neuroimaging analyses.

Table 1. Demographic Characteristics of the Full Sample and MRI Subsample.

Characteristic Full Sample (N = 103) MRI Subsample (N = 32)

Age (years)
Mean (SD) 20.81 (3.13) 21.22 (3.21)
Range 17–33 18–33

Gender
Female 77 (74.8%) 24 (75.0%)
Male 23 (22.3%) 8 (25.0%)
Nonbinary/Other 3 (2.9%) 0 (0%)

Race/Ethnicity
Asian 27 (26.2%) 10 (31.3%)
Black/African American 42 (40.8%) 10 (31.3%)
White/Caucasian 14 (13.6%) 5 (15.6%)
Hispanic/Latino 9 (8.7%) 6 (18.8%)
Biracial (Black–White) 2 (1.9%) 1 (3.1%)
Other/Multiracial 9 (8.7%) 0 (0%)

2.2. Exercise and Brain Training Intervention

Participants were pseudo-randomly assigned to one of 4 intervention groups; exercise, online
brain health training, Exercise + online training, and control condition balanced for gender and
ethnicity. To maximize observed effect of the interventions, only the exercise + online training group
and controls underwent an MRI scan. In the exercise group, participants were asked to perform 30
minutes of moderate to vigorous physical activity at least three times per week. Participants were
not restricted to particular exercise but instead were informed about types of exercises that increase
heart rate, heart rate zones and ways to gauge moderate and vigorous activity based on perceived
breathlessness and measures collected by the FitBit. In the brain health training condition, participants
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underwent brain health training created by the UT Dallas Center for BrainHealth. The program
consists of short, self-paced digital modules that teach evidence-informed cognitive strategies aimed
at strengthening attention, reasoning, mental flexibility, and overall brain wellness. No data from this
training were analyzed in the present study, only NIH toolbox cognitive measure taken pre-and post
intervention. For the purposes of this analysis we were interested in minutes of exercise and sedentary
behavior across the study and we collapsed across intervention groups.

2.2.1. Measures

Participants were continuously monitored using a Fitbit Inspire 2 device worn throughout the
8-week study, yielding objective estimates of daily moderate-to-vigorous physical activity , sleep, and
heart rate. Data were collected and managed using Fitabase (citation). Physical activity was measured
continuously using Fitbit wearable devices, which classify each minute of movement into standardized
intensity categories using triaxial accelerometer data and validated proprietary algorithms. For each
participant, we extracted daily totals of Sedentary, Lightly Active, Fairly Active, and Very Active
Minutes. Sedentary Minutes represent minimal movement consistent with sitting or reclining. Lightly
Active Minutes reflect low-intensity movement (e.g., slow walking or routine daily tasks). Fairly Active
Minutes correspond to moderate-intensity activity (approximately 3–6 METs; e.g., brisk walking), and
Very Active Minutes represent vigorous-intensity movement (> 6 METs; e.g., running or high-effort
exercise). When heart rate was available, Fitbit integrates optical heart-rate data to refine the activity-
intensity classification. These intensity minutes are widely used in physical activity research and have
demonstrated acceptable validity for estimating free-living activity in young adults. We summed the
failry+very active minutes as both categories represented acceptable heart rate zones that we defined as
exercise in our instruction to participants. We summed across each participant for the duration of these
study and used these outcome measures (total sedentary minutes, and fairly+very active minutes) in
our statistical analyses. Initial descriptive analysis of our cohort indicated that controls did in fact
exercise even when they were instructed not to. When investigating how many weeks participants met
our recommended three times per week of moderate to vigorous exercise, all controls exceeded this
recommendation for more than 1 week during the intervention period. Thus, as previously mentioned,
we collapsed across all intervention groups to investigate a dose dependent relationship between
sedentary behavior and connectivity metrics, and physical activity and connectivity metrics.

Behavioral assessments were collected both online and in person pre and post intervention.
Participants completed validated self-report measures of stress, depression, and anxiety, including
the Perceived Stress Scale (PSS) and Patient-reported outcomes measurement information system
(PROMIS) emotional health domains. Cognitive performance was assessed using the NIH Toolbox
Dimensional Change Card Sort, Flanker, and List Sorting Working Memory tasks, providing measures
of cognitive flexibility, inhibitory control, and working memory capacity, respectively.

