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Abstract

The triple network model has become a widely adopted framework for studying large-scale brain organization in basic and clinical neuro-
science; however, accumulating evidence complicates this taxonomy. The default mode network, once labelled “task-negative”, is now
recognized as dynamically engaged across both internally directed and task-related processes. The salience network, often described as a
“switching” hub, exerts context-dependent modulatory influences on both default mode and central executive network activity, supported
by oscillatory coupling and directed connectivity. The central executive and frontoparietal networks, traditionally viewed as a unitary
task-positive network, display heterogeneity across parcellations and frequency bands, suggesting finer-grained functional subdivisions
than previously assumed. Multimodal studies integrating electroencephalography, functional magnetic resonance imaging, and other
approaches converge on the view that networks interact through flexible, frequency-specific dynamics, but diverge in their anatomical
assignments depending on atlas, modality, and task. In this scoping review synthesizes evidence on network definitions, methodological
inconsistencies, and putative modulatory mechanisms, highlighting the heterogeneity of control networks and underscoring the need to
incorporate temporal dynamics into future taxonomies. We propose that geometric hypotheses of neural control describing the global
coordination of local activities, such as those used in neural manifolds, may improve our understanding of disordered cognition by in-
tegrating the many existing methodologically constrained maps into a coherent stable atlas that is more robust to approximating biases
and errors associated with sampled population variability.
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1. Introduction

The triple network model (3NM) proposes a system
with three major networks—the Default Mode Network
(DMN), the Salience Network (SN), and the Central Exec-
utive Network (CEN)—as core components of large-scale
brain organization [1,2]. Since their introduction, how-
ever, each network has been defined and labelled in multi-
ple, sometimes inconsistent, ways. For example, the DMN
was originally described as “task-negative” in contrast to a
“task-positive” system [3], but this designation has proven
misleading, as DMN regions are active during diverse in-
ternally oriented and task-related processes [4]. Similarly,
the SN has been variously referred to as the midcingulo-
insular network, cingulo-opercular network, or ventral at-
tention network, reflecting both anatomical parcellation
schemes and theoretical emphases [5]. The CEN topolog-
ically overlaps substantially with what is elsewhere called
the task-positive network (TPN) or the frontoparietal net-
work (FPN), further blurring distinctions between control
and attention systems [6]. The CEN and FPN have been

considered to be subnetworks of the TPN [2], although dis-
cussions of the 3NM often use the CEN nomenclature when
describing the tripartite framework.

These overlapping definitions reflect deeper method-
ological challenges. The 3NM itself has arisen in part due to
magnetic resonance imaging (MRI) being the neuroimag-
ing technique through which it was popularized [1]. Net-
work assignment often depends on the atlas employed, the
imaging modality, or the theoretical framework guiding in-
terpretation [7,8,9,10,11]. For instance, cognitive neuro-
science studies may emphasize functional distinctions (e.g.,
control vs. salience), whereas clinical work may adopt
symptom-oriented labels [2,5]. Such variability compli-
cates efforts to reconcile findings across modalities and dis-
ciplines. The goal of the present scoping review is there-
fore to synthesize recent evidence on the dynamics of the
DMN, SN, and CEN, with attention to how methodological
and taxonomic differences influence network definitions.
We emphasize findings from functional magnetic resonance
imaging (fMRI), electroencephalogram (EEG),magnetoen-
cephalography (MEG) and positron emission tomography
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(PET) with a particular focus on the role of temporal dy-
namics in shaping inter-network interactions [12,13,14].

The paper is organized as follows. We first review
the 3NM and conduct an automatic analysis on the existing
literature surrounding the 3NM. We then discuss the
anatomical and functional connectivity (FC) labelling of
brain regions followed by a discussion of the experimental
and computational works reviewed, some of which derive
effective connectivity (EC) measures. We then discuss neu-
roimaging modalities and their relevance to connectivity
analysis. To summarize the literature survey, we synthesize
traces of evidence in the literature that (i) SN’s role is better
characterized as context-dependent modulation; (ii) DMN
engagement is task- and state-dependent rather than task-
negative; (iii) what is often referred to as the CEN or FPN
is a heterogeneous coalition or coordinated subnetworks.
A table of nomenclature used can be found in Appendix
Table 1. Our contribution is twofold: (i) a curated syn-
thesis of results summarized in Appendix Table 2 (Ref.
[6,12,14,15,16,17,18,19,20,21,22,23,24,25,26,27,28,29,30,
31,32,33,34,35,36,37,38,39,40,41,42,43,44,45,46,47,48,49,
50,51,52,53,54,55,56,57,58,59,60,61,62,63,64,65,66,67,68,
69,70,71]), providing a structured map of disordered cog-
nition, and (ii) a unifying interpretation of reported 3NM
dynamics as manifestations of perturbed neural control.
We conclude by positing that future taxonomies must
integrate temporal dynamics and atlas differences to ac-
count for mechanisms across both time and spatial scales,
respectively, and that this may be done by adopting the
geometric control framework. A demonstrative example
of this approach using a reviewed dataset is presented in
Appendix Figs. 11,12 (Ref. [68]).

2. Literature Review
2.1 Semantic Analysis

Papers were selected from the results of a combination
of PubMed (https://pubmed.ncbi.nlm.nih.gov/) (n = 41) and
Scopus (https://www.scopus.com/) (n = 81) queries yield-
ing 81 papers after deduplication (as of January 2026). The
query searched across four neuroimagingmodalities and for
terms related to the 3NM:

((“Electroencephalography”[Mesh]) OR (“Mag-
netic Resonance Imaging”[Mesh]) OR (“Positron-
Emission Tomography”[Mesh]) OR (“Magnetoen-
cephalography”[Mesh]))

AND
((“functional connectivity” AND “triple net-

work model” AND (“default mode network” OR
“salience network” OR “central executive net-
work”)))

Inclusion criteria included: (i) any articles whose ti-
tles or abstracts explicitly included any of the modalities
(MRI = 41, EEG = 6, MEG = 2, PET = 3); (ii) any articles
whose titles or abstracts explicitly included frequency band-
width related terms (gamma = 0, beta = 3, alpha = 6, theta,
delta = 4). A total of 55 papers were found to explicitly
include these terms in abstracts, of which 9 were reviews.
Fig. 1 shows a Preferred Reporting Items for Systematic
reviews and Meta-Analyses (PRISMA)style [72] flowchart
and a sunburst distribution of papers based on a regular ex-
pression search of terms.

A latent semantic analysis (LSA) [73] of the 81 ab-
stracts was computed, producing a vector space represent-
ing the statistics of the word co-occurrences within the ab-
stract corpora. A term frequency and inverse document fre-
quency representation was used to weight terms and three
different clustering algorithms were applied: (i) k-means,
(ii) spectral clustering, and (iii) hierarchical density-based
spatial clustering of applications with noise (HDBSCAN).
This produced three separate groupings of the papers based
on their latent semantics according to Euclidean centroid
mass, graph-based and hierarchical-based clustering. Both
k-means and spectral clustering require specifying the num-
ber of clusters (as centroids or top eigenvectors to project
to). HDBSCAN requires specifying minimum cluster size
in order to determine the number of clusters automatically,
and outputs a noise/outlier category. A latent Dirichlet al-
location (LDA) [74] was also computed, producing topic-
word and document-topic distributions. The number of top-
ics to model was chosen based on the results of a sweep
over parameters (the number of topics and passes). Papers
not labelled as outliers by the HDBSCANwere added to the
selection yielding 64 papers. Appendix Figs. 8,9,10 show a
comparison of clustering techniques used. Clustering gen-
erally reproduced obvious thematic groupings from the lit-
erature, with papers classified as HDBSCAN noise repre-
senting more transitional papers between these groupings
(i.e., papers addressing multiple different kinds of disorders
were found to be positioned between thematic clusters).

Topic modelling reveals related clusters of work:
between resting state and task, across disorders, and
with varying focuses on constituent parts of the 3NM.
Some clusters are specific to disorders, with disor-
der clusters near to each other (likely due to the
common language and possibly common network dy-
namics being reported). The 3NM has been applied
to cognitive impairment ([15,16,17,18,19]), border-
line personality disorder (BPD) [20,21], schizophrenia
[22,23,24,25,26], affective disorders (AD) such as de-
pression [27,28,29,30], obsessive-compulsive disorder
(OCD) [31,32,33,34,39,75], substance use disorder
(SUD) [35,36,37,38], attention-deficit/hyperactivity dis-
order (ADHD) [40], autism spectrum disorder (ASD)
[41,42,43,44], post-traumatic stress disorder (PTSD)
[45,46,47], Alzheimer’s disease (AZD) and Parkin-
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Fig. 1. Review flowchart. (Left) PRISMA-style identification, screening and inclusion based on automatic latent semantic analysis
of abstracts and full text assessments. Right: distribution of explicit mentions between modality and bandwidth. (Right) A sunburst
diagram showing the distribution of papers based on a naive text search using keywords. Blue (0) indicates a paper is a study, red (1)
indicates a review (includes the keyword ‘review’ or ‘survey’ in abstract) and unlabelled arcs indicate no explicit references to terms
of interest. PRISMA, Preferred Reporting Items for Systematic reviews and Meta-Analyses; MRI, magnetic resonance imaging; EEG,
electroencephalogram; MEG, magnetoencephalography; PET, positron emission tomography.

son’s disease (PKD) [48,49,50,51,52,53,54,55,56], pain
[57,58,59,60], traumatic brain injury (TBI) [61,62,63],
disorders of consciousness (DOC) [64], and problematic
internet use (PIU) [65,66].

A manual citation based search yielded a further 7
studies with anatomical regions mapped to functional net-
works from the 3NM and sensorimotor networks. These
networks are visualized in Fig. 2. A summary of results
reviewed may be found in Appendix Table 2.

2.2 Modalities and Connectivity

The papers reviewed integrated different modalities of
imaging as well as different brain atlases. Some were meta-
analyses and/or reviews which considered more than one
modality. Of the experiments reviewed, the most common
modality was fMRI; MEG and PET studies were less com-
mon than EEG. The combined comparisons across modal-
ities demonstrates the spatiotemporal resolution tradeoff
involved when selecting a particular neuroimaging tech-
nique. This may be seen in the log-spatial vs log-temporal
scales of different neuroimaging techniques in Fig. 3. In
terms of temporal resolution, MEG/EEG is fastest (mil-
liseconds) compared to fMRI (seconds) with better spatial
resolution, and PET captures a similar spatial scale with a
slower timescale [76]. For these reasons it is often help-
ful to integrate different modalities, accounting for multi-
ple biological processes at play [77]. It is suggested that
the reproducibility of associations within the brain requires

a sample size on the order of hundreds [78] or thousands
[79], however in the absence of such large cohorts, longer
scan times and extensive repeated measures from the same
subject help to improve prediction for smaller samples [80].

