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This invited contribution to the State of the Brain series reflects on several emerging and 
foundational themes that are shaping the future of brain mapping. As the field continues 
its rapid evolution–fueled by methodological innovation and increasingly powerful 
models–this paper argues for a principled approach grounded in “data fidelity,” resisting 
premature dimensionality reduction in favor of preserving rich, high-dimensional 
representations. I propose a structured framework for functional decomposition, 
classifying methods across three key dimensions: source (anatomical, functional, 
multimodal), mode (categorical, dimensional), and fit (predefined, data-driven, hybrid). 
Special emphasis is placed on hybrid approaches, such as the NeuroMark pipeline, which 
integrate spatial priors with data-driven refinement to boost sensitivity to individual 
differences while maintaining cross-subject generalizability. Beyond decomposition, we 
introduce the concept of expressive visualization–a paradigm that aims to surface 
meaningful patterns embedded in complex, dynamic NeuroAI models. I also discuss the 
role of leveraging higher order statistics, advances in modeling time-varying connectivity, 
and the promise of symmetric, dynamic multimodal fusion techniques. Collectively, these 
developments point to a future where neuroimaging analysis is not only more 
methodologically rigorous, but also more interpretable, scalable, and clinically impactful. 
In sum, I advocate for a continued focus on approaches allowing for high-dimensional yet 
informative spatiotemporal summaries of the data as we chart the next phase of discovery 
in brain science. 

INTRODUCTION 

The brain mapping community remains vibrant and rapidly 
evolving, with the Organization for Human Brain Mapping 
(OHBM) serving as a catalytic force for discovery and in
novation. The pace and breadth of progress continue to be 
both inspiring and, at times, dizzying. In this article, I re
flect on several themes that I return to often–topics that I 
believe are central to ongoing research in our field. These 
reflections are grounded in both personal experience and 
current methodological trends, and I offer examples from 
my own work to help stimulate continued discussion and 
development. 

As a researcher immersed in neuroimaging methodol
ogy, I’ve found that clarity and innovation often arise from 
adhering to a core principle: staying close to the data. This 
means resisting the temptation to impose early, low-di
mensional summaries and instead embracing the full com
plexity of high-dimensional data. Data-driven approaches 
have repeatedly revealed unexpected patterns and relation
ships–insights that often precede and inspire new theoret
ical models. Over the course of my career, I have worked 
to bridge these data-driven discoveries with structured, 
model-based frameworks, aiming to combine exploratory 
richness with interpretive rigor. This balance has proven 
crucial for advancing our understanding of both healthy 
brain function and clinical dysfunction. 
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The paper is organized around six interconnected topics. 
I begin with two focused on data decomposition: first, I 
introduce a conceptual framework for categorizing spa
tiotemporal decompositions of brain data; second, I high
light the promise of data-driven and hybrid models for cap
turing both inter-individual variability and dynamic spatial 
patterns. The next two topics explore the use of indepen
dence and higher-order statistics in disentangling relevant 
features, followed by a discussion of expressive visualiza
tion–a paradigm for surfacing complex patterns within 
modern NeuroAI models. Finally, I turn to two emerging ar
eas: recent developments in modeling brain dynamics and 
advances in symmetric, multimodal and dynamic fusion. 
Together, these topics outline a vision for methodologically 
rigorous and expressively rich brain mapping in the years 
ahead. 

FUNCTIONAL DECOMPOSITION FRAMEWORK 

The brain is a spatiotemporal organ. Decomposing or rep
resenting such data are a key aspect of neuroimaging work. 
One can choose from fixed, anatomic or connectome-based 
atlases1 to capture pre-determined boundaries, adaptive, 
data-driven components to better capture individual varia
tion,2,3 approaches that have elements of both.4‑6 One can 
consider the use of an atlas as a specific type of “func
tional decomposition”, a term I next define in a more gen
eral sense. Currently there are dozens of atlases one can 
select from, and, more recently, computational and onto
logical tools for translating between atlases.7‑9 Beyond this, 
selecting between surface or voxel space and which atlas to 
use can have an outsized impact on the results. Data-dri
ven approaches have been widely used as well, but these are 
typically derived for a given study. 
The strength of data-driven approaches is that they can 

better fit the data, leading to a more faithful representation 
of the underlying patterns. However, a limitation of the 
data-driven approach is that it can be challenging to find 
correspondence among subjects or studies that use fully 
data-driven approaches. This was the motivation for the 
widely used group independent component analysis (ICA) 
approach,10 that is, to allow for correspondence between 
single-subject spatial maps and timecourses within an ICA 
model. The same principle can be applied to the use of 
more complex neural network decompositions, which tend 
to focus either on single subject models or group level mod
els.11 We can leverage a two-step project to capture both 
group and subject-specific neural network decompositions 
that can capture nonlinear relationships while also provid
ing subject specific information.12 Hybrid approaches, such 
as the NeuroMark pipeline5,13,14 discussed in the next sec
tion, leveraging spatial priors,15 represent a natural trade-
off between fixed atlases and data-driven solutions as they 
provide correspondence between subjects, while also cap
turing individual subject variability. Hybrid decompositions 
have also been shown to outperform predefined atlases in 
predictive accuracy.16 

