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From brain activity to dynamic functional connectivity

Consider FC networks as a communication infrastructure system on which some unspecified 

"information" can flow moved by some unspecified dispatcher process.

Information can move over a static graph of FC but also over a temporal graph of dFC

Suppose that "keeping on" a FC link at a certain time has some cost, e.g. metabolic cost of high

synchrony. We use binary undirected networks for simplicity (one link "on" at time t = cost 1; 

Tot cost = tot number of links over space and time)

We study two strategies for info dispatch on static and temporal graphs: the "smart" scenario

corresponds to an upper bound, the "drunkard" scenario to a chance expectation
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Functional connectivity supposedly reflects inter-regional interaction and exchange of 

information. If the aim of establishing FC is to enable communication  why not generating a 

stable functional network infrastructure, optimized for information exchange efficiency?

In other words, why dFC should be "d" ?

If the system disposes of a finite amount of resources, how should it better spend them

to dispatch info efficiently? By creating fewer but long-lasting optimized links? or,

at equal cost and duration, more transient links? Is there an optimum tradeoff ?

Introduction How far and how fast can dFC diffuse information?

Functional connectivity of the resting state

describes patterns of correlation between distant

regions working together

Usually described as static, time-averaged network

but it changes relentlessy through time as described

by dynamic Functional Connectivity (dFC) analyses

dFC fluidity is not only ubiquitous, it serves as

biomarker of efficient cognitive performance

and tracks different conditions (aging, pathology...)  

Fox et al. (2005)

Calhoun et al. (2015)

Battaglia et al. NeuroImage (2020)

Lombardo et al. NeuroImage (2020)

Recurrence analyses to detect

structure in temporal variability

Example: dFC slows down with

aging or sleep deprivation, 

correlating with degraded

cognitive assessments

"Why" as "how to": dFC is naturally occurring

dFC recurrence

matrix from

simulated rs

Hansen et al.

NeuroImage (2015);

Pathak et al., PLoS

Biology (2026)

Mean-field models of whole brain dynamics

can be used to emulate resting state dynamics. Simulations

spontaneously give rise to a rich dFC because of the sampling

of an internal repertoire of dynamical states a

Best fit to empirical dFC found through a dynamic working point

roaming between critical lines as an effect of fluctuating arousal

Thus dFC is "d" "why"...  it would be unlikely to be otherwise

"Why" as "what for": dFC as an asset for info flow?

"Smart"
dispatcher

A smart dispatcher always chooses the

shortest path to move info

from a node to another (here "0" to "8")

A drunkard dispatcher performs a random

walk on the graph until the target is found

Even more complicated on a temporal net:

Time-respecting paths !

"Drunkard"
dispatcher

We compare empirical fMRI_tnet dFC streams with an equal cost static_fMRI version. In addition we 

have a variety of null models, both static (e.g. same density stantc Erdös-Rényi, scale-free or small-

world) and dynamic. In edge-randomized (erand) link density is maintained frame-by-frame but 

links are randomly rewired, while in uniform every frame is regenerated from scratch with a 

homogeneous static-like link density in every frame. In time shuffle, frames are kept identical but 

time-shuffled. Finally in edge-activation (eAct), every link is randomly generated with a link-specific 

activation probability matched to empirical.

An optimal tradeoff between integration and segregation?

Where this tradeoff comes from?

Irrigation, i.e. the amount of nodes reachable 

by info initially at a source node over a given 

horizon of time  (T = ~10
3  

frames, equivalent 

to empirical rs sessions below)

Resistance to information diffusion measured 

as the time needed for info to reach a target node, 

averaged over all possible targets (targets that are

not reached  over the  observation time T

contribute a penalty of T+1)

Similarity, or how similar is a network frame to the next

Net fluidity, fraction of links changing from frame to frame

Spatial clustering, the conventional clustering coefficient

Temporal clustering, the clustering coefficient of an aggregate

of ∆ consecuitve time frames

Return latency, the fastest time needed for information to

come back to a source node, after having left it

Retention, the fraction of currently neighboring nodes

that are still neighbors at the next frame.

Integrative diffusion metrics

Segregative diffusion metrics

A binary temporal network A(t) is constructed from an empirically measured dFC stream from 20 min

of human BOLD rs fMRI (time window 20 s, data from Human Connectome Project, 99 subjects)

Application of a sharp threshold θ to control the obtained average degree.  A
static

(t) is constructed from

an average temporal network frame, rebinarized to obtain a temporal network with the same cost

Static dFC (empirical and nulls) has lower Irrigation

and higher resistance than empirical dFC, when the

budget for tnet construction is restrained

More random dynamic models however achieve even

better irrigation and resistance than empirically

observed dFC!