Functional MRI measures time-varying changes in
blood flow during neural activity, captured through
the blood-oxygen-level–dependent (BOLD) signal [81].
BOLD is a contrast mechanism used in fMRI. It reflects
changes in blood oxygenation level that occur when neural
activity increases/decreases in a brain region. The major
strength of fMRI lies in its high spatial resolution, allowing
fine-grained localization of brain activity and precise map-
ping of large-scale networks. However, this spatial preci-
sion comes at the cost of poor temporal resolution, as the
hemodynamic response lags behind neuronal firing by sev-
eral seconds representing several orders of magnitude dif-
ference in timescale with synaptic chemistry.

PET scanning uses a radioactive tracer to show typ-
ical and atypical metabolic activity [82]. The use of PET
imaging exposes the patient to ionizing radiation and thus
ethical and safety considerations limit repeated or longitu-
dinal use, especially in vulnerable populations such as chil-
dren or pregnant individuals. The development of these
specific chemical tracers to target biochemical reactions
of interest are also a constraint [83]. PET requires the
synthesis of specific chemical tracers that target partic-
ular biochemical pathways or receptor systems—such as
fluorine-18-fluorodeoxyglucose (i.e., 18F-FDG) for glu-
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Fig. 2. Visualization of different reported functional networks. (From left to right) Default mode network, central execu-
tive/frontoparietal network, salience network, visual/sensorimotor networks. The highlighted regions are regions of interest that were
identified in papers as interacting with the mentioned networks. We show all regions across all papers at once to show the distribution of
regions and their annotations to functional networks.

Fig. 3. Spatiotemporal relationship between modalities. The log-spatial and log-temporal resolutions of EEG, MEG, fMRI and PET.
This demonstrates the tradeoffs when using different imaging modalities. Thus, a combination of modalities allows for larger coverage
of this spatiotemporal space. fMRI, functional magnetic resonance imaging.

cose metabolism or carbon-11-raclopride (i.e., 11C-RAC)
for dopamine receptor binding. The short half-lives of
many isotopes necessitate onsite or nearby cyclotron fa-
cilities and rapid radiochemical synthesis, making PET
both costly and logistically demanding. Despite these con-

straints, PET remains a powerful tool for investigating
molecular and metabolic processes.

EEG records the brain’s electrical activity through an
array of electrodes placed on the scalp, capturing voltage
fluctuations generated primarily by postsynaptic potentials
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in cortical pyramidal neurons [13]. The method’s non-
invasiveness, relative affordability, and high temporal res-
olution make it a popular tool in both clinical diagnostics
and cognitive neuroscience research. However, such sur-
face measurements suffer from inherently poor spatial reso-
lution because the recorded signals are distorted by volume
conduction through the scalp, skull, and cerebrospinal fluid.
The relationship between the underlying neural sources and
the measured potentials, known as the EEG forward model,
is complex and spatially diffuse. Consequently, estimating
the distribution of cortical activity from scalp data, known
as the inverse problem, is ill-posed and does not have a
unique solution. To address this limitation, various compu-
tational approaches have been developed to improve source
reconstruction accuracy, including minimum-norm estima-
tion, beamforming, and Bayesian inference methods [84].
These techniques combine biophysical modelling of head
conductivity with statistical regularization or prior informa-
tion to estimate the most plausible distribution of brain ac-
tivity consistent with the observed data.

MEG offers similar spatial and temporal resolution,
however it measures magnetic activity rather than electri-
cal. Using MEG, it has been shown that individual alpha
frequency transcranial alternating current stimulation re-
duces static functional connectivity (sFC) across the DMN
[54]. When FC derived from MEG is combined with clin-
ical features, it has been shown to help identify atypical
cases of self-limited epilepsy with centrotemporal spikes
[85] (a focal epilepsy more common amongst children, oth-
erwise known as benign Rolandic epilepsy [86]).

MEG and EEG both offer insights into the oscillatory
activity of the brain that neither PET nor fMRI are able to
physically capture but at the expense of spatial precision
[87]. The reviewed studies demonstrate how these meth-
ods are applied in complementary ways to map brain func-
tion across a hierarchy of biological processes. The use
of independent component analysis (ICA), a computational
method separating mixed signals into statistically indepen-
dent components, is a common tool within functional net-
work identification. Although useful for preliminary anal-
ysis, it is often necessary to validate with more sophisti-
cated techniques such as Bayesian or graph-based methods.
When interpreting networks extracted using ICA, it is there-
fore important to consider both the imaging modality and
brain atlas parcellation used in order to account for the spa-
tiotemporal resolution at play. For this reason, multimodal
approaches that integrate EEG and fMRI data have gained
traction, as they can leverage the strengths of eachmodality.
Recent reviews and perspectives show promise using mul-
timodal and data fusion approaches [88,89,90]. Previously,
simultaneous EEG and fMRI was used to link fluctuations
in frontal theta power to BOLD activity in DMN hubs [12].
They found that found that frontal midline theta during a
working-memory paradigm was negatively correlated with
BOLD activity across multiple DMN regions such as the

medial prefrontal cortex (mPFC), posterior cingulate cor-
tex (PCC), inferior frontal–parietal cortices, middle tem-
poral gyrus (MTG) and cerebellum. The authors posited
either (i) a non-DMN theta generator, (ii) a medial-frontal
source with network-wide coupling, or (iii) theta distributed
throughout the DMN. The combination of EEG-fMRI [91]
allows for a balanced trade-off between temporal and spa-
tial resolutions [92,93].

Across modalities, a modulatory dimension emerges
from oscillatory coupling. In EEG and MEG studies, FC
is commonly estimated in the frequency domain using co-
herence [94] or phase analysis [95]. These metrics al-
low network coupling to be examined within specific oscil-
latory bands, revealing frequency-dependent subnetworks
that do not necessarily align with BOLD-defined systems.
Network coupling can be broadly categorized into either
amplitude-amplitude coupling (AAC) or phase-amplitude
coupling (PAC). AAC is the co-variation between two sig-
nals in terms of amplitudes, often describing functional
connectivity where regions maintain synchronized activity
rates. This kind of coupling suggests regions that are driven
by a latent dynamic elsewhere, or are excitatorily connected
to each other. PAC describes the covariation between the
phase of a signal and the amplitude of another, where the
timing of activity in one region synchronizes with the ac-
tivity rate of another. This has been suggested to be the
mechanism by which the SN switches, however validation
by the alignment of different networks derived from differ-
ent modalities remains an open problem. Early evidence re-
ported BOLD correlates of EEG alpha phase-lockingwithin
the DMN [96]. Recent work has shown both AAC and PAC
in EEG-fMRI signal coupling [97]. EEG has also been
used to reconstruct dynamic, frequency-specific cortical
networks using source analysis and ICA [67]. They iden-
tified five canonical networks with clear cross-frequency
interactions: (i) an occipital visual network dominated by
occipital alpha; (ii) a dual-process visual network showing
anti-correlated alpha in the dorsal pathway and alpha/beta in
the ventral pathway; (iii) a self-referential (anterior DMN)
network with beta in the mPFC inversely coupled to alpha
in the right temporoparietal junction (rTPJ); (iv) a memory–
perception network characterized by precuneus alpha anti-
correlated with ventral visual alpha; and (v) a sensori-motor
network displaying beta–gamma coupling between post-
central and pre-supplementary motor areas (pre-SMA) re-
gions. Couplings such as the alpha-beta PAC between vi-
sual occipitotemporal cortex and ventral prefrontal cortex
reflect an interaction whereby perceptual processes in al-
pha modulate higher-order recognition processes in beta.
Similarly, beta-gamma PAC between the medial postcen-
tral gyrus and pre-supplementary motor area supports the
idea that lower-frequency sensorimotor rhythms modulate
higher-frequency motor planning activity.

Source reconstruction [98] pipelines, comprising a
forward head model in combination with an inverse solver,
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play a critical role in shaping the apparent spatial organi-
zation of EEG/MEG-derived brain networks [99,100]. In
these approaches, the forward model [101] characterizes
how neural current sources within a realistic head volume
give rise to sensor-level fields, typically using boundary el-
ement, finite element, or related numerical schemes con-
strained by individual or template MR images and tissue
conductivity estimates. The inverse solver [84] then uses
this biophysical mapping, together with prior assumptions
and regularization constraints, to estimate a distributed pat-
tern of source activity from a relatively sparse and noisy
set of surface recordings. This two-stage procedure means
that the spatial structure of any inferred network is not
a direct reflection of the underlying neuronal generators,
but instead emerges from the interaction between measure-
ment geometry, forward modeling choices, and the sta-
tistical form of the inverse solution [102,103]. Assump-
tions about source orientation, depth weighting, and spatial
smoothness, as well as the choice between minimum-norm
[104], beamforming [105], Bayesian [106,107], or sparsity-
promoting estimators [108], can systematically influence
the apparent extent, localization, and covariance structure
of reconstructed sources [109]. For example, minimum-
norm methods such as low-resolution electromagnetic to-
mography (LORETA) [110] assume distributed activities
and produce smooth activity topographies whereas beam-
forming methods assume activities with localized and fo-
cal specificity. As a result, features such as the degree of
spatial dispersion of hubs, the apparent long-range connec-
tivity between regions, or the segregation of networks into
distinct spatial modules can all be shaped by the specific
forward–inverse pair employed rather than solely by neu-
ronal physiology. In practice, therefore, source reconstruc-
tion pipelines should be regarded as spatial filters that trans-
form scalp-level signals into volumetric images of brain ac-
tivity, and careful evaluation, comparison, and validation of
different pipelines are essential when drawing conclusions
about the large-scale organization of functional networks.
This is particularly important when considering the interac-
tions between purported networks such as SN switching,
where attribution of large-scale networks should be vali-
dated against multiple different source reconstructions and
atlas parcellations.

The characterization of large-scale brain networks
within the 3NM depends critically on the modality and
computational methods used to estimate connectivity, ex-
tract network structure, and quantify inter-network interac-
tions. Across the literature reviewed, functional and effec-
tive connectivity were derived using a diverse set of statis-
tical, graph-theoretic, and dynamical systems approaches,
each imposing distinct assumptions about neural coupling,
temporal stationarity, and causality. These methodolog-
ical choices substantially influence the resulting network
topology, connectivity and inferred roles of the DMN,
SN and CEN. The most common operationalization of FC

in fMRI studies is Pearson correlation between regional
BOLD time series, using the sFC matrix to represent av-
erage co-fluctuations over a minutes-long timescale. Vari-
ants include using partial correlation to control for indirect
effects [111], and regularized covariance estimation [112]
to mitigate noise in high-dimensional parcellations. These
approaches implicitly assume stationarity and linear depen-
dence, yielding a time-averaged view of network structure
that favors stable spatial patterns.