One of the challenges in the field is distinctions between 
decomposition types are often not made. To enhance clar

ity, we can categorize functional decompositions in fMRI 
studies along three primary attributes: source, mode and 
fit (Table 1 ). The source attribute distinguishes between 
anatomic decompositions, derived from structural features 
such as gyri or cytoarchitectonic areas, and functional de
compositions, identified through patterns of coherent 
neural activity, often captured through resting-state or 
task-based fMRI, that may not align with structural bound
aries. Other types of sources such as generic or molecular 
information can also be used to derive the atlas.17 Joint use 
of multimodal sources, which leverage multiple modalities, 
e.g., diffusion MRI and fMRI data, can be used to achieve a 
more comprehensive decomposition.18 Regarding the mode 
attribute, decompositions can be categorical, consisting of 
discrete, binary regions with rigid boundaries (e.g., atlas-
based parcellations), or dimensional, i.e., continuous, over
lapping representations where network contributions vary 
across space and time (e.g., ICA,3 gradient mapping, prob
abilistic atlases). Finally, the fit attribute encompasses 1) 
predefined decompositions derived from external atlases 
(i.e., a fixed atlas applied directly to individual data), 2) 
data-driven decompositions derived directly from the data 
without prior constraints, creating study specific parcella
tions from scratch, and 3) hybrid or semi-blind approaches 
that incorporate spatial priors that are updated or refined 
based on individual data using data-driven processes (e.g., 
spatially constrained ICA5,19). This framework highlights 
the contrast between traditional categorical, anatomic, pre
defined approaches and modern dimensional, functional, 
data-driven decompositions, while also accommodating hy
brid methods that flexibly integrate prior information with 
data-adaptive processes. 
Most atlas-based approaches, such as the automated 

anatomic labelling atlas,20 are anatomically derived, cat
egorical, and predefined. Some atlases have multiple op
tions included (e.g., the functional Yeo 17 network21 and 
the multimodal Brainnetome1 atlases are dimensional but 
are most often used as categorical and are predefined. The 
Glasser22 atlas is also multimodal, categorical, and prede
fined. The NeuroMark approach5 is functionally defined, di
mensional, and data-driven. In the next section I expand on 
the use of hybrid models, which start from an atlas or spa
tial priors and update the maps based on a given subject’s 
data, highlighting the NeuroMark pipeline. One might also 
consider extending this further (e.g., a ‘metric’ or ‘method’ 
attribute might characterize what optimization was used to 
derive the atlas such as least squares or maximal spatial in
dependence). For now, I limit it to three to keep it simpler. 

HYBRID MODELS FOR FUNCTIONAL 
DECOMPOSITION 

In my opinion, the use of hybrid models for functional 
decomposition is particularly important for three reasons. 
First, individual variability can be quite high, and fixed at
lases do not capture this variability well. Function connec
tivity approaches using fixed atlases may be grouping to
gether voxels that have very different temporal coherence 
or similarity. And secondly, spatial dynamics approaches 
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Table 1. Attributes of functional decompositions 
Provides a way to describe the specific type of functional decomposition that was used, each having its own strengths and limitations. 

can benefit from hybrid models, by allowing brain networks 
to shrink, grow, or otherwise change shape over time, thus 
providing a more accurate way to capture what I’ll call a 
‘functional unit’ for a given network and timepoint. And 
thirdly, the use of a hybrid approach allows the decom
position to capture individual variability, while also regu
larizing the results to stabilize the solution.23 This is also 
important as issues of reproducibility and generalizability 
remain pressing. Many biomarkers initially showing 
promise in controlled studies failed to replicate in inde
pendent samples due to methodological heterogeneity or 
demographic variability.24 More studies focused on cross-
study comparison and lifespan research are needed. 
Addressing this requires enhanced standardization in 

data processing and analysis methods, something we have 
actively promoted through initiatives like NeuroMark.5 In 
the NeuroMark approach, we use a template initially de
rived via running blind ICA on multiple large data sets to 
identify a replicable set of components. These are then 
used as spatial priors in a single-subject spatially con
strained ICA analysis.19,25 This allows us to estimate sub
ject specific maps and timecourses, while also maintaining 
the correspondence and ordering of the components be
tween individuals. It also allows us to fully automate the 
ICA pipeline, while fully leveraging the higher order statis
tics by computing individual subject spatially informed ICA. 
Our first NeuroMark template NeuroMark-fMRI-1.05 con
tains 53 components and has been used in dozens of stud
ies to date. We have also introduced several age-specific 
NeuroMark templates as well as extending the approach 
to structural MRI and diffusion MRI data13 (all templates 
available in the GIFT toolbox http://trendscenter.org/soft
ware/gift and at http://trendscenter.org/data). We also in
troduced a multi-scale lifespan atlas which leverages al
most 80,000 subjects across a wide range of subject 
characteristics.14 This is currently released as NeuroMark 
2.226. Figure 1  (top) shows the coverage for the multi-
scale atlas (NeuroMark 2.2) as well as an example of the 
functional network connectivity (FNC) represented as the 
cross-correlation between the timecourses within the refer