2.3. MRI Data Acquisition and Preprocessing

Resting-state functional magnetic resonance imaging (fMRI) data were collected at the Georgia
State/Georgia Tech Center for Advanced Brain Imaging (CABI) and the GSU Urban Life Building dur-
ing baseline and post-intervention visits. Each scanning session included a high-resolution anatomical
scan and a 4D resting-state fMRI acquisition. Standard MRI safety procedures were followed, and
participants were included in scanning only if they met all MRI eligibility criteria.

Preprocessing followed the standardized NeuroMark pipeline, which uses adaptive spatially
constrained independent component analysis (ICA) to extract reproducible intrinsic connectivity
networks (ICNs). For each participant, 53 ICNs were identified and categorized into seven functional
domains: subcortical, auditory, sensorimotor, visual, cognitive control, default mode, and cerebellar
networks. The pipeline included motion correction, spatial normalization, artifact reduction, and
template-guided ICN estimation to maximize cross-subject comparability. The resulting ICN time
courses were used to compute both static and dynamic functional network connectivity metrics,
forming the basis for subsequent analyses of time-varying network organization.
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2.4. Extraction of Intrinsic Connectivity Networks Using Spatially Constrained ICA

To characterize large-scale functional brain networks consistently across participants, we em-
ployed a spatially constrained independent component analysis (ICA) approach guided by the
Neuromark_fMRI_1.0 template [23]. Spatially constrained ICA extends traditional ICA by incor-
porating robust spatial priors that reduce component-order ambiguity and enhance cross-subject
correspondence. This approach embeds data-driven decomposition within a framework of inde-
pendently derived network templates, enabling extraction of individualized intrinsic connectivity
networks (ICNs) while retaining stability and comparability across participants.

All analyses were implemented using the GIFT toolbox at http://trendscenter.org/software/gift.
For each resting-state fMRI scan, 53 ICNs were reconstructed based on NeuroMark’s standardized
atlas, which has been validated for detecting reproducible functional networks across diverse cohorts
and clinical populations. These networks were grouped into seven functional domains– subcortical
(SC), auditory (AUD), visual (VIS), sensorimotor (SM), cognitive control (CC), default mode (DM), and
cerebellar networks (CB)– providing broad coverage of large-scale functional architecture.

2.5. Dynamic Functional Network Connectivity Estimation

Temporal variations in connectivity were quantified using a dFNC framework. For each partici-
pant and session (baseline and follow-up), the 53 ICN time courses were segmented using a 45 TR
sliding window (rectangular window, 1 TR step size). Pearson correlation coefficients were calcu-
lated for each window, producing a sequence of 53 × 53 connectivity matrices that capture ongoing
fluctuations in inter-network coupling.

To focus on dynamic fluctuations rather than static baseline connectivity, each windowed FNC
matrix was demeaned. This normalization step removes the static global connectivity pattern, thereby
enhancing sensitivity to transient shifts in network organization. The participant-specific dFNC
matrices from all individuals and visits were concatenated to form a single group-level dataset
representing population-wide temporal variability.

2.6. Identification of Group-Level Dynamic States (ddFIPs)

The aggregated dFNC dataset was decomposed using blind ICA to derive a set of group-level
dynamic states, referred to as dynamic double functional independent primitives (ddFIPs). This analysis
yielded 10 partially overlapping connectivity states, each reflecting a recurring pattern of network
interactions commonly expressed across individuals as shown in Figure 1. These ddFIPs serve as
functional connectivity "templates" that summarize population-level dynamic configurations and form
the basis for individualized state reconstruction.

These states encapsulate distinct modes of large-scale network integration and segregation and
have previously been linked to cognitive performance and clinical characteristics in both healthy and
psychiatric populations.
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Figure 1. the ddFIP (1–10) demonstrating the variability and shared structure of dynamic functional interaction
patterns across canonical brain networks. Warmer colors indicate stronger positive coupling, and cooler colors
indicate weaker or negative coupling. Rows and columns correspond to predefined brain networks (SC, AUD,
SM, VS, CC, DM, CB).