To capture temporal variability, many recent stud-
ies employ dynamic functional connectivity (dFC), typi-
cally using sliding-window correlations, tapered windows,
or time–frequency coherence [113,114]. Recent reviews
and perspectives on this approach emphasized the challenge
of interpretability being a common theme [115,116,117].
These methods reveal transient connectivity states in which
DMN–CEN antagonism or SN-driven switching is more
pronounced. However, dFC is not without its limitations.
Window length selection strongly constrains the temporal
resolution of the analysis, which characterizes the timescale
in which brain states can be detected. Different parameteri-
zations of the dynamic windowing thus yield divergent net-
work states, contributing to inconsistencies across reports.
Therefore, the parameter spaces and sweeps done during the
network state identification process should always be noted
and taken into consideration with downstream results.

Functional connectivity, static or dynamic, statisti-
cally describes the co-occurrence of activity agnostic to
modality. This is contrasted against effective connectiv-
ity which addresses directionality [118]. Where sFC and
dFC differ in their treatment of the temporal dimension, EC
and FC differ in the treatment of causal influence. For a
current window in time, dFC models the statistics across
multiple region based channels. FC reflects statistical co-
fluctuations between brain regions without implying direc-
tion, simply that regions are active together in some pattern,
whereas EC aims to capture directed causal influence and
the mechanisms by which one region drives another [118].
Intrinsic FC or EC often refers to coordinated network ac-
tivity across different cognitive states, usually derived from
resting state data. EC approaches such as Granger causal-
ity (GC) [119] detect directed influences by testing if past
values of one region’s signal predict another’s beyond its
own autoregression, naturally handling lags across sliding
windows. In addition, hidden state biophysical models may
be included for investigating biologically plausible mech-
anisms [68]. Such approaches extend beyond static cor-
relations by incorporating temporal dynamics, often using
generative processes to estimate causal pathways while ac-
counting for network effects. Dynamic causal modelling
(DCM) [120] uses Bayesian inversion of biophysical state-
space models to estimate directed coupling between hid-
den neuronal states, explicitlymodeling hemodynamics and
inputs. GC and DCM has been found to infer similar
directionality between the posterior cingulate cortex, the

6

https://www.imrpress.com


Fig. 4. Simple diagram of SPD geodesics. In low dimensions, SPD matrices live inside a cone, and geodesics are optimal paths
between points that minimize energy given the metric chosen. Paths using Euclidean geometry cut outside of the space and thus produce
a trajectory that does not remain in the cone, and thus outside the range of valid brain signal covariance configurations. SPD, symmetric
positive-definite.

medial prefrontal cortex, the left middle temporal cortex,
and the left angular gyrus [121]. High temporal resolu-
tion modalities such as EEG are particularly well suited to
estimating effective connectivity because they can resolve
rapid, transient interactions underlying cognitive control.
High-density EEG with source reconstruction and further
refinement using recursive sparse Bayesian learning has
also been used to estimate effective connectivity among SN
nodes during attention switching [14]. Participants solved
multiple-choice problems that required shifting between in-
ternally and externally oriented cognition. The analysis
showed that EEG-based source modeling can recover di-
rected SN interactions, with rAI acting as a salience hub and
right anterior insula–anterior cingulate cortex (rAI–ACC)
coupling supporting state switching. Externally oriented
episodes engaged the CEN and suppressed the DMN, con-
sistent with canonical task versus rest dynamics.

2.3 Anatomical Labellings and Brain Atlases

Whether mapping out functional networks (clusters of
regions coordinating together) or effective influence (which
networks affect and are affected by other networks), some
parcellation of the brain volume is required. To these
ends, computational methods are grounded in standardized
brain atlases [122]which enable comparisons between stud-
ies [123]. Most existing network labelling and taxonomic
frameworks have been developed around spatial and func-
tional criteria [124,125], including connectivity, architec-
tonics, and topographic organization [126] and is often an
automated process [127]. Modern multiscale brain mod-
elling [128] seeks to parcellate and group anatomical re-
gions across multiple spatial and biologically structured
scales. A systematic review of whole brain MRI atlases
[129] includes caveats for population imaging. More re-
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Fig. 5. The 3NM interpreted as a control loop. 3NM interpretation as a control system closing an embodied loop. Here, the DMN acts
as a sensor integrator reconciling different sources of perceptual stimuli with the current state, the SN acts as a controller dynamically
suppressing and recruiting different regions, and the TPN acts as an actuator engaging with motor systems. 3NM, triple network model;
DMN, Default Mode Network; SN, Salience Network; TPN, task-positive network.

Fig. 6. The macro-scale network parcellation [5] interpreted as a control loop. A larger parcellation of functional networks allows
for a more descriptive control system. Here, a similar embodied loop is closed, however different regions have more detailed interactions
than the 3NM interpretation.

cent surveys have comprehensively catalogued and stan-
dardized available brain atlases [130] and chronicled their
historical development [131]. By contrast, the temporal di-
mension of neural mass activity (manifest in oscillatory dy-
namics, cross-frequency coupling, and transient synchro-
nization across modalities) has received relatively less fo-
cus. Placing greater emphasis on temporal properties as an
organizing dimension permits researchers to conceptualize

neural networks not only in terms of spatial and functional
specificity but also as dynamic systemswhose rhythmic and
state-dependent patterns contribute centrally to cognition
[132].

The structure of atlases depends on the data used and
research goals, e.g. across age or specific diseases such
as schizophrenia [133]. In this review, we focus primar-
ily on the Montreal Neurological Institute (MNI) stereo-
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Fig. 7. A proposed workflow for connectivity analysis. The workflow incorporates the selection of different modalities, the trade-off
between spatial and temporal resolution, the parcellation of brain atlases with network definitions, as well as constraints for analysis such
as individual precision and contradicting connectivity. sFC, static functional connectivity; ICA, independent component analysis; dFC,
dynamic functional connectivity; EC, effective connectivity; DCM, dynamic causal modelling.

taxic space and the HumanConnectome Project multimodal
parcellation (HCP-MMP) atlas. The HCP-MMP is a multi-
modal cortical parcellation dividing the cerebral cortex into
360 areas (180 per hemisphere) based on structural, func-
tional, and connectivity features [7]. The extended Human
Connectome Project multimodal parcellation (HCPex) ex-
tension is an expansion of HCP-MMP that includes sub-
cortical thalamic structures, enabling whole-brain analyses
beyond the cortex [9]. With such atlases, modality inte-
gration benefits from including volumetric measurements

that are able to capture subcortical activity. Additional at-
lases and tools employed in the studies reviewed include
Desikan–Killiany (DK) cortical parcellation, the Yeo-7 at-
las [134] and various MNI-based atlases. The DK atlas
[8] is a gyral-based cortical parcellation comprising 68 re-
gions, succeeded by the Desikan-Killiany-Tourville (DKT)
atlas [135], which refines the DK parcellation to improve
anatomical accuracy and compatibility with neonatal brain
templates. The Yale Brain Atlas [136] provides a high-
resolution cortical parcellation with subgyral localization.
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Table 1. Abbreviations and initialisms.
Abbreviation Full name Notes

PRISMA Preferred Reporting Items for Systematic reviews
and Meta-Analyses

Guidelines for conducting systematic reviews

(f)MRI (Functional) Magnetic Resonance Imaging Imaging modality
rs-fMRI Resting State fMRI
BOLD Blood-Oxygen-Level-Dependent Proxy for metabolic activity
DTI Diffusion Tensor Imaging Imaging modality
(i)EEG (Intracranial) Electroencephalogram Imaging modality
MEG Magnetoencephalography Imaging modality
PET Positron Emission Tomography Imaging modality
18F-FDG Fluorine-18-Fluorodeoxyglucose PET agent
11C-RAC Carbon-11-Raclopride PET agent
WM Working Memory
EM Episodic Memory
(s/d/i)FC (Static/Dynamic/Intrinsic) Functional Connectiv-

ity
Synchronous activity between regions of interest

EC Effective Connectivity Directed influence activity between regions of interest
GC Granger Causality Method for measuring predictability of a series given a

different series
DCM Dynamic Causal Modelling Method for estimating directed influence between re-

gions of interest
AAC Amplitude-Amplitude Coupling Covariation between two signal envelopes and their

amplitude
PAC Phase-Amplitude Coupling Covariation between phase of a signal with the ampli-

tude of another
MNI Montreal Neurological Institute Standardized template for reporting coordinates in neu-

roimaging studies.
DK Desikan-Killiany 68 gyral-based cortical regions. Alternative names

may appear across studies. Proposed networks as-
signed post hoc based on functional mapping.

HCP-MMP Human Connectome Project Multimodal Parcella-
tion

360 cortical areas (180 per hemisphere) based on struc-
ture, function, and connectivity.