ence data Figure 1  (bottom middle). Figure 1  (bottom left) 
shows an example of the FNC for the NeuroMark 1.0 tem
plate for comparison. And finally, Figure 1  (bottom right) 
shows how this hybrid approach captures subject-specific 
variation within one network for two subjects (green and 
red are subject specific, yellow is overlap).26 The ability to 
capture variation between individuals while also providing 
network-level correspondence highlights the flexibility of 
an approach that blends the strengths of predetermined 
and data-driven approaches. 
Computing risk scores for neuropsychiatric disorders 

that can also capture individual variability is of great inter
est.27‑29 As one example of this approach, I highlight work 
from 2024 using the NeuroMark framework to develop a 
brainwide risk score (BRS).30 In this case we generated indi
vidualized NeuroMark 1.0 output for approximately 14,000 
datasets including clinical datasets from four disorders in
cluding schizophrenia (SZ), autism spectrum disorder 
(ASD), major depression (MDD), and bipolar disorder 
(BPD), as well as controls, and also for over 8,000 adoles
cents between the ages of 9-11 within the ABCD dataset 
baseline cohort. Following preprocessing and quality con
trol, we computed FNC matrices for all individuals and gen
erate clinical reference patterns for each disorder. We then 
compared individuals in the ABCD dataset to these ref
erences using a distance metric and then computed the 
difference as a brainwide risk score (BRS). Figure 2  (top 
left) shows the reference pattern for controls and individ
uals with schizophrenia, along with the NeuroMark spatial 
maps. Figure 2  (bottom left) shows the histogram of BRS 
within the ABCD study. Interestingly, results show a skewed 
relationship. The control-like patterns are strongly repre
sented in over 50% of the ABCD cohort Figure 2  (top mid
dle) whereas the patient-like patterns are only visible in the 
upper 1% of the cohort, Figure 2  (bottom middle). This is 
notable as it is consistent with the prevalence of schizo
phrenia.31 The BRSs in these individuals also showed a sig
nificant correlation to the prodromal risk score. Since the 
score is computed separately for each of the four disor
ders, we can visualize the relationship between the indi
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Figure 1. NeuroMark 1.0 and 2.2 templates 
NeuroMark 2.2 spatial maps (top), NeuroMark 1.0 (bottom left) and NeuroMark 2.2 (bottom middle) functional network connectivity, and (bottom right) variability among two sub
jects in one of the NeuroMark 2.2 networks, showing the ability of the hybrid approach to capture individual variation in spatial networks, while also preserving correspondence 
among subject. 

viduals in the upper 5% of risk, Figure 2  (top right) and 
also the degree to which an individual falls within the upper 
5% on each of these histograms, Figure 2  (bottom right). 
This provides a powerful example of how hybrid approaches 
can capture dimensional relationships between brain pat
terns and mental illness reference. It also blends together 
categorical approaches (reference creation) with a dimen
sional perspective (similarity) to risk or resilience. It is also 
worth a brief comment on sample size. While large sample 
sizes clearly help with generalization, especially in the case 
of small effects, it is not a requirement; most of the ap
proaches we discuss in this paper are also applicable for 
small N studies. While the specific context is relevant, to 
give two examples, generating a new NeuroMark template 
can greatly benefit from showing robustness and replicabil
ity, but once a given template is created, it can be used on 
an individual subject in a case study, a small N comparison, 
a pre-post treatment study, or a large N population neuro
science study as we have shown for the ABCD data. How
ever, as is the case with most work, replication is a hallmark 
of science, and the further one can show that the results 
will consistently replicate the better. More complex mod
els, e.g., moving to approaches which couple independence 
with more complex neural network models, will also allow 
us to accommodate nonlinear relationships (see Figure 4 ) 
and incorporate brain network estimation within a pow
erful ‘end-to-end’ model framework, however the sample 
sizes required for consistent replication will likely be some
what larger in these cases. 