2.7. Subject-Level Reconstruction of Constrained dFNC States (c-ddFIPs)

To obtain individualized estimates of dynamic connectivity patterns, the 10 ddFIPs were used as
spatial priors in a constrained ICA back-reconstruction procedure. This approach enforces alignment
between individual-level connectivity states and the group-derived templates while preserving subject-
specific variability in amplitude and expression.

For each participant, the constrained decomposition yielded time-resolved state contributions–
referred to as constrained dynamic double functional independent primitives (c-ddFIPs)– which provide
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individualized fingerprints of dynamic connectivity. This strategy enhances interpretability by en-
suring that the connectivity patterns for each participant map onto a shared set of neurobiologically
meaningful states.

A final calibration step was applied to each participant’s reconstructed dFNC time series. Specifi-
cally, individual connectivity patterns were regressed onto predictors formed by the outer products
of participant-specific state-mixing profiles, producing beta-weighted, variance-scaled time courses.
These calibrated trajectories represent standardized measures of state engagement that are directly
comparable across individuals and groups.

Following reconstruction, visit 1 profiles were regressed out from visit 2 for each participant to
isolate intervention-related changes. Only participants with complete second-visit data were included
in downstream analyses.

2.8. Quantifying Dynamic Brain Properties

We computed multiple dynamic connectivity metrics to assess how variations in cognitive perfor-
mance and exercise engagement were associated with time-varying patterns of brain network activity
as follows:

2.8.1. State Occupancy

State occupancy quantifies the proportion of time each dynamic connectivity state predominates
within a state. Let Xi(t) denote the calibrated activation of state i at time window t, with i = 1, . . . , N
states and t = 1, . . . , T windows. To determine which state is most influential at a given moment,
we computed each state’s relative amplitude by normalizing its absolute activation against the total
activity across all states:

Ri(t) =
|Xi(t)|

∑N
j=1 |Xj(t)|

. (1)

The dominant state at time t is then defined as:

D(t) = arg max
i

Ri(t). (2)

For each state i, the occupancy count is obtained by summing the number of windows in which
that state is dominant:

Oi =
T

∑
t=1

I
(

D(t) = i
)
, (3)

where I(·) is the indicator function. The corresponding occupancy percentage is given by:

Pi =
Oi
T

× 100. (4)

This formulation yields a distribution describing how frequently each dynamic state emerges
as the leading contributor to ongoing connectivity patterns, providing a summary of the temporal
prevalence and stability of specific modes of brain network coordination.

2.8.2. Dynamic Convergence and Divergence

To further characterize temporal fluctuations in state dominance, we developed a dynamic
convergence/divergence analysis, which examines how similarly or differently states contribute to
connectivity at each time window.

For each participant, the calibrated mixing matrix

X ∈ RT×N
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(with T windows and N = 10 states) represents the time-varying amplitudes of all dynamic states. At
each window t, the state contribution vector

X(t) = [x1(t), . . . , xN(t)]

captures the instantaneous prominence of each state.
Pairwise distances between states were computed using the Euclidean metric:

dij(t) = ∥xi(t)− xj(t)∥.

Distances below a predefined threshold ε were classified as convergent, reflecting similar state am-
plitudes, while distances exceeding a threshold θ were classified as divergent, indicating distinct
dominance patterns. Thresholds were selected using empirical inspection of distance distributions
across participants and time.

This framework distinguishes moments of coordinated state engagement (convergence) from pe-
riods of heightened differentiation (divergence), yielding complementary measures of neural flexibility
and coherence.

2.9. Statistical Analysis

Associations among dynamic connectivity metrics, cognitive performance, and exercise minutes
were examined using general linear models. Predictors included exercise and mood data collected be-
fore and after the intervention period, such as daily sedentary minutes (Sedentary Minutes-total), light-
intensity activity (Lightly Active Minutes-total), moderate-intensity activity (Fairly Active Minutes-
total), vigorous-intensity activity (Very Active Minutes-total), and combined moderate-to-vigorous
activity minutes (Fairly-plus-Very-total). Weekly adherence to physical activity guidelines (weeks-
adherent-to-PA-guideline), defined as the number of weeks participants achieved ≥ 30 minutes of
moderate or vigorous activity on at least three days (possible range: 0–8), was also included.