Static dFC has 100% similarity and retention and minimum

return latency by construction. Temporal clustering matches

spatial clustering.

Staticized nulls add persistent templates and recover

part of empirical quasi-staticity, but miss the full 

integration-segregation profile.

ConnMF, a connectome-based mean-field model with

fluctuating working point / critical roaming, 

gives the best qualitative trade-off: high spatial and 

temporal clustering with strong integration and segregation.

Remaining mismatch: simulated dynamics remain too

persistent / offset from empirical dFC, suggesting an

additional decorrelating or renewal mechanism?

Empirical dFC has near-static similarity and retention and 

very low return latency, better then more random null models.

Spatial clustering is lower than static, but  temporal clustering is larger.

Information processing requires as well the capability to

segregate information for processing by localized sub-

networks, information must thus be retained for a sufficient

time before completely leaking away.

Some open questions

What is the nature of "link cost", metabolic, linked to synchronization?

Are null models capturing the auto- and cross-correlation properties of BOLD

signal outperforming graph-based staticized nulls?

Are fluctuations in network density of empirical dFC inter-

pretable as an avalanching phenomenon? Power-laws? Link to percolation?

Are our info flow features useful as biomarkers of cognitive (dys)function? 

Temporal clustering

Single frames may be

not clustered, but edges

locally cluster in "space-time"
t

1
t

2
[t

1 
,t

2 
]

Regional activity
x1(t), . . . , xN (t)

One time window
Wk = [tk , tk + W ]

One FC frame
FCij (tk ) = corrWk (xi , xj )

Slide and repeat
Wk+1 = Wk + ∆t

Ordered output: dFC = {FC(t1), FC(t2), . . . , FC(tK )}

FC reveals coordinated functional systems that can span distant brain regions; dFC
tracks how their interaction map reconfigures over time.
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Why could FC be treated as a communication channel?

FCij = ρij =⇒ I(Xi ; Xj) = −1
2 log

(
1 − FC2

ij

)
(Gaussian signals)

Focal stimulation
inject a local perturbation

Fig 1. Whole-brain imaging data, computational model of large-scale brain dynamics, and schematic of analysis. (A) An example of white matter
streamlines reconstructed from diffusion imaging and tractography of a human brain. (B) Noninvasive magnetic resonance imaging scans of human
brain anatomy are used to segment the cortex and subcortex into 82 regions. (C) Adjacency matrix for a group-averaged structural brain network.
Individual brain areas are represented as network nodes, and normalized white matter streamline counts between region pairs are represented as
weighted network edges. (D) Matrix of Euclidean distances between the centers of mass of all region pairs. (E) Left: Structural brain network
representation; location of gray circles correspond to region centers of mass, and teal lines show the strongest 20% of interareal connections, with line
thickness proportional to connection strength. The two encircled nodes correspond to an unperturbed region j and an excited region i in the large-scale
brain network, with the perturbed region indicated by the yellow lightning bolt. Right: Schematic of the computational model of large-scale brain
dynamics. The activity of a given brain region j is modeled as a Wilson-Cowan neural mass, composed of interacting populations of excitatory E and
inhibitory I neurons. Neural masses are then coupled through their excitatory pools according to the structure of the anatomical brain network. A
perturbation to region i (pictorially represented with the lightning bolt) is modeled as an increase in its excitatory input from PE! PE + ΔPE. (F) The
computational model generates oscillatory time-series of neural population activity for each brain region. These time-series can then be analyzed in
Fourier space to determine relevant frequency bands for further analysis. After filtering time-series within the same frequency band of interest,
functional interactions between brain region pairs are determined by extracting phase variables from each region’s filtered activity via the Hilbert
transform, and then computing the phase-locking value to assess the consistency of phase relations over time and trials.

https://doi.org/10.1371/journal.pcbi.1008144.g001

Relations between brain connectivity and effects of stimulation depend on dynamical state

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1008144 September 4, 2020 5 / 43

FC
coupling predicts the response

Fig 5. Phase-locking changes at WP1 are driven by local excitations of neural activity, differ between excited and baseline frequency bands, and
are differentially related to structural and functional network properties. (A) Pairwise changes in the PLV inside the baseline band Δρbase when
region i (Left) or region j 6à i (Right) is perturbed. In this figure, regions i and j correspond to regions 4 (R–Medial Orbitofrontal) and 23 (R–Lateral
Occipital), respectively. (B) Network-averaged absolute PLV changes in the baseline band hjDrbase

di
ji caused by stimulation of different brain areas. (C)