EXPRESSIVE VISUALIZATION OF 
NEUROIMAGING DATA 

As neuroimaging models grow increasingly complex, the 
demand for tools that facilitate understanding and discov
ery has expanded.32 While this is not a new problem for the 
field, as neuroimaging has always had to focus extensively 
on ways to visualize and promote understand spatiotempo
ral data,33 it has become even more important due to the 
proliferation of deep learning models which suffer from a 
“black box” nature, often with millions of parameters and 
highly nonlinear.34 Although these models excel at predic
tion, it can be challenging to connect the resulting pre
dictions to meaningful and understandable aspects of the 
data. This has led to the proliferation of terms such as in
terpretability, explainability, explainable AI, transparency, 
and trustworthiness, each touching on different aspects of 
improving our understanding of a given model.35 

Interpretability, explainability, and what we call expres
sive visualization (EV) are related but distinct concepts, 
particularly when it comes to AI, machine learning, and 
complex data analysis. We define interpretability as the de
gree to which a human can understand the cause-and-ef
fect relationships within a model or system. That is, the fo
cus is on understanding the model’s internal mechanics in a 
way that makes sense to a human and provides information 
on how input features relate to outputs. We define explain
ability as the broader concept of providing understandable 
descriptions or justifications for model predictions, even 
when the model itself is complex or opaque (black box). 
That is, a focus on creating mechanisms or approximations 
that help a user understand what the model is doing. Ex
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Figure 2. Brainwide risk score (BRS) analysis using the NeuroMark pipeline. 
(Top left) spatial maps and patient/control references, (bottom right) histogram of BRS for ABCD individuals, (top middle) average FNCs for ABCD individuals in the lowest 50% of 
risk, (bottom middle) average FNCs for ABCD individuals in the upper 1% of risk, (top right) visualization of individual in the upper 5% of risk for each disorder, and (bottom right) 
Venn diagram showing how many individuals fell into the upper 5% risk for each of the disorders. 

plainability tries to provide insights into model predictions 
without necessarily understanding the internal structure. 
Complementary to interpretability and explainability is our 
concept of EV, which emphasizes the importance of pro
viding a rich graphical representation of neuroimaging data 
or model outputs to reveal the underlying relationships, or 
structures in the data. 
NeuroAI approaches often focus on methods designed 

to explain model predictions through techniques such as 
feature importance mapping, saliency analysis, or attention 
mechanisms.36‑38 However, these methods, while useful for 
validating predictions and ensuring accountability, are not 
ideally suited for the discovery of new neural phenomena 
or emergent properties within large-scale neural systems. 
One of the ironies here is that, due to the larger parameter 
space, deep learning provides the opportunity for even richer 
visualizations than what are available from simpler modeling 
approaches. 
Our emphasis on EV is a call to build rich, multidi

mensional, and dynamic visual representations that more 
fully harness the underlying complexity of NeuroAI models. 
EV is a call to go beyond conventional visualization tech
niques in order to emphasize the creative and systematic 
construction of visuals that actively reveal novel structures, 
patterns, and relationships within neural network repre
sentations. EV emphasizes creating visual representations 
that are not only illustrative but also capable of generating 
novel scientific insights by exposing patterns, dynamics, 
and structures that are otherwise obscured by high-dimen
sional or abstract representations. These would ideally in
clude representation of the spatiotemporal aspects of the 

original brain data, as well as latent constructs such as 
state-spaces or gradients. For example, the spatiotemporal 
nature of brain networks–reflected in metrics such as state-
space information, time-varying connectivity, network con
vergence indices, spatial maps, or latent space trajecto
ries–requires approaches that are sensitive to space and 
time and possibly temporally evolving structures. Visual
izations that capture multiple levels of the results at higher 
resolutions can provide much more depth to the results 
(e.g., incorporating decompositions as mentioned earlier 
can go beyond a single map or include results in the input 
data resolution or higher rather than a fuzzy attention 
map). These types of visualization are available to any 
analysis but often not implemented. 
The motivation for EV stems from the realization that 

traditional interpretability frameworks are insufficient for 
the level of complexity inherent in contemporary NeuroAI 
models. Neural networks applied to neuroimaging are char
acterized by vast numbers of parameters, nonlinear rela
tionships, and temporally evolving dynamics that resist ex
planation through simple attribution scores or static plots. 
Instead, what is required is a deliberate effort to build vi
sualization frameworks that are sensitive to these com
plexities and designed to uncover new insights rather than 
merely confirm existing hypotheses. EV also facilitates in
tegration of data exploration, statistical rigor, and hypoth
esis generation. There is some relationship to the concept 
of explorable explanations, which are visual tools for pro
viding intuition into a concept or a dataset,39,40 but here we 
are mainly focused on improving the visualization output 
for NeuroAI applications. Rather than constraining visual
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ization to the final stages of model interpretation, EV treats 
the design of visual tools as a core component of the mod
eling process. This paradigm shift allows researchers to it
eratively refine their models and visualizations in tandem, 
creating a feedback loop that drives discovery. 
There are many ways to produce rich visualizations from 