HCPex Extended Human Connectome Project Multimodal
Parcellation

HCP-MMP extended with 66 subcortical regions

LSA Latent Semantic Analysis Method to analyze word co-occurrences based on dis-
tributional semantic hypothesis

LDA Latent Dirichlet Allocation Method to analyze latent topics based on distributional
semantic hypothesis

HDBSCAN Hierarchical Density-Based Spatial Clustering of
Applications with Noise

Method to cluster points that returns an outlier class

UMAP Uniform Manifold Approximation and Projection Method for stochastically reducing dimensions
ICA Independent Component Analysis Method separating mixed signals into statistically in-

dependent components
PCA Principal Component Analysis Method for separating mixed signals into components

explaining variability
PTE Phase-Transfer Entropy Method for measuring directed connectivity
RSBL Recursive Sparse Bayesian Learning Method combining recursive updating and Bayesian

sparsity constraints applied to source reconstruction
DTF Directed Transfer Function Method for measuring directed connectivity
SPD Symmetric Positive-Definite Space of symmetric matrices with positive eigenvalues
AIM Affine-Invariant Metric
LEM Log-Euclidean Metric
LCM Log-Cholesky Metric
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Table 1. Continued.
Abbreviation Full name Notes

BWM Bures-Wassserstein Metric
PGA Principal Geodesic Analysis Generalization of PCA using

geodesics
BCI Brain-Computer Interface
BPD Borderline Personality Disorder
AD Affective Disorder
MDD Major Depressive Disorder
OCD Obsessive-Compulsive Disorder
SUD Substance Use Disorder
AUD Alcohol Use Disorder
CUD Cocaine Use Disorder
TUD Tobacco Use Disorder
ADHD Attention-Deficit/Hyperactivity Disorder
ASD Autism Spectrum Disorder
PTSD Post-Traumatic Stress Disorder
AZD Alzheimer’s Disease
TBI Traumatic Brain Injuries
DOC Disorders of Consciousness
PIU Problematic Internet Use
3NM Triple Network Model
DMN Default Mode Network
SN Salience Network
TPN Task-Positive Network
CEN Central Executive Network
FPN Frontoparietal Network
ECN Executive Control Network
DAN Dorsal Attention Network
ACN Anterior Control Network
VAN Ventral Attention Network
VFN Ventral Frontoparietal Network
VAS Ventral Attention System
ON Occipital Network HCP-MMP cortical regions
PN Pericentral Network
D-FPN Dorsal Frontoparietal Network
L-FPN Lateral Frontoparietal Network
M-FPN Medial Frontoparietal Network
M-CIN Midcingulo-Insular Network
Primary_Visual Primary visual
Early_Visual Early visual
Dorsal_Stream_Visual Dorsal stream visual areas
Ventral_Stream_Visual Ventral stream visual areas
MT+_Complex Middle temporal and medial superior temporal

complex and neighboring visual areas
SomaSens_Motor Somatosensory and motor
ParaCentral_MidCing Paracentral mid cingulate
Premotor Premotor
Posterior_Opercular Posterior opercular
Early_Auditory Early auditory
Auditory_Association Auditory association
Insula_FrontalOperc Insula and frontal opercular
Medial_Temporal Medial temporal
Lateral_Temporal Lateral temporal
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Table 1. Continued.
Abbreviation Full name Notes

TPO Temporo-parieto-occipital junction
Superior_Parietal Superior parietal lobule
Inferior_Parietal Inferior parietal lobule
Posterior_Cingulate Posterior cingulate cortex and splenial
AntCing_MedPFC (ACC) Anterior cingulate and medial prefrontal cortex
OrbPolaFrontal Orbitofrontal and polar frontal
Inferior_Frontal Inferior frontal
Dorsolateral_Prefrontal Dorsolateral prefrontal
BA Brodmann Area
rAI-ACC Right Anterior Insula - Anterior Cingulate Cortex
dACC Dorsal-Anterior Cingulate Cortex
mPFC Medial Prefrontal Cortex
PCC Posterior Cingulate Cortex
MTG Middle Temporal Gyrus
rTPJ Right Temporoparietal Junction
(pre)-SMA (Pre-) Supplementary Motor Area

The Yeo-7 coarse parcellation estimates 7 cortical networks
based on MRI data from 1000 subjects. The MNI is a
standardized coordinate system derived from averagedMRI
templates, widely used to align and compare results across
studies. The MNI 152 is a population-averaged template
created from 152 T1-weighted MRI scans, serving as the
most common reference brain in neuroimaging [10]. The
MNI Colin 27 is a high-resolution single-subject template
generated from averaging 27 T1-weightedMRI scans of the
same individual, used for precise anatomical localization
[11]. Recent work such as PaleoArchiNeo [137], a gyral-
based atlas, parcellates the cortex into 5 broad regions com-
posed of 30 subregions of interest using a phylogenetic ap-
proach, producing a progression of cortical regions based
on evolutionary development. We may thus broadly evalu-
ate atlases on their anatomical, functional and evolutionary
considerations when templating volumes of the brain. Plat-
forms such as NeuroVault [138] provide researchers with
an open repository of brain parcellations to encourage sci-
entific reproducibility. These atlases can be viewed in soft-
wares such as FreeSurfer [139] or volBrain [140], although
there have been reported inconsistencies in cortical thick-
ness across these tools [141].

Importantly, we highlight the conceptual work of con-
structing taxonomies for functional connectivity [5]. A
recent approach is the “macro-scale” naming convention
to alleviate some of the confusion surrounding network
labelling and function [5]. This report identifies one of
the common problems the authors faced while trying to
consolidate the information: different naming conventions
and sometimes even different functions assigned to over-
lapping networks. For example, previously, task-positive
or control network labels often combined frontoparietal
and dorsal attention systems into a single category [142].
The macro-scale approach [5] outlines how functional net-

works are currently defined, suggesting a common taxon-
omy of six large-scale anatomical-functional networks. The
proposed cortico-centric networks are: (i) occipital net-
work (ON), (ii) pericentral network (PN), (iii) dorsal fron-
toparietal network (D-FPN), (iv) lateral frontoparietal net-
work (L-FPN), (v) midcingulo-insular network (M-CIN),
(vi) medial frontoparietal network (M-FPN). According to
their anatomical-functional approach, at the current state of
knowledge, the most appropriate ways to define functional
networks are by either (a) resting state functional connectiv-
ity or (b) task-activation andmeta-analysis. This, combined
with a recent set of ten recommendations when conducting
neuroimaging-based meta-analyses [143], provides a flexi-
ble approach to interpreting functional connectivity and the
network taxonomies often reported.

2.4 Salience Network Modularity

The CEN and DMN display antagonistic dynamics:
during externally oriented tasks, dorsolateral prefrontal and
posterior parietal regions (i.e., CEN related regions) are en-
gaged while medial prefrontal and posterior cingulate re-
gions (i.e., DMN related regions) are suppressed [142].
This reciprocal relationship is modulated by SN signals,
with rAI–ACC coupling acting as a gatekeeper for network
switching [69]. An advantage of EEG over fMRI is its mil-
lisecond temporal resolution, though scalp recordings suf-
fer from low spatial precision and noise. Intracranial EEG
(iEEG) provides both higher spatial resolution and better
signal-to-noise ratio at the expense of invasivity [144]. Us-
ing this modality, phase-transfer entropy (PTE) and high-
gamma (80–160 Hz) measures have been used to probe
directed interactions among regions within the SN, DMN,
and FPN during both verbal and spatial memory processing
[69]. Memory traces are thus generated by attentional en-
hancement which selects and then modulates which neural
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patterns encode/recall episodic information. PTE revealed
a consistent causal outflow from the anterior insula (SN) to-
ward DMN and FPN nodes, identifying it as a key control
hub. High-gamma analyses showed selective DMN sup-
pression, with PCC/precuneus activity reduced during en-
coding but not recall, reflecting context-dependent engage-
ment of the network.

DMN suppression during resting state may better be
understood when considering mind wandering, where at-
tention shifts inward to unrelated thoughts. A seminalmeta-
analysis of fMRI (and one PET) studies of mind-wandering
showed that spontaneous thought consistently engages a
distributed set of regions dominated by the DMN, with ad-
ditional recruitment of prefrontal and insular areas [4]. The
analysis demonstrated that DMN hubs provide the core sub-
strate for spontaneous cognition, aligning with evidence
that these regions support internally directed thought. Al-
though the review does not commit to a formal parcel-
lation, the pattern is consistent with medial-temporal and
dorsal-medial DMN subdivisions linked to memory-based
and social–self-referential processes, with mPFC and PCC
acting as integrative hubs. The implication is that these re-
gions combine and coordinate information in relation to the
identified cognitive processes. Mind-wandering thus ap-
pears to rely on intrinsic DMNactivity [145] combinedwith
flexible coupling to FPN regions [146], supporting both
spontaneous generation and top-down modulation of inter-
nal mentation. The presence of reliable activations outside
the DMN–FPN axis—particularly in somatosensory cortex,
insula, lingual gyrus, and temporopolar cortex—indicates
that sensory, interoceptive, and imagery-related processes
are routinely embedded within spontaneous thought [147],
consistent with first-person reports of visual and bodily im-
agery during mind-wandering [148,149].

2.5 Default Mode Dynamism

Increasing converging evidence suggests that DMN is
not a static representation of self-referential thought but a
collection of dynamic processes exhibiting metastable sub-
states which have also been shown to have competitive cou-
plings with other networks in the beta band [42,150]. These
metastable substates represent different activation profiles
that emerge from global functional integration [151]. Net-
work metastability is thought to arise as a dynamic bal-
ance between synchronization and independent activities
across regions. A recent perspective review [152] presented
a comprehensive conceptual overview, with the separate
scoping review [153] highlighting existing empirical opera-
tionalizations. It has been shown that the FPNmodulates al-
pha band activity in downstream visual association cortices,
whereas the cingulo-opercular network showed no evidence
for such top-down modulation, highlighting a selective role
for FPN in biasing sensory processing [6]. Moreover, FPN
activity maps preferentially onto slower-frequency oscilla-
tions (4–14 Hz), supporting its role as a flexible hub co-

ordinating inter-network activity. By contrast, the DAN
exhibited greater coupling between alpha band power and
BOLD, whereas the FPN showed stronger coupling in the
theta band (3–8 Hz), further suggesting functional dissocia-
tion across control subnetworks. In terms of DMN-specific
modulation, frontal theta activity was found to be nega-
tively correlated with BOLD in DMN hubs such as the me-
dial prefrontal cortex and precuneus [12]. Three explana-
tory accounts have been proposed: (i) frontal theta reflects
an external control system that suppresses DMN activity,
(ii) the DMN contains a theta-generating hub, or (iii) theta
represents an intrinsic modulatory rhythm of the DMN it-
self. Together, these possibilities highlight ongoing debates
about the exact mechanism of DMN suppression.