Cognitive predictors consisted of age-corrected NIH Toolbox scores at second visit, including
Flanker Inhibitory Control and Attention accuracy (Flanker-t2-AC), List Sorting Working Memory
accuracy (LSWM-T2-AC), and Dimensional Change Card Sort accuracy (DCS-T2-AC), capturing
executive control, working memory capacity, and cognitive flexibility, respectively.

To control for pre-intervention cognition, stress, and connectivity, we regressed time 1 stress,
cognition, and connectivity from time 2 (post intervention) data. Outcome variables consisted of state
occupancy measures, convergence/divergence metrics, and calibrated state amplitudes. Models were
adjusted for gender and motion where appropriate, and significance thresholds were corrected for
multiple comparisons when necessary.

3. Results
3.1. Dynamic State Expression Across Participants

Across participants, the ten dynamic connectivity states exhibited heterogeneous prevalence.
Figure 2 shows a subset of highly integrated states– most notably State 3, followed by States 6
and 8– accounted for the greatest proportion of occupancy, reflecting configurations with strong cross-
network coordination. In contrast, lower-occupancy states (e.g., States 1, 4, 5, 9, and 10) displayed more
modular or segregated connectivity patterns. However, Figure 3 indicated substantial inter-individual
variability, consistent with known differences in neural flexibility among young adults.

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 10 February 2026 doi:10.20944/preprints202602.0759.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202602.0759.v1
http://creativecommons.org/licenses/by/4.0/


9 of 18

Figure 2. Average occupancy of the ten dynamic double functional independent primitive states, showing higher
prevalence for integrated states (especially State 3, followed by States 6 and 8) and lower occupancy for more
modular states.

Figure 3. Average percentage occupancy across the ten dynamic connectivity states, showing highest prevalence
for State 3 and moderate occupancy for States 6 and 8, with the remaining states occurring less frequently. Boxplots
illustrate inter-individual variability in state expression.

3.2. Associations Between State Occupancy and Physical Activity

Relationships between state occupancy and physical activity levels were generally modest, yet
several systematic patterns emerged as shown in Figure 4. Higher engagement in physical activity–
particularly vigorous activity and weeks meeting physical activity guidelines–showed weak positive
associations with States 6 and 7. These states are characterized by integrative, cognitively supportive
network profiles involving coordinated interactions among cognitive control, default mode, and
sensory systems. Individuals with greater physical activity, therefore, tended to spend more time in
flexible, high-integration dynamic states.
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(a) (b)

(c) (d)

(e) (f)

Figure 4. Associations between dynamic state occupancy and physical activity or behavioral measures. Each panel
depicts the relationship between occupancy of the ten dynamic connectivity states and a behavioral outcome, with
individual data points shown across participants and linear fits overlaid. (a)Very active minutes; (b)Combined
fairly active and very active minutes; (c)Fairly active minutes; (d)Lightly active minutes; (e) Sedentary minutes; (f)
Number of weeks adherent to recommended physical activity guidelines. Across metrics, effect sizes were small,
though several trends indicate that higher physical activity and better adherence were associated with greater
occupancy of integrative states and reduced occupancy of segregated or sensory-weighted states.

Conversely, increased occupancy of States 9 and 10, which reflect weaker integration and partially
segregated sensory–cognitive patterns, was associated with lower physical activity levels. These
findings align with evidence that physical fitness supports enhanced neural flexibility and reduced
time spent in low-integration configurations. A small positive association between adherence to
activity guidelines and State 1, a low-amplitude baseline-like state, may reflect short-lived recovery
periods following exertion.