neuroimaging models. Figure 3  shows a few simple exam
ples including salience or attention maps (which by them
selves are arguably often blurry and of limited value). There 
may also be additional value in further decomposing in
dividual subject salience/relevant/attention maps, e.g. via 
a constrained ICA model to provide “source-based 
saliency”41 (Figure 3a ). Visualization of multiple layers of 
a deep residual network highlighting patient versus con
trol differences, or further decompositions of these maps 
can also provide useful insights into the model (Figure 3b ). 
In addition, we encourage the use of transparent visual
ization of regions below a statistical threshold33,42 (Figure  
3c). Visualization of the functional decomposition linked to 
a given dynamical systems approach can go beyond a 2D 
state space plot, (Figure 3d ) shows evidence of chaotic at
tractors in patients with schizophrenia linked to multiple 
default mode network nodes extracted via ICA. The EV ap
proach is essentially focused on designing a model with vi
sualization in mind. While this may seem straightforward, 
it is widely used in NeuroAI. NeuroAI models as repre
sented in research papers tend to have less visualization 
when they should have more. This is in part evidenced 
by evaluating NeuroAI papers in recent conferences (e.g., 
NeurIPS) which show approximately 50% of the papers do 
not have any or minimal spatiotemporal visualization in
cluded in the paper. NeuroAI papers tend to have a larger 
focus on prediction benchmarks or (in a smaller number of 
cases) visualization of latent factors, but often much less 
visualization within the native brain space. As these mod
els advance, it is critical that we enhance our ability to visu
alize the results while including both spatial and temporal 
aspects. 

INDEPENDENCE AS A USEFUL TOOL FOR 
STUDYING NEUROIMAGING DATA 

I have spent a considerable portion of my career developing 
and applying methods that leverage independence–most 
notably through ICA–to better understand brain function. 
ICA is widely used in the field and continues to evolve and 
expand.45‑47 While ICA is perhaps most commonly associ
ated with spatial decomposition of fMRI data, we and oth
ers have extended this framework in numerous directions, 
including temporal ICA48,49 to isolate distinct time courses, 
windowed ICA on time-varying functional network connec
tivity (FNC) matrices to capture dynamic shifts in brain net
work interactions,50 and joint ICA51 across modalities to 
identify shared patterns. These approaches all rest on the 
fundamental assumption that useful insights can be ob
tained by identifying components that are statistically in
dependent, or as close to independent as possible, across 
one or more domains (space, time, subject, modality, etc.). 

A common critique I’ve encountered is the notion that 
“it doesn’t make sense to force brain activity into indepen
dent parts when we know the brain is highly interactive 
and coordinated.” This is a reasonable question–one that 
invites a deeper consideration of what independence really 
means in the context of data decomposition. Importantly, 
enforcing independence in the data does not imply a belief 
that the underlying system (i.e., the brain) itself is com
prised of non-interacting parts. Rather, independence 
serves as a mathematical constraint or organizing principle 
that enables us to disentangle complex mixtures into more 
interpretable, constituent signals. These signals may repre
sent distinct sources of variability, modes of processing, or 
system-level contributions–each of which can be indepen
dently modulated even as they participate in larger, inter
dependent brain functions. 
The appeal of ICA lies in its use of higher-order sta

tistics–capturing not just mean and variance (as principal 
component analysis does), but skewness, kurtosis, and be
yond. This allows ICA to separate sources that may overlap 
spatially or temporally but differ in non-Gaussian struc
ture. It also enables a form of continuous decomposition, in 
contrast to rigid parcellations or clustering, offering a rich 
and interpretable visualization of spatial or temporal con
tributions across the brain. This makes ICA particularly well 
suited to neuroimaging, where signal mixtures are complex 
and often reflect subtle but meaningful variations across 
time, space, and individuals, which are often overlapping 
with one another. 
Moreover, independence is not an endpoint–it is a start

ing point for deeper analysis. Once independent compo
nents are identified, we can study how they interact. For 
example, dynamic functional network connectivity analy
ses capture time-varying relationships between ICA-derived 
components. This allows us to ask how brain systems tran
siently couple and decouple, fluctuate in synchrony, or 
evolve during task or rest. So, in essence, ICA does not 
negate interdependence–it helps reveal it in a more struc
tured and interpretable form. ICA’s utility also extends be
yond linear models. The statistical foundation of indepen
dence can also be embedded into nonlinear and deep 
learning frameworks, offering a bridge between classical 
signal processing and modern AI-driven approaches (e.g., 
via nonlinear ICA approaches, further optimizing separa
tion of latent factors within a deep learning model, or used 
to train generative models that can account for additional 
nonlinearity52; Figure 4 ). Whether used as a preprocessing 
tool, a latent representation, or an interpretable model 
component, the principle of maximizing independence 
continues to provide value across the evolving landscape of 
neuroimaging analysis. 

DYNAMIC CONNECTIVITY: CONTINUOUSLY 
EVOLVING SPACE, CONNECTIVITY, AND STATES 

We continue to see dramatic growth in approaches and ap
plications of time-varying connectivity of fMRI data.53‑55 

As the field has matured, there is consistent evidence that 
time-resolved information is more informative than focus
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Figure 3. Example visualizations of neuroimaging models 
(a; left) Salience maps for analysis of ABCD data predicting males vesus females from gray matter maps with over 97% accuracy (increasing with age) F>M (orange) and M>F (blue).43 

(a; middle) source-based saliency maps for F>M, (a; right) source-based salience maps for M>F. (b), FNC Control - Patient differences in layer 10, 23, and 32 of a neural network high
lighting different levels of granularity for a convolutional neural network model yielding an accuracy of 92.8% in predicting individuals with schizophrenia versus controls,44 (c; left) 
transparent thresholding of spatial maps,33,42 (c; right) upper/lower triangle with thresholded and unthresholded FNC, (d) visualization of linear dynamical systems + ICA model 
showing evidence of chaotic attractor in the default mode network. 