Pairwise changes in the PLV inside the excited band Δρexc when region i (Left) or region j 6à i (Right) is perturbed. (D) Network-averaged absolute PLV
changes in the excited band hjDrexc

di
ji induced by stimulation of different brain areas. (E) The quantity hjDrbase

di
ji vs. structural node strength sstruci (Left),

and the quantity hjDrexc
di
ji vs. structural node strength sstruci (Right). (F) The quantity hjDrbase

di
ji vs. functional node strength sfunci (Left), and the quantity

hjDrexc
di
ji vs. functional node strength sfunci (Right). In panels (E) and (F), insets indicate Spearman correlation coefficients between the plotted quantities

and their associated p-values).

https://doi.org/10.1371/journal.pcbi.1008144.g005

PLOS COMPUTATIONAL BIOLOGY Relations between brain connectivity and effects of stimulation depend on dynamical state

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1008144 September 4, 2020 21 / 43

SC
coupling does not predict it

Fig 5. Phase-locking changes at WP1 are driven by local excitations of neural activity, differ between excited and baseline frequency bands, and
are differentially related to structural and functional network properties. (A) Pairwise changes in the PLV inside the baseline band Δρbase when
region i (Left) or region j 6à i (Right) is perturbed. In this figure, regions i and j correspond to regions 4 (R–Medial Orbitofrontal) and 23 (R–Lateral
Occipital), respectively. (B) Network-averaged absolute PLV changes in the baseline band hjDrbase

di
ji caused by stimulation of different brain areas. (C)

Pairwise changes in the PLV inside the excited band Δρexc when region i (Left) or region j 6à i (Right) is perturbed. (D) Network-averaged absolute PLV
changes in the excited band hjDrexc

di
ji induced by stimulation of different brain areas. (E) The quantity hjDrbase

di
ji vs. structural node strength sstruci (Left),

and the quantity hjDrexc
di
ji vs. structural node strength sstruci (Right). (F) The quantity hjDrbase

di
ji vs. functional node strength sfunci (Left), and the quantity

hjDrexc
di
ji vs. functional node strength sfunci (Right). In panels (E) and (F), insets indicate Spearman correlation coefficients between the plotted quantities

and their associated p-values).

https://doi.org/10.1371/journal.pcbi.1008144.g005

PLOS COMPUTATIONAL BIOLOGY Relations between brain connectivity and effects of stimulation depend on dynamical state

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1008144 September 4, 2020 21 / 43

Papadopoulos et al., PLoS Comput. Biol. (2020)

FC captures currently expressed communication opportunities that anatomy alone
cannot specify.
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The question



The brain never holds still—why?

t1 t2 t3 t4

Functional connectivity changes continuously—even at rest.

Is this variability. . .

Noise / by-product
incidental fluctuation

Trace of computation
reflects ongoing processing

Communication strategy
dynamicity is itself useful

The strong hypothesis: dynamicity itself can be functional.

The question 3



One budget, two competing demands

INTEGRATION

reach distant regions
combine information

↔ SEGREGATION

preserve local processing
and specialization

CONSTRAINT Maintaining an active functional link has a cost.

The question 4



How could dynamicity help?

Same target efficiency
STATIC

Same limited budget
STATIC

t1 t2 t3

DYNAMIC

t1 t2 t3

9 edge activations

3 edge activations

t1 t2 t3

DYNAMIC

t1 t2 t3

2 of 4 nodes reached

4 of 4 nodes reached

Reconfiguration delivers the same efficiency at lower cost—or greater efficiency for
the same budget.

The question 5



Framework



From resting-state fMRI to a temporal network
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regional BOLD signals

sliding window

pairwise correlation

FC matrix per window

ordered network frames

Each thresholded FC window defines the communication opportunities available at
that moment.
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How do we impose equal cost?

Instantaneous sparsity
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Strict threshold → sparse frames → high effective cost

Allocation across time
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Static: repeat edges Dynamic: renew edges

total cost =
∑

t

∣∣∣Et
∣∣∣ one unit per active edge per frame

Static and dynamic networks receive the same edge–time budget; only
its temporal allocation changes.
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Information dispatch: fixed routes or changing opportunities?

Static tNet
The same routes are available at every

step.

Consider FC networks as a communication infrastructure system on which some unspecified 

"information" can flow moved by some unspecified dispatcher process.