3.3. Associations Between State Occupancy and Cognitive Outcomes

Cognitive performance also demonstrated selective associations with state occupancy as shown
in Figure 5. Working memory accuracy (LSWM) showed positive relationships with States 6 and 7,
, aligning with evidence that integrated CC–DM and globally coordinated network states play a
role in supporting higher-order cognition at rest. Weak negative trends appeared for States 8 and 9,
consistent with their more constrained sensory–motor or cerebellar-weighted connectivity patterns.
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Flanker accuracy showed generally weak associations, though slight positive trends again emerged for
globally integrated states. Overall, the findings indicate that cognitive performance is more closely
linked to time spent in flexible, integrated dynamic configurations than to occupancy of segregated or
sensory-dominated states.

(a)

(b)

(c)

Figure 5. Associations between dynamic state occupancy and cognitive performance outcomes. Each panel
shows linear associations between occupancy of the ten dynamic connectivity states and a cognitive metric, with
individual participants represented as points and regression lines overlaid. (a)Age corrected dimensional change
card sort accuracy score at Time 2; (b) List Sorting Working Memory (LSWM) accuracy at Time 2 (c) Flanker
inhibitory control and attention accuracy at Time 2; Across measures, effect sizes were small, with modest positive
trends appearing for several integrative states (e.g., States 6 and 7), suggesting that greater time spent in flexible,
higher-order network configurations may modestly support executive and working memory performance.
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3.4. Threshold-Free Distance Distribution

Prior to defining convergence and divergence, we examined the empirical distribution of all
pairwise Euclidean distances between state amplitudes across subjects and time windows. The
resulting histogram shown in Figure 6 exhibited a unimodal, right-skewed profile, with the majority
of distances falling within a relatively narrow range around a small value (on the order of 2 × 10−2)
and a gradual tail extending toward larger distances. This pattern suggests that, at any given moment,
most state pairs differ only modestly in amplitude and that very large separations between states are
comparatively rare.

On the basis of this observed pattern, the convergence (ε) and divergence (θ) thresholds were
chosen with reference to the empirical distribution: ε was placed near the lower shoulder of the density
to capture genuinely tight similarity, and θ was placed in the upper tail to identify only the most
pronounced separations. Thus, convergent and divergent events reflect meaningful deviations from
typical state differences rather than arbitrary cutoffs.

Figure 6. Distribution of pairwise Euclidean distances between state amplitudes across all subjects and time
windows. The unimodal, right-skewed distribution indicates that most state pairs differ only modestly in
amplitude at any given moment, with larger separations occurring less frequently. This empirical distribution was
used to guide the selection of convergence and divergence thresholds, with lower-bound thresholds capturing
genuinely close similarity and upper-bound thresholds capturing only the most pronounced state separations.

3.5. Convergence-Based Dynamic Metrics

We next examined convergence, quantifying how often pairs of states expressed similar ampli-
tudes over time. The mean convergence matrix indicated that convergence was not uniform across
the dynamic repertoire: a cluster of mid-range states (States 4–7) showed relatively higher mutual
convergence than early (States 1–2) or late segregated states (e.g., State 10). This pattern is consistent
with the interpretation of States 4–7 as partially overlapping, integrative configurations that frequently
co-fluctuate, whereas more modular states tend to remain dynamically distinct.

Behaviorally, convergence effects were generally modest but revealed structure that was not
apparent from occupancy alone. For physical activity as shown in Figure 7, convergence involving
integrative states showed opposite patterns for active versus sedentary behavior. Participants with
more sedentary showed more convergence among lower-integration states (e.g., pairs involving
States 1, 2, and 10) and with convergence between these segregated configurations and the CC–DM
state (State 6). In contrast, more active individuals tended to show reduced convergence between
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segregated and integrative states, suggesting greater differentiation between low-engagement and
higher-order network patterns in those with less sedentary time.

Figure 7. Convergence-based associations between physical activity measures and dynamic functional connec-
tivity states, quantified using − log10(p)× sign(t). Each panel displays the statistical strength and direction of
associations between physical activity and pairwise state convergence, reflecting how often pairs of dynamic
states exhibit similar amplitudes over time. Across measures, a consistent pattern emerged in which mid-range
integrative states (States 4–7) showed stronger mutual convergence than early (States 1–2) or late segregated states
(e.g., State 10). Higher sedentary behavior was associated with increased convergence among lower-integration
states and with convergence between these segregated configurations and the CC–DM integrative state (State 6),
whereas greater physical activity tended to correspond to reduced convergence between segregated and integra-
tive states, indicating enhanced differentiation of higher-order network dynamics in more active individuals. (a)
Very active minutes; (b) Combined fairly active and very active minutes; (c) Fairly active minutes; (d) Lightly
active minutes; (e) Sedentary minutes; (f) Number of weeks adherent to recommended physical activity guidelines.