Figure 4. Example of the use of a conditional denoising diffusion model, trained on NeuroMark ICA components which 
can be used to generate single-subject spatial maps for training or individual prediction purposes while also accounting 
for additional nonlinear effects.52 

ing on static maps alone, both in terms of capturing distinct 
properties of an individual, and in terms of predictive ac
curacy (e.g., predicting diagnosis or progression). Evidence 
increasingly supports the superior sensitivity and clinical 
utility of dynamic approaches, reinforcing the benefits of 
temporal modeling.56,57 While recent work has debated 
how best to characterize the degree to which various as
pects of arousal, global signal, cognition, diagnoses, age, or 
other factors may contribute to the signal,58,59 it is clear 
we are still only scratching the surface of the potential for 
leveraging brain dynamics. In this context, the brain is a 
spatiotemporal organ, and as such models should focus on 
more fully leveraging this information. Here, I call atten
tion to work focused on tapping into the richness of evolv
ing systems of voxels or connectivity patterns in order to 
more fully capture the dynamic information available in 
the data. As a brief history, initial whole brain connec

tivity work focused on estimating static patterns.60 This 
then evolved into estimating transient states of connec
tivity,61 followed by models that can capture overlapping 
states,62 and more recently, exponential growth of many 
different approaches and applications.53‑55 More recently, 
models have begun to focus on characterizing the contin
uous evolution of multiple spatial or connectivity patterns 
(i.e., evolving states). 
Spatially dynamic approaches (i.e., transiently occurring 

spatial networks), as opposed to temporal dynamics (i.e., 
transiently occurring functional connectivity patterns be
tween networks) have grown over the years.63,64 Figure 5a   
(left) shows examples of three spatial dynamic states65,66 

which overlap with one another transiently (white regions) 
and show sensitivity to diagnostic condition. Building on 
this, we can move beyond a focus on individual non-over
lapping states to a more comprehensive summary of the ta
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pestry of continuously evolving and overlapping changes. 
For example, Figure 5a  (right) shows results where win
dowed FNC matrices were decomposed via ICA, resulting in 
15 continuous or fuzzy timecourses, one for each state. We 
then perform a distributional analysis of the timecourses, 
that is at each timepoint we compute either a distance be
tween amplitudes or a measure like Shannon entropy to 
evaluate the degree to which the amplitudes of the states 
tend to be more ‘clumped’ or more evenly spread out. This 
measure appears to be remarkably sensitive to neuropsy
chiatric illness, in particular, it well separates autism spec
trum disorder (ASD; blue), major depression (MDD; yellow), 
and psychosis disorders such as bipolar disorder (BPD; or
ange) and schizophrenia (SZ; purple). 
The second row of figures show examples of evolving 

states. This can be estimated by applying constrained ICA 
(e.g., NeuroMark) over time on short windows of data, 
called dynamic ICA.50,64 Using this approach we can gen
erate time-varying spatial networks as well as time varying 
FNC matrices (Figure 5b ; left). We can also combine this 
with the estimation of connectivity states by using a second 
dynamic ICA to estimate connectivity states, followed by a 
reference informed ICA to estimate evolving connectivity 
states.50 This provides a wealth of information. A visual ex
ample of the richness of this approach is shown in (Fig
ure 5b ; right) which shows, for one subject, the similarity 
of the evolving state patterns to one another. Each square 
shows the window-by-window similarity between a pair of 
states. This provides a visual summary of the rich temporal 
information contained within each of these evolving states, 
which can be further summarized for characterizing the 
properties of individuals and groups. 

SYMMETRIC AND DYNAMIC MULTIMODAL 
FUSION 

Another major focus of my career is on multimodal data fu
sion. While there are many studies which perform multi
modal analysis, there are fewer focused on what is called 
symmetric fusion, that is joint decomposition of multiple 
modalities. This is in contrast to asymmetric fusion which 
involves using one modality to constrain another. Asym
metric fusion is in wide use in the field, e.g. fMRI con
strained EEG, diffusion constrained functional connectiv
ity,67 or anatomic constrained brain function.68 

In this section I highlight two recent developments in 
the field. The first is a new framework called ‘dynamic fu
sion’ which combines the concepts of symmetric fusion of a 
pair of modalities within a dynamically defined joint model. 
While dynamic fusion has been used in other areas such 
as linking audio and video,69 such work tends to focus on 
the performance rather than the dynamics of the fusion 
parameters themselves.70 However, studying the degree to 
which fusion of static with dynamic data varies with time 
represents an important opportunity to study multimodal 
links in neuroimaging. An initial way to do this is to per
form multiple fusions where we might have a static modal
ity, like diffusion or gray matter fused with different func
tional data71,72 (Figure 6 ; top left). This allows us to 