2.6 Central Executive Heterogeneity
There exists activity heterogeneity within the FPN

as well. The FPN functions as a flexible control hub
whose electrophysiological signature is dominated by low-
frequency theta/alpha rhythms (4–14 Hz) that support long-
range coordination during both rest and task [6]. These
slower oscillations show the strongest correspondence with
FPN BOLD activity and help distinguish it from nearby at-
tention networks, which rely more heavily on alpha-band
dynamics. The findings also stress that the FPN’s spatial
layout is highly individualized, so its oscillatory–BOLD re-
lationships can only be meaningfully interpreted using pre-
cision, subject-specific network mapping rather than group
averages. This reinforces the suggestion that multimodal
approaches are necessary, as fMRI provides the spatial res-
olution that EEG lacks. Evidence of subsystem differentia-
tion has been found in regions associated with the CEN, and
even at the individual level, sensitivities in executive net-
work resting state FC. Specifically, there is heterogeneity
in the frontoparietal control networks, each with different
couplings to DMN andDAN regions [154], concurrent with
existing parcellations [5]. This heterarchy of connectivities
between different regions of the brain is a task-dependent
dynamic organization [155] of network recruiting and coac-
tivations. An image based meta-analysis revealed four dis-
tinct topological networks that were identified across the
literature but inconsistently labelled: FPN, executive con-
trol network (ECN), dorsal attention network (DAN), and
TPN [156]. We adopt their recommended secondary labels
for each network: DAN, left and right CEN, and anterior
control network (ACN). Together, these form the topologi-
cally distinct networks reported to engage in executive con-
trol. Both the DMN [157] and SN also exhibit context-
dependent heterogeneity of dynamics. The DMN has also
been found to exhibit heterogeneity during social, episodic
and self-referential thought [158]. More recent work has
found that the DMN is not a unitary functional network but
it includes three subsystems at the group level and two dis-
tinct default networks at the individual level [159]. The SN
has also been shown to be heterogeneous across the senso-
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Table 2. Summary of studies reviewed.
Cognitive phenomenon/condition Source, task paradigm, modality, cohort/review size Computational approach and connectivity analysis Reported network interactions

Non-disordered cognition

[12]
Working memory task using EEG-fMRI
20 right-handed, healthy participants (17 females, 3
males)

Frontal theta EEG with ICA for BOLD-oscillatory correla-
tion

Theta-linked modulation of somatosensory regions
Frontal theta inversely tracks DMN BOLD signals

[67]
Resting state EEG-fMRI
80 healthy participants

Source localization with ICA for FC across frequency
bandwidths

Precuneus alpha anti-correlated with ventral visual alpha
Medial prefrontal cortex beta anti-correlated with tempor-
oparietal junction alpha
Dorsal visual alpha anti-correlated with ventral visual beta
Medial postcentral gyrus beta correlates with pre-supplem-
entary motor area gamma

[69]
Four diverse episodic memory tasks involving spatial
and verbal encoding and recall compared to resting st-
ate iEEG 177 participants

Phase-Transfer Entropy in high gamma band for EC
DMN suppressed during encoding but not recall
Anterior insula sends influence to FPN
Anterior insula causally influences DMN and FPN

[6]
Various memory and cognitive task states compared to
resting using EEG and fMRI

Narrative review of cross-correlated BOLD/EEG couplings FPN uses low-range frequency for long range (coupledwith
BOLD in theta band), acts as flexible hub during different
tasks

[14]
Attention switching between internal/external tasks
using EEG
25 healthy participants (13 females, 12 males)

Recursive sparse Bayesian learning for EC

Dorsolateral prefrontal cortex and posterior parietal cortex
engaged during external task while medial prefrontal cortex
and posterior cingulate cortex suppressed
Right anterior insula key hub for identifying salient events
Right anterior insula and ACC effective coupling regulates
switching

[68]
Working memory task encoding geometric and word
stimuli using EEG
15 healthy participants (11 females, 4 males)

RNN based EC on HCP-MMP parcellation of LORETA
source reconstruction

Connectivity patterns suggest SN has modulatory role be-
tween DMN and CEN

Cognitive impairment

[18]
Neuropsychological tests compared to rs-fMRI
66 hemodialysis patients
66 healthy controls

ICA for triple network, sliding window and k-means for
dFC

Anterior/posterior DMN, left/right CEN, SN

[19]
Cognitive test scores compared to rs-fMRI
41 post-stroke cognitive impairment
41 healthy controls

Spectral DCM for EC Changes in EC from posterior cingulate cortex to dorsolat-
eral prefrontal cortex negatively correlated with cognitive
scores
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Table 2. Continued.
Cognitive phenomenon/condition Source, task paradigm, modality, cohort/review size Computational approach and connectivity analysis Reported network interactions

Borderline personality disorder (BPD)

[20]
Clinically observed ‘stable instability’ of emotions
from rs-fMRI
14 patients
16 healthy controls

High order ICA to extract spatiotemporal patterns of coher-
ent BOLD signals and intra/inter-intrinsic FC

Aberrant intra-iFC between 3NM
Inter-iFC of CEN decreased, inter-iFC of SN increased

[21]
rs-fMRI review
15 studies

Seed-based and ICA-derived dFC
Sliding window and clustering

SN dysfunction impairs DMN-CEN switching, linking to
attentional deficits
Altered DMN-CEN coupling associates with rumination
(DMN dominant for addiction)

Schizophrenia

[22]
rs-fMRI
20 patients schizophrenia
20 patients depression
20 healthy controls

Seed-based FC analysis with GC

Patient groups showed same abnormal causal connectivity
between DMN-SN
Opposing aberrant FC of DMN-CEN (increased in schizo-
phrenia) and SN-CEN (increased in depression)

[23]
rs-fMRI
37 patients first-episode psychosis (FEP)
78 patients clinical high risk psychosis (CHR-P)
110 healthy controls

ICA and mediation analysis for FC FEP and CHR-P had lower SN-DMN and SN-CEN connec-
tivity

[24]
Resting state review of EEG and fMRI
21 studies

FC

Abnormal SN-DMN and SN-FPN coupling
Reduced DMN-FPN connectivity
Increased intra-network connectivity within DMN and FPN
Altered beta/gamma activity and impaired modulation of
cortical synchrony linked to self-disorder severity

[25]
Synthesis review of EEG, MEG, fMRI, PET

iFC Presents integrative model of 3NM and prediction errors in
the SN, aberrant salience and dopamine for cognitive control
system

[26]
Resting state EEG
30 patients chronic schizophrenia
30 healthy controls

Source localization based DTF for EC

Disturbances across frequency bandwidths within 3NM
Multiband DMN hyperconnectivity, low-band hyper-
and high-band hypoconnectivity in CEN, reversed direction
of information flows in SN at theta/beta bands

[70]
Self-reported psychopathology data compared to rs-
fMRI
922 youth and early adults

Network segregation metrics Subgroups identified using SN segregation scores
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Table 2. Continued.
Cognitive phenomenon/condition Source, task paradigm, modality, cohort/review size Computational approach and connectivity analysis Reported network interactions

Affective/mood disorders (AD) such
as major depression disorder (MDD)
or bipolar disorder (BD)

[27]
rs-fMRI
38 unmedicated BD
35 unmedicated MDD patients during depressive
episodes
47 healthy controls

ICA and FC

Both the BD and MDD patients showed shared weaker intra-
network FC in the left mPFC and right precuneus within the
DMN as well as weaker inter-ROI FC between the left AI
and right AI compared with the healthy controls
BD had weaker while the MDD had stronger intra-network
FC in the right dlPFC within the rCEN as well as stronger
inter-region FC between the right dlPFC and right ANG
compared with the healthy controls
BD showed specific, stronger inter-ROI FC between the left
PPC and right AI as well as stronger inter-network FC betw-
een the lCEN and SN compared with either the MDD or
the control group.

[28]
rs-fMRI
51 unmedicated depressed BDII patients
51 unmedicated depressed MDD patients
52 healthy controls

ICA, sliding window correlation and k-means clustering for
dFC

3NM dFC clustered into four configuration states, three of
them showing dense connections and the other sparse conn-
ections
Both BD and MDD patients spent more time in sparse state
and showed decreased dFC variability between posterior
DMN and rCEN compared with controls
MDD patients showed specific decreased dFC variability
between anterior DMN and rCEN compared with controls

[29]
rs-fMRI
158 young participants with major AD (101 with
current suicidal ideation, 57 without)
64 age- and sex-matched healthy control individuals

Seed-based connectivity analysis adjusted by diagnoses
and prior suicide attempts

CSI group exhibited hyperconnectivity between the anterior
insula (SN) and hippocampus, between the posterior parietal
cortex (FPN) and rectus gyrus (DMN), between the amygdala
(SN) and cerebellum
Both CSI and non-CSI groups exhibited increased FC betw-
een the posterior parietal cortex and emotional perception-
related regions, specifically, the superior and middle tempo-
ral gyri, compared with healthy control individuals.

[30]
rs-fMRI
248 older adults with cognitive symptoms
95 older adults with depressive symptoms

Seed-based connectivity analysis Identified regions across 3NM associated with cognitive
decline and late-life depression

Obsessive-compulsive disorder (OCD)

[39]
rs-fMRI
35 patients
32 healthy controls

ICA for FC

OCD patients demonstrated aberrant functional interactions
between SN and anterior DMN; between SN and dorsal CEN
Interaction between the SN and dorsal CEN significantly
correlated with trait anxiety level in the OCD group
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Table 2. Continued.
Cognitive phenomenon/condition Source, task paradigm, modality, cohort/review size Computational approach and connectivity analysis Reported network interactions

[31]
Meta-analysis of seed-based rs-fMRI
18 studies (541 patients, 572 healthy controls)

Seed-based connectivity analysis for iFC Altered connectivity within 3NM and between-network
hypoconnectivity supports aberrant fronto-striatal model of
OCD

[32]
rs-fMRI
49 patients
41 healthy controls

ICA and sliding window FC Dysconnectivity between the left and right FPN, between the
left FPN and SN

[33]
Systematic review of resting and task state
EEG and fMRI
166 studies (10 EEG, 156 fMRI)

Quantitative analysis

OCD exhibited lower connectivity in delta and alpha EEG
bands, with inconsistent findings in other frequency bands
Resting state fMRI studies reported conflicting connectivity
patterns within the DMN and sensorimotor cortico-striato-
thalamo-cortical circuitry
Decreased resting state connectivity between the DMN and
SN
Task-related hyperconnectivity within the DMN-SN and
hypoconnectivity between the SN and FPN suggesting cog-
nitive inflexibility

[34]
rs-fMRI
88 medication-free OCD patients
93 healthy controls

ICA combined with sliding window and k-means
clustering for s/dFC
Spectral DCM and parametric empirical Bayes
framework for abnormal EC

Weakened sFC between the left and right FPN
Time-varying hypoconnectivity patterns between left FPN
and DMN, between right FPN and SN

Attention-deficit/hyperactivity disor-
der (ADHD)

[40]
rs-fMRI
140 children with ADHD (80 primary
cohort, 60 replication cohort)

ICA and SN-centered network interaction index for cross-
network coupling measurement and dFC

Time-averaged measures of salience network–centered cross-
network interactions were significantly lower in children with
ADHD compared with typically developing children and were
correlated with severity of inattention symptoms
Children with ADHD displayed more variable dynamic cross-
network interaction patterns, including less persistent brain
states, significantly shorter mean lifetimes of brain states, and
intermittently weaker cross-network interactions
Dynamic time-varying measures of cross-network interactions
were more strongly correlated with inattention symptoms than
with time-averaged measures of FC

Autism spectrum disorder (ASD)