Information can move over a static graph of FC but also over a temporal graph of dFC

Suppose that "keeping on" a FC link at a certain time has some cost, e.g. metabolic cost of high

synchrony. We use binary undirected networks for simplicity (one link "on" at time t = cost 1; 

Tot cost = tot number of links over space and time)

We study two strategies for info dispatch on static and temporal graphs: the "smart" scenario

corresponds to an upper bound, the "drunkard" scenario to a chance expectation

Dynamic Functional Connectivity Resolves Brain

Integration-Segregation Trade-off Under Costly Links

Simachew Mengiste, Demian Battaglia

Functional System Dynamics team (FunSy), LNCA CNRS UMR 7364, Université de Strasbourg, France

Functional connectivity supposedly reflects inter-regional interaction and exchange of 

information. If the aim of establishing FC is to enable communication  why not generating a 

stable functional network infrastructure, optimized for information exchange efficiency?

In other words, why dFC should be "d" ?

If the system disposes of a finite amount of resources, how should it better spend them

to dispatch info efficiently? By creating fewer but long-lasting optimized links? or,

at equal cost and duration, more transient links? Is there an optimum tradeoff ?

Introduction How far and how fast can dFC diffuse information?

Functional connectivity of the resting state

describes patterns of correlation between distant

regions working together

Usually described as static, time-averaged network

but it changes relentlessy through time as described

by dynamic Functional Connectivity (dFC) analyses

dFC fluidity is not only ubiquitous, it serves as

biomarker of efficient cognitive performance

and tracks different conditions (aging, pathology...)  

Fox et al. (2005)

Calhoun et al. (2015)

Battaglia et al. NeuroImage (2020)

Lombardo et al. NeuroImage (2020)

Recurrence analyses to detect

structure in temporal variability

Example: dFC slows down with

aging or sleep deprivation, 

correlating with degraded

cognitive assessments

"Why" as "how to": dFC is naturally occurring

dFC recurrence

matrix from

simulated rs

Hansen et al.

NeuroImage (2015);

Pathak et al., PLoS

Biology (2026)

Mean-field models of whole brain dynamics

can be used to emulate resting state dynamics. Simulations

spontaneously give rise to a rich dFC because of the sampling

of an internal repertoire of dynamical states a

Best fit to empirical dFC found through a dynamic working point

roaming between critical lines as an effect of fluctuating arousal

Thus dFC is "d" "why"...  it would be unlikely to be otherwise

"Why" as "what for": dFC as an asset for info flow?

"Smart"
dispatcher

A smart dispatcher always chooses the

shortest path to move info

from a node to another (here "0" to "8")

A drunkard dispatcher performs a random

walk on the graph until the target is found

Even more complicated on a temporal net:

Time-respecting paths !

"Drunkard"
dispatcher

We compare empirical fMRI_tnet dFC streams with an equal cost static_fMRI version. In addition we 

have a variety of null models, both static (e.g. same density stantc Erdös-Rényi, scale-free or small-

world) and dynamic. In edge-randomized (erand) link density is maintained frame-by-frame but 

links are randomly rewired, while in uniform every frame is regenerated from scratch with a 

homogeneous static-like link density in every frame. In time shuffle, frames are kept identical but 

time-shuffled. Finally in edge-activation (eAct), every link is randomly generated with a link-specific 

activation probability matched to empirical.

An optimal tradeoff between integration and segregation?

Where this tradeoff comes from?

Irrigation, i.e. the amount of nodes reachable 

by info initially at a source node over a given 

horizon of time  (T = ~10
3  

frames, equivalent 

to empirical rs sessions below)

Resistance to information diffusion measured 

as the time needed for info to reach a target node, 

averaged over all possible targets (targets that are

not reached  over the  observation time T

contribute a penalty of T+1)

Similarity, or how similar is a network frame to the next

Net fluidity, fraction of links changing from frame to frame

Spatial clustering, the conventional clustering coefficient

Temporal clustering, the clustering coefficient of an aggregate

of ∆ consecuitve time frames

Return latency, the fastest time needed for information to

come back to a source node, after having left it

Retention, the fraction of currently neighboring nodes

that are still neighbors at the next frame.

Integrative diffusion metrics

Segregative diffusion metrics

A binary temporal network A(t) is constructed from an empirically measured dFC stream from 20 min

of human BOLD rs fMRI (time window 20 s, data from Human Connectome Project, 99 subjects)

Application of a sharp threshold θ to control the obtained average degree.  A
static

(t) is constructed from

an average temporal network frame, rebinarized to obtain a temporal network with the same cost

Static dFC (empirical and nulls) has lower Irrigation

and higher resistance than empirical dFC, when the

budget for tnet construction is restrained

More random dynamic models however achieve even

better irrigation and resistance than empirically

observed dFC!