Figure 5. (Top left) spatial dynamic states, showing 
regions that have higher transient overlap between states 
(white) versus those that are dominated by just one state 
(red/blue/green) regions. (Top right) distributional 
comparison of the amplitudes of 15 states estimated via 
connectivity ICA show remarkable differences in regions 
where states amplitude tend to either be clumped 
together/convergent or spread out/divergent. (Bottom left) 
evolving FNC state and evolving spatial brain network (we 
have multiple evolving FNC states and multiple spatial 
networks; not shown). (Bottom right) chronnectogram 
characterizes the complex interactions occurring between 
evolving FNC states within one subject. 

identify ‘dynamically informed’ structural maps that are 
more (dynamic) or less (static) sensitive to the time-re
solved FNC fusion process. More specifically, we advocate 
for the creation of structural features (i.e., basis sets/latent 
representations) in a way that is informed by the dynami
cally changing functional contexts that individuals oscillate 
through during a functional scan. 
Consider, as an intuitive example, a swinging pendulum 

system. The system has finite set of physical properties that 
are unchanging during the observation period (akin to the 
structural properties of the brain that are unchanging dur
ing the course of an MRI scan); however, depending on 
the functional aspect of interest in the model (e.g., oscil
latory motion or energy dissipation), different physical (i.e. 
“structural”) aspects of the system become salient (e.g., an
gular position, angular velocity and pendulum length for 
oscillatory motion, and velocity, surface area, coefficient of 
drag and friction at pivot for energy dissipation), and thus 
different structural basis sets are defined for the same sys
tem. In the same way, our dynamic fusion approach derives 
multiple structural basis sets for the same physical brain 
system that are each best suited to describe the different 
functional “states” considered across time. In other words, 
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Figure 6. a) A dynamic fusion model incorporates multiple time-resolved symmetric data fusion decompositions (top 
left) including a static modality (e.g., gray matter) and a dynamic modality (e.g., dynamic FNC), following by evaluation 
of the similarity of the decomposition of the static modality to identify components which are more or less impacted by 
dynamicity. Interestingly, structural gray matter dynamic behavior also appears to approximately follow a gradient along 
unimodal (red) versus heteromodal (blue) cortices (right). (Bottom) generative NeuroAI models can be used to synthesize 
multimodal data (in this case we show an example of generating functional data from structural data).76 This solves a 
major challenge with multimodal analysis which often have much smaller samples due to missing modalities. 

what we derive are temporally evolving patterns of struc
ture-function coupling, rather than short-scale changes in 
physical brain structure itself. The initial work in this space 
is quite promising, suggesting both enhanced sensitivity to 
clinical groups, as well as capturing otherwise hidden rela
tionships which follow along the unimodal to transmodal 
cortical areas (Figure 6 ; top right). We have also extended 
this concept to study imaging genomics links73 as well as 
links between structure and functional connectivity.74 

While multimodal methods consistently outperform in
dividual modalities, their complexity and resource demands 
raise questions about scalability and feasibility. This high
lights the need for practical methods that maintain accu
racy while being widely implementable. A challenge that 
often arises is the need for a requirement for multiple 
modalities to be collected on all individuals in a given 
analysis, a requirement that typically results in smaller 
sample sizes than the corresponding unimodal analyses. 
One aspect that can help with this is the use of generative 
models. This can provide additional data for training of 

models, but also provides a way to synthesize data in the 
case where a given modality might be missing (Figure 6 ; 
bottom75). 

CONCLUSION 

A guiding principle of my career–staying close to the 
data–has consistently driven innovation in the develop
ment of neuroimaging biomarkers. By grounding analysis 
in empirical signals while thoughtfully integrating model-
based frameworks, we have gained deeper insights into the 
complexities of brain function and dysfunction. Evolving 
research over the last year brought significant advance
ments, unexpected findings, and important debates, but 
also highlighted critical opportunities for refinement and 
progress. Moving forward, I believe our field will benefit 
most from a continued commitment to methodological 
rigor, transparency, interdisciplinary collaboration, and 
open scientific dialogue. While I have highlighted my own 
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views and approaches in this manuscript, without direct ex
perimental comparison to alternative methods (see our pri
mary papers for some of these comparisons) I also want 
to affirm my strong belief in the strengths of a pluralistic 
analytic approach. There are many available methods to 
choose from, each with their own advantages and limi
tations. While multiverse studies often focus on common 
finding across methods, I think it is just as important to 
highlight where methods differ, as this can in some cases is 
tied to a specific methodological strength and may provide 
critical clues about how the brain works. My own journey 
affirms that remaining anchored in the data, persistently 
questioning assumptions, and bridging exploratory analy
ses with principled modeling are essential for realizing the 
next wave of discoveries in neuroscience–and for translat
ing those discoveries into meaningful clinical impact. 