[41]
rs-fMRI
45 ASD+ADHD patients
45 ASD-only patients
45 healthy controls

Group ICA
ASD+ADHD group had aberrant intra-network DMN connect-
ivity, lower connectivity than control group
ASD-only group had higher connectivity than control
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Table 2. Continued.
Cognitive phenomenon/condition Source, task paradigm, modality, cohort/review size Computational approach and connectivity analysis Reported network interactions

[42]
rs-fMRI
28 male children with ASD (15 exercise group,
13 control group)

Dynamic ICA Identified two networks involved with cross-network 3NM
connectivity and dynamic alterations in the DMN

[43]
rs-fMRI
44 ASD+ADHD patients
60 ASD-only patients
35 ADHD-only patients
81 healthy controls

Spectral DCM Groups exhibited both shared and disorder-specific EC alter-
ations within 3NM

[44]
Behavioural measures of social cognition compared to
rs-fMRI
24 youth with ASD
25 youth with early-onset psychosis (EOP)
26 age-matched typically developing controls

Seed-based FC analysis
ASD patients had aberrant connectivity in the DMN, CEN
overconnectivity and SN underconnectivity
EOP patients had DMN and CEN overconnectivity

Substance use disorder (SUD) such
as alcohol use disorder (AUD), coc-
aine use disorder (CUD), tobacco
use disorder (TUD)

[35]
rs-fMRI
54 cocaine user participants
54 age- and sex-matched healthy controls

Graph theory based community detection

Characterized 3NM based state dynamics by quantifying occ-
urrence rate and transition probabilities, correlating to cocaine
dependence severity
Confirms DMN hyperactivity and SN dysfunction in in CUD

[36]
rs-fMRI during visual fixation
76 heavy alcohol drinker participants

Seed-based connectivity clusters for FC FC within the CEN was significantly associated with AUD
symptoms

[37]
rs-fMRI
69 patients (41 males, 28 females) stratified into heavy,
moderate and non-users of alcohol

Seed-based connectivity analysis and multivariate pattern
analysis

Heavy users demonstrated reduced connectivity between
the superior lateral occipital cortex and the precuneus,
and hypoconnectivity between the orbitofrontal cortex and
language-related regions.

[38]
Smoking-related clinical scales compared to rs-fMRI
87 male TUD patients
45 male healthy control

Group ICA, sliding window and k-means clustering TUD patients had increased static connectivity between SN
and ECN, connectivity positively correlated with Russell Rea-
sons for Smoking Questionnaire IV-VII scores

Post-traumatic stress disorder (PTSD)

[45]
rs-fMRI
27 PTSD patients
33 trauma-exposed controls
30 healthy controls without trauma

ICA and DCM for EC

Enhanced ECN positive connectivity from left posterior pariet-
al cortex to left dorsolateral prefrontal cortex was correlated
with intrusion symptoms and showed good performance in
detecting PTSD patients
Decreased causal flow observed in SN from right amygdala
to right insula and a lower transit value for the right amygdala
in PTSD patients relative to trauma-exposed controls
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Table 2. Continued.
Cognitive phenomenon/condition Source, task paradigm, modality, cohort/review size Computational approach and connectivity analysis Reported network interactions

[46]
rs-fMRI
91 women (28 healthy control, 19 conventional PTSD,
18 PTSD dissociative subtype, 26 dissociative identity
disorder)

ICA and dual regression approach for subject-specific net-
work maps

Dissociation subtypes have robust FC signatures
Dissociation linked to hyperconnectivity within 3NM, and dec-
reased connectivity of CEN and SN with other areas

[47]
Review for PTSD art therapy using multiple modalities
19 studies (5 MRI, 5 functional near-infrared spectros-
copy, 4 EEG, 2 heart rate variability, 5 other biomarker
studies)

Narrative synthesis of empirical research on neurophysio-
logical effects of art therapy

Proposes framework based on 3NM to consider network-
based dysfunctions due to PTSD

Alzheimer’s Disease (AZD) and
Parkinson’s Disease (PKD), including
Mild Cognitive Impairment (MCI)

[48]
rs-fMRI
17 cognitively normal participants with a family history
of AZD and at least one copy of the apolipoprotein e4
allele
12 individuals

ICA and Bayesian network for inter- and intra-FC and EC Allele carriers demonstrated aberrant within-network FC, and
preserved between-network EC

[49]
rs-fMRI
30 AZD patients
14 amnestic mild cognitive impairment patients
18 healthy controls

Voxel-mirrored homotopic connectivity for aberrant con-
nectivity analysis

Significant interhemispheric connectivity found throughout
3NM
AZD patients exhibited lower connectivity values

[50]
rs-fMRI
33 AZD patients
24 late MCI patients
25 age- and sex- matched healthy controls

Seed-based FC SN-centered interactions are impaired in patients

[51]
rs-fMRI
41 PKD patients with depression
64 PKD patients without depression
55 healthy controls (HCs)

ICA for inter- and intra-network FC

PKD patients exhibited abnormal FC values within 3NM
PKD patients demonstrated decreased connectivity between
anterior SN and bilateral ECN, between posterior SN and
dorsal DMN, and between precuneus and dDMN/SMN/
bilateral ECN
Connectivity within the left hippocampus of dorsal DMN
and the right medial superior frontal gyrus of anterior SN is
a significant predictor of depression level in PKD patients19
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Table 2. Continued.
Cognitive phenomenon/condition Source, task paradigm, modality, cohort/review size Computational approach and connectivity analysis Reported network interactions

[15]
Episodic memory, executive functioning tasks compa-
red to rs-fMRI
44 subjective cognitive decline
49 amnestic mild cognitive impairment
58 healthy control

Correlation analysis and logistic regression analysis for
dFC

Non-healthy subjects had altered variability in DFC within
CEN
Altered variability a biomarker for preclinical Alzheimer’s
spectrum disorders

[16]
Mini-Mental State Examination assessment compared
to rs-fMRI
53 early MCI patients
38 late MCI patients
34 healthy elderlies

ICA and expert-labelled dual-regression analysis Longer dwell times, increased brain state transitions and de-
teriorated network stability in MCI patients

[52]
rs-fMRI
40 subjective cognitive decline patients
45 healthy controls

Dynamic amplitude of low-frequency fluctuation for dFC Decreased local dynamic connectivity in FPN with compen-
satory visual efforts and bottom-up attention

[53]
Glucose metabolism in AZD using PET/MRI
21 AZD patients
21 MCI patients
24 healthy controls

Random-walk based community detection and network
segregation analysis

AZD patients showed reduced segregation in 3NM, associated
with cognitive impairments
Healthy controls demonstrated SN segregation coupled with
glucose metabolism

[55]
rs-fMRI
33 AZD patients
39 healthy controls

Energy landscape analysis AZD patients had unstable and aberrant activity patterns, with
high frequency in transition states

[71]
rs-fMRI and PET
128 amnestic MCI patients

Network segregation metrics Tau pathology contributes to mild behaviour impairment by
disrupting SN function

[56]
rs-fMRI
30 AZD patients
30 healthy controls

Energy landscape analysis AZD patients had higher occurrence frequency and transition
frequency between cognitive control and sensory integration
brain states

[54]
Individual alpha frequency transcranial alternating
stimulation and MEG recordings (2 pre-, 1 post-stim)
27 healthy participants

Leakage corrected amplitude envelope correlation for dFC
and sFC

IAF-tCAS reduces sFC across DMN

[17]
rs-fMRI
761 MCI patients
1236 healthy controls

Multivariate source-based morphometry MCI patients had lower connectivity, logistic regression
showed significant association of SN connectivity with MCI
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Table 2. Continued.
Cognitive phenomenon/condition Source, task paradigm, modality, cohort/review size Computational approach and connectivity analysis Reported network interactions

Pain

[57]
Chronic migraine self-reporting compared to rs-fMRI
25 patients
25 healthy controls

Region-of-interest to region-of-interest between 8 net-
works and 15 subcortical areas

Patients had increased FC between SN, sensorimotor network
and DAN; between nucleus accumbens and DMN; within
DMN;
between thalamus and DAN
Decreased FC between nucleus accumbens and DAN;
within DAN
Higher depression scale score positively correlated with incr-
eased intra-DMN FC

[58]
Menstrual pain compared to rs-fMRI
100 female participants

ICA for identifying resting state FC networks

Menstrual pain severity positively associated with FC between
the cingulo-opercular SN and sensory processing regions, limb-
ic regions, and insula; cSN positively associated with left CEN
Menstrual pain interference is positively associated with conn-
ectivity between the cSN and widespread brain areas.
Menstrual pain interference positively associated within left
CEN
Cumulative menstrual pain exposure shared strong negative
association with FC between the DMN and widespread regi-
ons

[59]
Temporomandibular disorders using rs-fMRI

Narrative review of 3NM

Patients with temporomandibular disorders have abnormal
activation of attention-related brain regions in the DMN (poss-
ibly linked to pain rumination)
Decreased activity and metabolism seen in CEN pain regula-
tion regions, abnormal activation in regions associated with
negative emotions
SN showed aberrant activation and metabolic changes in pain
perception regions

[60]
Longitudinal study of rs-fMRI associated with
social pain
93 typically developed youth (47 females, 46 males)

Yeo-7 network atlas parcellation with average Pearson cor-
relation coefficient between pairs of networks

Social pain network exhibits substantial overlap with SN
(dACC and anterior insula) but includes subgenual ACC which
SN does not
No observed longitudinal changes in connectivity between the
FPN and DMN

Traumatic brain injury (TBI)

[61]
rs-fMRI
109 acute TBI patients (61 males, 48 females)
41 chronic TBI patients (23 males, 18 females)
65 matched healthy controls (29 males, 36 females)

ICA and network interaction index for dFC with compari-
son to sFC

TBI patients had significantly increased and more variable dy-
namic cross-network interactions
Increased cross-network interactions implied more severer and
multiple domains of cognitive impairment
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Table 2. Continued.
Cognitive phenomenon/condition Source, task paradigm, modality, cohort/review size Computational approach and connectivity analysis Reported network interactions

[62]
rs-fMRI
45 acute TBI patients
40 healthy controls

ICA based resting state network FC compared to cognitive
test performance

Mild TBI patients had increased FC between SN (left insula)
and ECN (left superior parietal gyrus)
Decreased FC within DMN (between left superior frontal
gyrus and left angular gyrus)
SN and DMN inter-FC showed subregion coupling increases
and decreases

[63]
rs-fMRI
30 acute TBI
30 healthy controls

ICA with sliding time window correlation and k-means
clustering for dFC compared to clinical variables

Dynamic FC of 3NM clustered into 5 different brain states,
with patients spending longer in states characterized by weak-
ened dorsal DMN and anterior SN inter-FC; and positive cor-
relation between DMN and SN intra-FC