Cognitive performance showed the clearest relationships with convergence (Figure 8). For
working memory (LSWM), the strongest positive associations appeared for convergence among later,
more integrative states (roughly within the State 5–9 cluster), whereas higher LSWM accuracy was
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associated with reduced convergence for specific pairs involving the CC–DM state (State 6). This
pattern suggests that better working memory is linked to coordinated expression of several higher-
order network configurations, while maintaining differentiation between certain executive-related
states. Flanker accuracy showed weaker but directionally similar trends, with better performance
associated with convergence among integrative states and reduced convergence involving State 6 and
low-integration configurations.

(a)

(b)

(c)

Figure 8. Convergence-based associations between cognitive performance and dynamic functional connectivity
states, quantified using − log10(p)× sign(t). Each panel presents the statistical associations between cognitive
outcomes and pairwise state convergence, reflecting the extent to which pairs of dynamic states exhibit similar
amplitudes over time. Higher cognitive performance was generally associated with greater convergence among
integrative, mid-range states, whereas lower performance tended to correspond to stronger convergence between
segregated or sensory-weighted states and executive–default configurations. (a) Age corrected dimensional
change card sort accuracy score at Time 2; (b) List Sorting Working Memory (LSWM) accuracy at Time 2 (c)
Flanker inhibitory control and attention accuracy at Time 2;
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Taken together, the convergence analysis complements the occupancy findings by indicating that
it is not only the amount of time spent in a given state that matters, but also how similarly or distinctly
states are expressed relative to one another. Higher physical activity and better cognitive performance
are associated with a dynamic system in which integrative states co-fluctuate, while segregated states
remain relatively differentiated, consistent with the notion that neural flexibility depends on both state
prevalence and the degree of separation or blending between states over time.

3.6. Divergence-Based Dynamic Metrics

Divergence reflects the degree to which pairs of dynamic states differ in their temporal activation
patterns, providing a complementary lens through which to view the distinctiveness or separation of
functional configurations. Across participants, divergence matrices demonstrated clearer structure
than convergence results, with several state pairs showing consistent and behaviorally meaningful
differentiation.

A central observation was that State 6, characterized by strong CC–DM integration, functioned
as a major hub of divergence across multiple behavioral outcomes. Divergence between State 6
and several other states (notably States 4, 5, 7, 9, and 10) was reliably associated with both physical
activity and cognitive performance. These findings parallel the convergence results by indicating
that individuals with higher physical activity levels or better cognitive scores maintain State 6 as a
more distinct, high-integration attractor, differentiating it from more modular or sensory-weighted
configurations.

Physical activity measures showed a consistent pattern in which higher levels of moderate and
vigorous activity were associated with increased divergence among mid- to high-integration states,
particularly those centered on States 4, 5, and 7. This suggests that more active individuals sustain
greater functional separation between higher-order integrative states, in line with theories linking
physical fitness to enhanced neural flexibility. Conversely, sedentary behavior was associated with
reduced divergence among these states, implying diminished dynamic differentiation.

Cognitive outcomes exhibited similar trends. Working memory accuracy (LSWM) was positively
related to divergence among several higher-order states, especially within the State 4–8 range, indi-
cating that successful cognitive performance is supported not only by coordinated activity among
integrative states but also by preservation of clear boundaries between these configurations and lower-
integration states. Flanker accuracy showed weaker but directionally similar effects, again illustrating
the role of divergence around State 6.

Collectively, the divergence findings complement occupancy and convergence metrics by demon-
strating that neural flexibility is supported not only by time spent in particular states or their degree
of co-fluctuation, but also by the system’s ability to maintain functional specialization across its
dynamic repertoire. Greater behavioral health is therefore associated with a dynamic landscape in
which high-integration states remain both well utilized and well differentiated from more modular
configurations.