Static dFC has 100% similarity and retention and minimum

return latency by construction. Temporal clustering matches

spatial clustering.

Staticized nulls add persistent templates and recover

part of empirical quasi-staticity, but miss the full 

integration-segregation profile.

ConnMF, a connectome-based mean-field model with

fluctuating working point / critical roaming, 

gives the best qualitative trade-off: high spatial and 

temporal clustering with strong integration and segregation.

Remaining mismatch: simulated dynamics remain too

persistent / offset from empirical dFC, suggesting an

additional decorrelating or renewal mechanism?

Empirical dFC has near-static similarity and retention and 

very low return latency, better then more random null models.

Spatial clustering is lower than static, but  temporal clustering is larger.

Information processing requires as well the capability to

segregate information for processing by localized sub-

networks, information must thus be retained for a sufficient

time before completely leaking away.

Some open questions

What is the nature of "link cost", metabolic, linked to synchronization?

Are null models capturing the auto- and cross-correlation properties of BOLD

signal outperforming graph-based staticized nulls?

Are fluctuations in network density of empirical dFC inter-

pretable as an avalanching phenomenon? Power-laws? Link to percolation?

Are our info flow features useful as biomarkers of cognitive (dys)function? 

Temporal clustering

Single frames may be

not clustered, but edges

locally cluster in "space-time"
t

1
t

2
[t

1 
,t

2 
]

Dynamic tNet
Routes appear in sequence: move, wait, or exploit a later shortcut.

Consider FC networks as a communication infrastructure system on which some unspecified 

"information" can flow moved by some unspecified dispatcher process.

Information can move over a static graph of FC but also over a temporal graph of dFC

Suppose that "keeping on" a FC link at a certain time has some cost, e.g. metabolic cost of high

synchrony. We use binary undirected networks for simplicity (one link "on" at time t = cost 1; 

Tot cost = tot number of links over space and time)

We study two strategies for info dispatch on static and temporal graphs: the "smart" scenario

corresponds to an upper bound, the "drunkard" scenario to a chance expectation

Dynamic Functional Connectivity Resolves Brain
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Functional System Dynamics team (FunSy), LNCA CNRS UMR 7364, Université de Strasbourg, France

Functional connectivity supposedly reflects inter-regional interaction and exchange of 

information. If the aim of establishing FC is to enable communication  why not generating a 

stable functional network infrastructure, optimized for information exchange efficiency?

In other words, why dFC should be "d" ?

If the system disposes of a finite amount of resources, how should it better spend them

to dispatch info efficiently? By creating fewer but long-lasting optimized links? or,

at equal cost and duration, more transient links? Is there an optimum tradeoff ?

Introduction How far and how fast can dFC diffuse information?

Functional connectivity of the resting state

describes patterns of correlation between distant

regions working together

Usually described as static, time-averaged network

but it changes relentlessy through time as described

by dynamic Functional Connectivity (dFC) analyses

dFC fluidity is not only ubiquitous, it serves as

biomarker of efficient cognitive performance

and tracks different conditions (aging, pathology...)  

Fox et al. (2005)

Calhoun et al. (2015)

Battaglia et al. NeuroImage (2020)

Lombardo et al. NeuroImage (2020)

Recurrence analyses to detect

structure in temporal variability

Example: dFC slows down with

aging or sleep deprivation, 

correlating with degraded

cognitive assessments

"Why" as "how to": dFC is naturally occurring

dFC recurrence

matrix from

simulated rs

Hansen et al.

NeuroImage (2015);

Pathak et al., PLoS

Biology (2026)

Mean-field models of whole brain dynamics

can be used to emulate resting state dynamics. Simulations

spontaneously give rise to a rich dFC because of the sampling

of an internal repertoire of dynamical states a

Best fit to empirical dFC found through a dynamic working point

roaming between critical lines as an effect of fluctuating arousal

Thus dFC is "d" "why"...  it would be unlikely to be otherwise

"Why" as "what for": dFC as an asset for info flow?

"Smart"
dispatcher

A smart dispatcher always chooses the

shortest path to move info

from a node to another (here "0" to "8")

A drunkard dispatcher performs a random

walk on the graph until the target is found

Even more complicated on a temporal net:

Time-respecting paths !