Disorders of consciousness (DOC)
[64]
rs-fMRI
25 vegetative-state/ unresponsive wakefulness synd-
rome patients
14 minimally conscious state patients
30 healthy controls

Region-of-interest FC and fractional amplitude of low-
frequency fluctuation

Vegetative state compared to minimally conscious patients
showed decreased FC betweenDMN (PCC) and SN (left ante-
rior insula); between SN (right anterior insula) and ECN (left
dorsolateral prefrontal cortex); within SN (right anterior in-
sula and right amygdala)

Problematic internet use (PIU)

[65]
Clinical questionnaire with rs-fMRI
30 adolescents with PIU
30 healthy controls

ICA based resting state network correlations compared to
clinical data

PIU patients showed higher FC between left lateral prefrontal
cortex and left anterior insula
Lateral prefrontal cortex showed lower intra-FC; lower inter-
FC with medial prefrontal cortex and right lateral parietal cor-
tex
Left lateral and medial differences mediated by emotional sy-
mptoms

[66]
Clinical questionnaire with rs-fMRI
119 healthy participants (73 males, 46 females)

ICA based region-of-interest to region-of-interest FC anal-
ysis

Increase in FC between DMN and FPN contributes to benefi-
cial mind wandering and may support cognitive performance
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Fig. 8. Spectral clustering of paper abstracts grouped into themes. Using the eigenvector spectrum of the similarity matrix repre-
senting all encoded abstracts compared to each other, a dimension reduction can be done and clustering performed in that latent space.
Coloured circles represent papers in a common cluster, and coloured diagonal crosses represent the average point of those clusters.

rimotor complex in healthy humans, and has been used to
characterise synergetic configurations and synchronization
stability of SN regions for those with ASD [160,161,162].
Dysfunction in SN subregions such as the insula has been
associated with severity of symptoms and aberrant inter-
network connectivity in major depressive disorder (MDD)
[163], SUD [164], psychosis risk [70], and mild be-
havioural impairment [71].

2.7 Control-Theoretic Reframing

Control theory is a powerful theoretical framework for
analyzing complex processes. It has been applied to neuro-
science [165,166], proposing models at different levels of
cognition such as interoception [167], motor control [168],
and speech [169]. Importantly, optimal feedback control
[170] presents both an explanatory model for embodied bi-
ological processes and a framework for designing artificial
systems. This broad engineering approach [171,172] to un-
derstanding biological systems has led to the design of neu-
romorphic systems [173] that incorporate principles from
both control theory and neuroscience [132]. Brain network
control theory [174,175,176] is a promising avenue for un-
derstanding the complex brain dynamics as optimal control
across the spatial connectome. We now consider the impli-
cations for the 3NM.

Coordinate-based meta-analysis techniques such as
activation likelihood estimation (ALE) provide a way to
test different neuroimaging studies and consistency of foci
activation across experiments. We propose that a control-
theoretic reframing of source activation analysis using the
space of symmetric positive-definite (SPD) matrices pro-
vides a more comprehensive account because it considers
the global relationship of signals as a single point (ma-

trix) [177]. These matrices typically arise from the co-
variance structure of a signal. The windowed processing
of covariances forms a discrete ordered set of SPD ma-
trices representing a trajectory over time. When the set
of SPD matrices is imposed with a particular metric then
a particular Riemannian geometry over the set of points
is prescribed, defining a topological manifold [178]. The
combination of a space of representations for brain signal
covariances over time and a geometry under which a tra-
jectory must adhere provides a robust space for analyzing
multi-channel data in a SPD state space. Applications in
EEG [179] are relatively new, and have shown some suc-
cess in brain-computer interfaces (BCI) [180,181] includ-
ing the development of biomarkers [182]. SPDs also arise
in a specialized form of MRI processing called diffusion
tensor imaging (DTI) [183] where finding optimal paths,
known as geodesics [184], are estimated in white matter
[177]. Importantly, they have been used in the study of FC
[185,186,187] from neuroimaging data where the space of
SPD covariance or correlation matrices is embedded into
a low dimensional curved surface called manifold learning
[188].

This geometric approach has gained recent traction
in the literature, with several studies exploring the impli-
cations of manifolds for understanding brain function and
connectivity [189]. Recent work has implemented mani-
fold learning to characterize both resting state and attention-
based FC [190] from time-evolving brain state changes us-
ing fMRI. Manifold learning has been used on rs-fMRI to
predict age and demonstrated integration and segregation of
cortical-subcortical networks across lifespan [191]. More
traditional Riemannian geometry has also been used with
FC to harmonize data across multiple sites collecting neu-
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Fig. 9. K-means clustering of paper abstracts grouped into themes. Using the raw distributional semantic vectors from the paper
abstracts and pre-determining a number of clusters (fine-tuned based on other clustering results), a Euclidean distance based clustering
can be done by grouping papers based on a center of mass. Coloured circles represent papers in a common cluster, and coloured diagonal
crosses represent the average point of those clusters.

Fig. 10. HDBSCAN clustering of paper abstracts grouped into themes with a noise cluster. HDBSCAN automatically determines
the number of clusters based on a radius parameter for grouping, and identifies an outlier class of points that do not fit well into any
identified clusters. HDBSCAN, hierarchical density-based spatial clustering of applications with noise. Coloured circles represent
papers in a common cluster, and coloured diagonal crosses represent the average point of those clusters.

roimaging data related to ADHD [192]. This geometric ap-
proach has been applied to the meso-scale to characterize
the relationship between neural circuits and their manifold
representations [193,194]. This has been further extended
using a geometric deep learning approach for interpretable
representations of neural population dynamics [195]. Inter-
estingly, motor behaviours have been shown to be encoded
within these neural manifolds [196,197] as well as percep-
tual processes [198]. It has also been applied to decoding
brain states during wakefulness and sleep [199]. The opti-
mal coding of tasks on neural manifolds at the neural pop-
ulation level is an active area of research [200].

In low dimensions, the space of SPD matrices may
be represented as the interior of a cone. This means that
all possible SPD matrices have an associated point inside
the cone (and vice-versa). By expressing brain region co-
variances as SPD matrices, we may effectively embed the
state of possible brain states into this cone. Cognitive tran-
sitions may thus be described as the paths or trajectories
between these points over time. Datasets across subjects
and paradigms may be represented as clusters of points in
this cone. When considering that the matrices are points
living in the cone, Riemannian geometry allows for the cal-
culation of distances between points without leaving this
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Fig. 11. Tangent PCA of [68]. Given two sets of source localized region averaged time series for rest and task states, a sliding one
second window dFC analysis is used to compute a series of AIM-based SPD matrices. The Karcher mean of each time series is then
computed, and the geodesic between these two averages plotted in the first three tangent PCA component space. Axes represent top three
principal components and their eigenvalues reported as percentage of total variance. Different colours represent different subjects, and
different shapes (star/circle) represent Karcher means for different stimuli conditions. This empirically visualizes the optimal path of
brain region covariances between resting and task state in a truncated subspace. For two conditions, this means the start and endpoint of
each curve represents the average SPD matrix for the respective rest/task state from recorded data. PCA, principal component analysis;
dFC, dynamic functional connectivity; AIM, affine-invariant metric.

cone, while Euclidean geometry may produce a path that
crosses the cone boundary (and thus outside of the space of
valid brain signal covariances). Fig. 4 demonstrates this
low-dimensional example. Two points in the cone may be
connected by a path that remains in the cone and respects
the geometry of the space (which can be thought of as den-
sities in the space which the path must navigate around). By
adopting Riemannian geometry, comparisons between co-
variance configurations of brain signals remain valid when
describing transitionary states.

In order to elucidate the implications of Riemannian
geometry to the 3NM, we highlight the necessary ingredi-
ents: (i) Defining an SPD covariance manifold, modality-
dependent and derived from an appropriate atlas-based par-
cellation of multichannel signals, either spatially sparse like
EEG or region-based averaged from source localized or
volumetric data; and (ii) finding a geometry imposed by
the selection of a metric, which themselves form a mani-
fold of metrics [201]. The SPD spaces induced by a sparse
set of raw EEG signals, or by source localized and atlas-
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Fig. 12. Eigendecomposition of SPD matrices from [68]. The dFC matrices for rest and task were eigendecomposed and the first
three values plotted. The lines between rest and task points represent the weight changes in the eigenvalues along the optimal geodesic
between them. This thus provides a more detailed landscape of trajectories on which transitional brain states can be compared against.

based averaging, or by volumetric imaging techniques such
as fMRI are all different (in the sense of their underlying
generating processes). Indeed, the SPD spaces of two sets
of EEG recordings with different surface atlases will be dif-
ferent. This, however, does not mean they are incompati-
ble. Source localized data and volumetric imaging may be
compared after a normalization into a common parcellation

such as HCPex to generate two SPD spaces whose trajec-
tories may be correlated. This remains coordinate-based,
but rather than considering individual region activations,
the global covariance geometry is considered.

By comparing the geometry of the covariance be-
tween regions across modalities, the underlying mecha-
nisms may be identified given that one SPD geometry
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would be driven by the magnetoelectrophysiology of the
source localized data and the other SPD geometry is driven
by the neurophysiology of the volumetric imaging modal-
ity, e.g., BOLD signals in fMRI. The choice of metric de-
fines and determines the geometry of the space [202]. Four
metrics emerge, each with their consequences for inter-
pretability: affine-invariant metric (AIM), log-Euclidean
metric (LEM), log-Cholesky metric (LCM), and Bures-
Wasserstein metric (BWM). Each has their advantages and
disadvantages regarding preservation of useful mathemati-
cal properties as well as practical considerations regarding
computational efficiency. AIM, equivalent to the Fisher-
Rao metric for Gaussian covariances, ensures full invari-
ance under affine transformations, preserving statistical
meaning in brain signal covariances. It maintains geodesic
convexity for means, though matrix inversions raise com-
putational costs. LEMembeds SPDmatrices into Euclidean
space via matrix logarithms, enabling fast vector-space op-
erations like averaging for real-time EEG processing. It is
computationally efficient to compute and therefore possibly
suitable for real-time applications, but sacrifices full affine
invariance, potentially distorting anisotropic brain connec-
tivities. LCM uses Cholesky decomposition to linearize
SPD matrices, balancing invariance with numerical stabil-
ity for high-dimensional data such as fMRI. It supports
efficient optimization in brain network regression but in-
troduces approximation errors in non-cartesian geometries,
limiting interpretability of phase-amplitude couplings in os-
cillatory EEG. BWM aligns with optimal transport, ideal
for fusing multimodal neuroimaging (e.g., EEG-fMRI co-
variances) due to its symmetric metric property on distribu-
tions. It aids generative modeling of functional networks
but demands costly singular value decompositions, hinder-
ing scalability for large-scale brain analysis.