4. Discussion
The present study leveraged advanced dynamic functional connectivity analyses to demonstrate

that higher levels of physical activity in healthy young adults are associated with more adaptive pat-
terns of intrinsic brain network organization at rest. Specifically, greater physical activity corresponded
to increased occupancy in integrative, higher-order connectivity states (particularly states 6 and 7),
reduced dwell time in segregated or sensory-weighted states, and enhanced divergence which reflects
sharper differentiation between high-engagement integrative configurations and low-engagement or
segregated ones. Conversely, higher sedentary behavior was linked to greater convergence among
segregated states, suggesting a less differentiated, more rigid dynamic profile.

The preferential occupancy of integrative states in physically active participants aligns with
reports that aerobic fitness enhances integration across frontoparietal, default mode, and salience
networks—systems critical for cognitive control and goal-directed behavior [24,25]. Similarly, the
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divergence patterns observed here echo recent evidence that higher cardiorespiratory fitness promotes
greater state differentiation, particularly between strongly connected, task-positive states and weakly
connected, low-engagement states [4,26]. Our use of constrained dynamic double functional indepen-
dent primitives (c-ddFIPs) adds novel individualized precision to these observations, confirming that
physically active young adults exhibit dynamic profiles that more closely resemble those seen during
successful cognitive task performance in prior literature [15,27].

These neural patterns showed parallels with cognitive performance, most robustly working
memory, where superior scores aligned with greater state flexibility and differentiation.

The parallel associations with working memory performance are especially compelling. Working
memory relies on dynamic reconfiguration between segregated processing and integrative control [28],
and our results suggest that physical activity may optimize exactly this flexibility. Individuals with
higher working memory capacity spent more time in, and showed sharper differentiation of, integrative
states, mirroring the pattern seen in active participants. This convergence implies a shared mechanism:
exercise-induced increases in BDNF, cerebral blood flow, and hippocampal–prefrontal coupling may
stabilize the neural infrastructure required for rapid, adaptive state switching [29,30]. Notably, these
relationships held after controlling for perceived stress (PSS scores), suggesting the effects are not
merely secondary to reduced psychological distress, though stress remained a significant negative
predictor of working memory improvement in exploratory models.

From a developmental perspective, young adulthood represents a window of both peak plasticity
and vulnerability to sedentary lifestyles and chronic stress. The fact that even modest variations
in habitual physical activity within this age group corresponded to measurable differences in dy-
namic network flexibility underscores the potential for low-burden interventions to yield meaningful
neurocognitive benefits. College students, who often face competing academic demands and high
sedentary time, may derive particular advantage from programs that prioritize actual engagement
over mere enrollment.

Several limitations warrant consideration. First, levels of fairly and very vigorous physical activity
did not exhibit the same variability as levels of sedentary activity. Second, intervention adherence
varied substantially. Participants assigned to the control group exercised more than instructed, limiting
between group comparisons and defining an intervention effect. Wearing a FitBit may have inadver-
tently acted as an intervention such that all participants became more aware of their physical activity.
Third, while c-ddFIPs offer excellent individualization, the derivation of 10 states from group-level pri-
ors may constrain detection of highly idiosyncratic dynamics. Finally, the sample was predominantly
female minority undergraduate students from a single institution, limiting generalizability.

Future studies should employ longer interventions, objective activity monitoring, and multi-
modal imaging (e.g., combining rs-fMRI with diffusion MRI) to clarify causal pathways. Investigating
dose–response relationships and potential moderators (sex, baseline fitness, genetic factors such as
BDNF Val66Met) will also be valuable. Ultimately, these findings reinforce physical activity as a
powerful, accessible modulator of brain network dynamics during a critical life stage, with direct
implications for cognitive resilience and academic success. Finally, higher physical activity in young
adults is associated with enhanced temporal flexibility and differentiation of intrinsic connectivity
states which as patterns that support executive function and parallel superior working memory perfor-
mance. These results highlight dynamic functional network reconfiguration as a key neurobiological
mechanism linking lifestyle to cognitive health, and strongly advocate for prioritizing physical activity
promotion in university wellness programs.
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