"Drunkard"
dispatcher

We compare empirical fMRI_tnet dFC streams with an equal cost static_fMRI version. In addition we 

have a variety of null models, both static (e.g. same density stantc Erdös-Rényi, scale-free or small-

world) and dynamic. In edge-randomized (erand) link density is maintained frame-by-frame but 

links are randomly rewired, while in uniform every frame is regenerated from scratch with a 

homogeneous static-like link density in every frame. In time shuffle, frames are kept identical but 

time-shuffled. Finally in edge-activation (eAct), every link is randomly generated with a link-specific 

activation probability matched to empirical.

An optimal tradeoff between integration and segregation?

Where this tradeoff comes from?

Irrigation, i.e. the amount of nodes reachable 

by info initially at a source node over a given 

horizon of time  (T = ~10
3  

frames, equivalent 

to empirical rs sessions below)

Resistance to information diffusion measured 

as the time needed for info to reach a target node, 

averaged over all possible targets (targets that are

not reached  over the  observation time T

contribute a penalty of T+1)

Similarity, or how similar is a network frame to the next

Net fluidity, fraction of links changing from frame to frame

Spatial clustering, the conventional clustering coefficient

Temporal clustering, the clustering coefficient of an aggregate

of ∆ consecuitve time frames

Return latency, the fastest time needed for information to

come back to a source node, after having left it

Retention, the fraction of currently neighboring nodes

that are still neighbors at the next frame.

Integrative diffusion metrics

Segregative diffusion metrics

A binary temporal network A(t) is constructed from an empirically measured dFC stream from 20 min

of human BOLD rs fMRI (time window 20 s, data from Human Connectome Project, 99 subjects)

Application of a sharp threshold θ to control the obtained average degree.  A
static

(t) is constructed from

an average temporal network frame, rebinarized to obtain a temporal network with the same cost

Static dFC (empirical and nulls) has lower Irrigation

and higher resistance than empirical dFC, when the

budget for tnet construction is restrained

More random dynamic models however achieve even

better irrigation and resistance than empirically

observed dFC!

Static dFC has 100% similarity and retention and minimum

return latency by construction. Temporal clustering matches

spatial clustering.

Staticized nulls add persistent templates and recover

part of empirical quasi-staticity, but miss the full 

integration-segregation profile.

ConnMF, a connectome-based mean-field model with

fluctuating working point / critical roaming, 

gives the best qualitative trade-off: high spatial and 

temporal clustering with strong integration and segregation.

Remaining mismatch: simulated dynamics remain too

persistent / offset from empirical dFC, suggesting an

additional decorrelating or renewal mechanism?

Empirical dFC has near-static similarity and retention and 

very low return latency, better then more random null models.

Spatial clustering is lower than static, but  temporal clustering is larger.

Information processing requires as well the capability to

segregate information for processing by localized sub-

networks, information must thus be retained for a sufficient

time before completely leaking away.

Some open questions

What is the nature of "link cost", metabolic, linked to synchronization?

Are null models capturing the auto- and cross-correlation properties of BOLD

signal outperforming graph-based staticized nulls?

Are fluctuations in network density of empirical dFC inter-

pretable as an avalanching phenomenon? Power-laws? Link to percolation?

Are our info flow features useful as biomarkers of cognitive (dys)function? 

Temporal clustering

Single frames may be

not clustered, but edges

locally cluster in "space-time"
t

1
t

2
[t

1 
,t

2 
]

t1 t2 t3

SMART 0 → 1 → 1 → 8 DRUNK 0 → 5 → 7 → 6

On a dynamic temporal network, successful communication depends on both topology
and timing.
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How do we measure integration and segregation?

INTEGRATION
Can information spread globally?

Irrigation ↑ destinations reached
within T

Resistance ↓ arrival time,
penalizing
unreachable pairs

SEGREGATION
Can information remain locally organized?

Return latency ↓ rapid recirculation to the
source

Retention ↑ reuse of neighborhood
partners

Clustering ↑ cohesive spatial and
temporal neighborhoods

s. clustering
?

t. clustering

t t + 1

?

t + 2

Success means global accessibility without immediately dissolving local structure.
Framework 9



How are the null models built?

Empirical dFC

t1 t2 t3
Match network size and edge–time cost; selectively remove structure.

STATIC
CONTROLS

One graph is repeated
through every frame.

REMOVES temporal change

Does dynamicity help?

RANDOM
TEMPORAL

Edges or frames order are
randomized.

REMOVES timing/topology

Is any variability sufficient?

STRUCTURED
TEMPORAL

Activation rates, hubs, or
neighborhoods are retained.

PRESERVES chosen persistence

Which structure matters?

Each null changes one aspect of temporal organization while keeping the
communication budget comparable.