Using Riemannian geometry, hypotheses about the
3NM can be tested by implementing geodesic clustering
[203] and principal geodesic analysis (PGA) [184] of the
space, generalizations of regular Euclidean space cluster-
ing and principal component analysis (PCA) but respecting
the imposed geometry. Geodesic distances on regularized
functional connectomes have been used for precision char-
acterization of neural activity at the individual level [204].
Clustering based on this geometry-aware distance between
points, has been applied to time-series for network-wide
brain analysis based on GC [205]. A statistical dimension-
ality reduction to explain variability in geodesic distances,
probabilistic PGA using MRI data analyzed shape variabil-
ity in the corpus callosum across individuals [206]. This
approach provides a rigorous treatment of intrinsic statistics
for Riemannian geometry such as the Fréchet mean, some-
times called the Karcher mean or Riemannian barycenter
representing a geometric generalization of an average. This
matrix is the center of mass for a set of matrices, determined
by minimizing the geodesics for all points simultaneously
[207].

A demonstrative example using a preprocessed input
dataset from a reviewed paper is available in the Appendix
Figs. 11,12 (Ref. [68]). Using AIM and the Karcher mean
of the dFC time series for both rest and task matrices, a
geodesic between these two SPD points per subject was
computed representing the optimal path of brain region co-
variances between states as observed in recorded data. The
rest/task Karcher means represent the matrices that mini-
mize the geodesic distance to all observed time window
covariance matrices for each experimental phase respec-
tively. This represents a landscape of possible trajectories
between brain states that may be perturbed. The original
analysis presented a neural mass and masking-based model
of the 3NM that identified SN-driven facilitation of both
DMN and TPN during recall, stronger TPN–DMN inhibi-
tion during rest, and a reversal in DMN-to-SN influence
across states. The 3NM nodes used a HCP-MMP atlas,
and the constituent regions for each of the SN, DMN and
TPN can be found in the supplementary material of the re-
port from which the dataset was taken [68]. Notably, the
DMN included the PCC, the TPN included the dorsolat-
eral prefrontal cortex, and the SN included the insular and
frontal opercular cortex. In order to validate such network
labellings and connectivity results, methods such as system
identification [208] can be applied to the Riemannian mani-
fold representations of the dFC signals. Recent approaches
include modern convolutional [209] and recurrent [210]
neural networks. This reframes proposed connectivities as
hypotheses that can be tested by estimating/recovering a dy-
namical system from the data and comparing interactions
between regions. Furthermore, these approaches may ben-
efit from the existing work done in general for system iden-
tification [211].

We now present a conceptual interpretation of the
3NM and the macro-scale functional network parcellations
[5] as control-theoretic dynamical systems. We assume a
simplified sensor-control-action loop and that perception
(both intero- and extero-) as well as action are bodily and
environmentally bounded control processes. Fig. 5 demon-
strates how the 3NM may be described as closing such an
embodied loop. Fig. 6 (Ref. [5]) demonstrates the six
networks suggested by the macro-scale taxonomy. Here,
the difference between the number of constituent networks
is important. The number of possible configurations for a
possibly bidirectional graph with n nodes is 4n(n-1)/2, given
four possible edge states (i.e., no connection, either of the
one-way connections, or a bidirectional connection) and the
number of possible edges. For the space of possible 3NM
graph configurations, from a model assuming no connec-
tivity to a model assuming full bidirectional connectivity,
there are only 64 possible configurations. For a six network
model, this becomes over one billion; Fig. 6 is a specula-
tive hypothetical configuration amongst many. This sug-
gests the parcellation of large-scale networks and their in-
terpretability should remain low as to not explode in com-
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binatorial possibilities, but not so low as to lack the expres-
sivity of different roles and relationships between them that
may be tested by neuroimaging data.

Consider the 3NM interpretation towards a control-
theoretic frame with testable SPD approaches: (i) DMN dy-
namics are a set of meta-stable attractors such as between
rest and task, (ii) SN modulation is an error-correcting
signal from regions involved with integrating perception
and attention, (iii) CEN heterogeneity is a parallel set
of anatomically separate regions weighted by modulation.
Conceptually, different reported activity of DMN-labeled
regions for resting state andmultiple task paradigmsmay be
interpreted as bistable or multi-stable attractors. Phenom-
ena such as mind-wandering may be described as a drift-
ing trajectory on the manifold with an underlying salience
mechanism. Cognitive disorders caused by biophysiologi-
cal effects such as TBI or PTSD may be described as ge-
ometric deformations. Mathematically, such deformations
can be considered as stretching or shrinking geodesics, and
thus increasing or decreasing the control energy needed to
transition between states. Attractor stability is facilitated
by SN regions integrating and filtering sensory informa-
tion in order to propagate a modulatory signal to DMN
and CEN related regions. Attention-related disorders may
be described as perturbations to this dynamic equilibrium.
Finally, network-of-network descriptions of connectomes
may be described by submanifolds. CEN heterogeneity is
thus the collective action of parallel submanifolds weighted
in their contribution by the modulating SN signal. This al-
lows for a context-dependent account of specialized pro-
cessing regions associated with the CEN.

Following the more anatomically grounded macro-
scale functional network taxonomy [5], the six identified
networks (ON, PN, D-FPN, L-FPN, M-CIN, M-FPN) may
also be control-theoretically reframed. Sensory and per-
ceptual processing in the occipital network acts as a sen-
sory input boundary where stimuli is represented as high-
dimensional exogenous information. The pericentral net-
work serves as the embodied feedback loop based onmotor-
sensory coupling between the PN and ON. The dorsal
and lateral frontoparietal networks both contribute to goal-
directed attention, working memory and cognitive control.
The midcingulo-insular network integrates signals from the
ON and PN and generates an error-correcting signal across
other networks, modulating their activity. The medial fron-
toparietal network serves as a driving default mode signal,
modulated in a graded relationship with the D/L-FPNs.

3. Conclusions
Despite differences in labeling and methodology, the

studies reviewed here converge on several key principles.
First, control networks act as flexible hubs, biasing or sup-
pressing activity in both processing and default networks.
Evidence from EEG–fMRI studies shows that frontal theta
activity is negatively correlated with DMN hubs [12], while

fMRI-based analyses highlight the frontoparietal network’s
modulation of alpha-band activity in visual association cor-
tices [6]. More recently, intracranial EEG has demonstrated
directed influence of the anterior insula on both DMN and
CEN activity during memory tasks [69]. Together, these
findings underscore the modulatory role of control net-
works in coordinating distributed brain systems.

Apparent disagreements across studies are often at-
tributable to differences in anatomical labeling rather than
fundamental functional discrepancies. The same cortical
region may be assigned to different networks depending
on the atlas (e.g., HCP vs. DK) or the modality used
(e.g., BOLD-based connectivity vs. oscillatory source re-
construction). Reconciling these inconsistencies requires
frameworks that integrate across scales and methods. Mul-
timodal approaches, which combine the temporal precision
of EEGwith the spatial specificity of fMRI, are particularly
well positioned to advance this goal.

Several gaps remain. One concerns the temporal di-
mension of network function, which has received less em-
phasis in current taxonomies. Although temporality is often
acknowledged indirectly—through descriptions of modula-
tory interactions—the explicit incorporation of oscillatory
and state-dependent dynamics into network definitions may
provide a more complete account of large-scale organiza-
tion. Another gap concerns individual variability: large-
cohort studies highlight substantial heterogeneity in con-
nectivity profiles [79], raising the question of whether spec-
tral “fingerprints” of networks are stable traits or context-
dependent states. Furthermore, some practical challenges
of multimodal precision models remain. Most brain atlases
are based on population-level averages and therefore net-
work conclusions from such parcellations may not accu-
rately reflect individual biology. Although this may be im-
proved by incorporating the spatial information available in
volumetric signals and taking long-running recordings, pre-
cision brain mapping remains an open problem ameliorated
by imaging data fusion.

Additionally, we identify a need for more sophisti-
cated modelling approaches that can account for the mul-
tiplicity of brain states and their transitions over time as ob-
served in the 3NM disorder literature. Specifically, no stud-
ies to date have systematically characterized the temporal
dynamics of network interactions in 3NM disorders using a
control-theoretic perspective. Appendix Table 2 may thus
serve as a useful map for researchers interested in either
methodology or reported 3NM findings. The diversity of
our reported review shows that without such an approach,
important aspects of network function across temporal and
spatial scales may be overlooked. Furthermore, the neural
manifold reframing allows seemingly conflicting results re-
porting hyper- and hypo-connectivity within the same net-
works across disorders, such as the DMN in schizophre-
nia and CEN in ADHD, as different subregions or defor-
mations of the same manifold. Phenomena such as com-
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pensatory recruitment can be interpreted as occupying the
manifold region where coupling is high as a result of cog-
nitive load, and structural degradation can be interpreted as
the manifold region with lower coupling as a result of neu-
ropathological biophysics. Although such interpretations
are not yet settled, the manifold approach provides a repre-
sentative basis capable of describing both neurotypical and
disordered cognitive brain states without committing to a
specific latent explanatory cause.

As an addendum to the existing suggestions in the
literature [143,212,213], we thus propose the following
guidelines: (i) imaging modalities should be selected based
on the specific research question and the temporal and spa-
tial resolution required, (ii) multimodal approaches should
be prioritized to leverage the strengths of different imag-
ing techniques, and (iii) network analysis should go be-
yond FC/EC and include analyses of oscillatory dynamics,
state transitions, and temporal variability. Fig. 7 presents a
proposed decision workflow for connectivity analysis that
combines these guidelines into specific and actionable re-
search design.

Future work may benefit from integrating covariance
structures of oscillatory dynamics with connectivity-based
parcellations, moving toward a taxonomy that captures not
only spatial and functional specificity but also temporal dy-
namics grounded in anatomical labellings. Such an ap-
proach could help resolve ongoing controversies in net-
work labeling, provide a richer account of cognitive con-
trol, and better inform models of psychopathology. All in
all, the usefulness of taxonomies, atlases and other anatom-
ical graphical representations partly resides in capturing the
possible in vivo functional dynamics. Emerging geometri-
cal approaches, such as the one we have sketched out, might
eventually lead to representational advances which might
help rethink structural networks as configurations of brain
activity, rather than simply as static real estates, and encour-
age the inclusion of timescale information when interpret-
ing functional configurations (networks).
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