Framework 10
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Dynamicity pays when links are costly

100 102

10 1

100

101

102
Smart

100 102

Drunk

100 102

150

400

1000

Smart

100 102

Drunk

fMRI_tnet
static_fMRI
static_er
static_sf
static_sw

average degree

irrigation
A

average degree

resistance
B

Sparse empirical dFC reaches more nodes than equal-cost static networks.
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The gain is reachability—not faster realized paths

100 102

75

250

950
Smart

100 102

Drunk

100 102
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2500

9500
Smart

100 102

Drunk

fMRI_tnet
static_fMRI
static_er
static_sf
static_sw

average degree

latency
A

average degree

inaccessibility
B

Temporal reconfiguration lowers resistance mainly by reducing inaccessible pairs.
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Random reconfiguration integrates even better

100 102

10 1

100
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A
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B

Temporal variability generically promotes integration.
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Does empirical dFC trade maximal integration for other objectives?
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FLUID
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S. CLUSTERED

MORE
T. CLUSTERED
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RETURN

HIGHER
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Empirical links reconfigure smoothly while sustaining cohesive neighborhoods and rapid
recirculation.
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The trade-off is managed across temporal scales

WITHIN SHORT
WINDOWS

cohesive neighborhoods
high retention • rapid return • clustering

local segregation is preserved

ACROSS MANY
WINDOWS

neighborhoods gradually renew
changing edges • time-respecting paths • reach

global integration becomes possible

CONTROLLED RENEWAL local neighborhoods persist while their membership gradually changes

Structured reconfiguration of dFC preserves local cohesion over short windows while
building global reach across longer timescales.
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Explanation



Can persistent empirical structure explain the balance?
EMPIRICAL dFC FRAMES

FREEZE A RANKED TEMPLATE
frequent edges get priority

TEMPLATE-BASED NULL

same edge preference,
observed density still varies
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Freezing edge priorities, hubs, or neighborhoods recovers selected features
—but not the full empirical signature.
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Can the empirical balance emerge mechanistically?

Consider FC networks as a communication infrastructure system on which some unspecified 

"information" can flow moved by some unspecified dispatcher process.

Information can move over a static graph of FC but also over a temporal graph of dFC

Suppose that "keeping on" a FC link at a certain time has some cost, e.g. metabolic cost of high

synchrony. We use binary undirected networks for simplicity (one link "on" at time t = cost 1; 

Tot cost = tot number of links over space and time)

We study two strategies for info dispatch on static and temporal graphs: the "smart" scenario

corresponds to an upper bound, the "drunkard" scenario to a chance expectation

Dynamic Functional Connectivity Resolves Brain

Integration-Segregation Trade-off Under Costly Links

Simachew Mengiste, Demian Battaglia

Functional System Dynamics team (FunSy), LNCA CNRS UMR 7364, Université de Strasbourg, France

Functional connectivity supposedly reflects inter-regional interaction and exchange of 

information. If the aim of establishing FC is to enable communication  why not generating a 

stable functional network infrastructure, optimized for information exchange efficiency?

In other words, why dFC should be "d" ?

If the system disposes of a finite amount of resources, how should it better spend them

to dispatch info efficiently? By creating fewer but long-lasting optimized links? or,

at equal cost and duration, more transient links? Is there an optimum tradeoff ?

Introduction How far and how fast can dFC diffuse information?

Functional connectivity of the resting state

describes patterns of correlation between distant

regions working together

Usually described as static, time-averaged network

but it changes relentlessy through time as described

by dynamic Functional Connectivity (dFC) analyses

dFC fluidity is not only ubiquitous, it serves as

biomarker of efficient cognitive performance

and tracks different conditions (aging, pathology...)  

Fox et al. (2005)

Calhoun et al. (2015)

Battaglia et al. NeuroImage (2020)

Lombardo et al. NeuroImage (2020)

Recurrence analyses to detect

structure in temporal variability

Example: dFC slows down with

aging or sleep deprivation, 

correlating with degraded

cognitive assessments

"Why" as "how to": dFC is naturally occurring

dFC recurrence

matrix from

simulated rs

Hansen et al.

NeuroImage (2015);

Pathak et al., PLoS

Biology (2026)

Mean-field models of whole brain dynamics

can be used to emulate resting state dynamics. Simulations

spontaneously give rise to a rich dFC because of the sampling

of an internal repertoire of dynamical states a

Best fit to empirical dFC found through a dynamic working point

roaming between critical lines as an effect of fluctuating arousal

Thus dFC is "d" "why"...  it would be unlikely to be otherwise

"Why" as "what for": dFC as an asset for info flow?

"Smart"
dispatcher

A smart dispatcher always chooses the

shortest path to move info

from a node to another (here "0" to "8")

A drunkard dispatcher performs a random

walk on the graph until the target is found

Even more complicated on a temporal net:

Time-respecting paths !

"Drunkard"
dispatcher

We compare empirical fMRI_tnet dFC streams with an equal cost static_fMRI version. In addition we 

have a variety of null models, both static (e.g. same density stantc Erdös-Rényi, scale-free or small-

world) and dynamic. In edge-randomized (erand) link density is maintained frame-by-frame but 

links are randomly rewired, while in uniform every frame is regenerated from scratch with a 

homogeneous static-like link density in every frame. In time shuffle, frames are kept identical but 

time-shuffled. Finally in edge-activation (eAct), every link is randomly generated with a link-specific 

activation probability matched to empirical.

An optimal tradeoff between integration and segregation?

Where this tradeoff comes from?

Irrigation, i.e. the amount of nodes reachable 

by info initially at a source node over a given 

horizon of time  (T = ~10
3  

frames, equivalent 

to empirical rs sessions below)

Resistance to information diffusion measured 

as the time needed for info to reach a target node, 

averaged over all possible targets (targets that are

not reached  over the  observation time T

contribute a penalty of T+1)

Similarity, or how similar is a network frame to the next

Net fluidity, fraction of links changing from frame to frame

Spatial clustering, the conventional clustering coefficient

Temporal clustering, the clustering coefficient of an aggregate

of ∆ consecuitve time frames

Return latency, the fastest time needed for information to

come back to a source node, after having left it

Retention, the fraction of currently neighboring nodes

that are still neighbors at the next frame.

Integrative diffusion metrics

Segregative diffusion metrics

A binary temporal network A(t) is constructed from an empirically measured dFC stream from 20 min

of human BOLD rs fMRI (time window 20 s, data from Human Connectome Project, 99 subjects)

Application of a sharp threshold θ to control the obtained average degree.  A
static

(t) is constructed from

an average temporal network frame, rebinarized to obtain a temporal network with the same cost

Static dFC (empirical and nulls) has lower Irrigation

and higher resistance than empirical dFC, when the

budget for tnet construction is restrained

More random dynamic models however achieve even

better irrigation and resistance than empirically

observed dFC!

Static dFC has 100% similarity and retention and minimum

return latency by construction. Temporal clustering matches

spatial clustering.

Staticized nulls add persistent templates and recover

part of empirical quasi-staticity, but miss the full 

integration-segregation profile.

ConnMF, a connectome-based mean-field model with

fluctuating working point / critical roaming, 

gives the best qualitative trade-off: high spatial and 

temporal clustering with strong integration and segregation.

Remaining mismatch: simulated dynamics remain too

persistent / offset from empirical dFC, suggesting an

additional decorrelating or renewal mechanism?

Empirical dFC has near-static similarity and retention and 

very low return latency, better then more random null models.

Spatial clustering is lower than static, but  temporal clustering is larger.

Information processing requires as well the capability to

segregate information for processing by localized sub-

networks, information must thus be retained for a sufficient

time before completely leaking away.

Some open questions

What is the nature of "link cost", metabolic, linked to synchronization?

Are null models capturing the auto- and cross-correlation properties of BOLD

signal outperforming graph-based staticized nulls?

Are fluctuations in network density of empirical dFC inter-

pretable as an avalanching phenomenon? Power-laws? Link to percolation?

Are our info flow features useful as biomarkers of cognitive (dys)function? 

Temporal clustering

Single frames may be

not clustered, but edges

locally cluster in "space-time"
t

1
t

2
[t

1 
,t

2 
]
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Connectome-constrained dynamics can generate integration and local cohesion
without an imposed empirical edge template.
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No model captures the full empirical signature
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ConnMF is the strongest physiologically interpretable candidate, but the match
remains qualitative.
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Interpretation



What the results establish

REACH
Dynamic links reduce

inaccessible pairs when links
are costly.

COHESION
Empirical dFC preserves local
organization beyond random

temporal nulls.

BALANCE
Segregation is maintained
locally while integration
accumulates over time.

Empirical dFC occupies a controlled middle regime between static persistence and
unconstrained temporal randomization.
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Limitations define the next steps

Limitation Next step
Propagation and reconfiguration share
one timescale

→ Decouple the two clocks

Binary, undirected links → Test weighted and directed temporal
networks

Slow BOLD-fMRI dynamics → Probe faster EEG and LFP dFC

Link cost is assumed, not measured → Relate dFC organization directly to
metabolic cost

Interpretation 20
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