ACKNOWLEDGEMENTS 

I want to thank the students in my lab who performed 
analysis that led to some of the included figures, including 
Lord Wiafe, Najme Soleimani, Kyle Jensen, and Yuda Bi, 
and the core work done by Armin Iraji, Marlena Duda, Jiayu 
Chen, Meenu Ajith, Zening Fu and many more folks at 
TReNDS. 

FUNDING SOURCES 

This work was supported by National Institutes of Health 
grant numbers R01EB006841, R01MH118695, 
R01MH117107, and RF1AG063153 and NSF grant 2112455. 

CONFLICTS OF INTEREST 

The author declares no competing interests. 

Submitted: April 17, 2025 CDT. Accepted: May 28, 2025 CDT.
Published: June 20, 2025 CDT. 

This is an open-access article distributed under the terms of the Creative Commons Attribution 4.0 International License 

(CCBY-4.0). View this license's legal deed at http://creativecommons.org/licenses/by/4.0 and legal code at http://creativecom

mons.org/licenses/by/4.0/legalcode for more information. 

Data-guided neuroimaging and visualization: From functional decomposition to dynamic fusion

Aperture Neuro 10

http://creativecommons.org/licenses/by/4.0
http://creativecommons.org/licenses/by/4.0/legalcode
http://creativecommons.org/licenses/by/4.0/legalcode


REFERENCES 

1. Jiang T. Brainnetome: A new -ome to understand 
the brain and its disorders. Neuroimage. 
2013;80:263-272. doi:10.1016/
j.neuroimage.2013.04.002 

2. Stanley K, Lazar N, Reimherr M. Functional factor 
modeling of brain connectivity. arXiv preprint 
arXiv:240913963. Published online 2024. 

3. Allen EA, Erhardt EB, Damaraju E, et al. A baseline 
for the multivariate comparison of resting-state 
networks. Front Syst Neurosci. 2011;5:2. doi:10.3389/
fnsys.2011.00002. PMID:21442040 

4. Reeves WD, Ahmed I, Jackson BS, et al. fMRI-based 
data-driven brain parcellation using independent 
component analysis. Journal of Neuroscience Methods. 
2025;417:110403. 

5. Du Y, Fu Z, Sui J, et al. Neuromark: An automated 
and adaptive ICA based pipeline to identify 
reproducible fMRI markers of brain disorders. 
Neuroimage Clin. 2020;28:102375. 

6. Plis SM, Masoud M, Hu F, et al. Brainchop: 
Providing an edge ecosystem for deployment of 
neuroimaging artificial intelligence models. Apert 
Neuro. 2024;4. doi:10.52294/001c.123059. 
PMID:39301517 

7. Kong R, Spreng RN, Xue A, et al. A network 
correspondence toolbox for quantitative evaluation of 
novel neuroimaging results. Nature Communications. 
2025;16:2930. doi:10.1038/s41467-025-58176-9. 
PMID:40133295 

8. Kleven H, Gillespie TH, Zehl L, et al. Atom, an 
ontology model to standardize use of brain atlases in 
tools, workflows, and data infrastructures. Sci Data. 
2023;10:486. doi:10.1038/s41597-023-02389-4. 
PMID:37495585 

9. Jamison KW, Gu Z, Wang Q, Tozlu C, Sabuncu MR, 
Kuceyeski A. Release the krakencoder: A unified brain 
connectome translation and fusion tool. bioRxiv. 
Published online October 8, 2024. doi:10.1101/
2024.04.12.589274. PMID:38659856 

10. Calhoun VD, Adali T, Pearlson GD, Pekar JJ. A 
method for making group inferences from functional 
MRI data using independent component analysis. 
Hum Brain Mapp. 2001;14:140-151. doi:10.1002/
hbm.1048. PMID:11559959 

11. Huang J, Busch E, Wallenstein T, et al. Learning 
shared neural manifolds from multi-subject fmri 
data. In: 2022 IEEE 32nd International Workshop on 
Machine Learning for Signal Processing (MLSP). ; 
2022:01-06. doi:10.1109/MLSP55214.2022.9943383 

12. Geenjaar E, Calhoun V. Mapping minds not 
averages: A scalable subject-specific manifold 
learning framework for neuroimaging data. arXiv 
preprint arXiv:250500196. Published online 2025. 

13. Fu Z, Batta I, Wu L, et al. Searching reproducible 
brain features using neuromark: Templates for 
different age populations and imaging modalities. 
Neuroimage. 2024;292:120617. 

14. Iraji A, Fu Z, Faghiri A, et al. Identifying 
canonical and replicable multi-scale intrinsic 
connectivity networks in 100k+ resting-state fMRI 
datasets. Hum Brain Mapp. 2023;44:5729-5748. 

15. Mejia AF, David B, Ryan YY, Jiongran W, S CBS, 
Nebel MB. Template independent component 
analysis with spatial priors for accurate subject-level 
brain network estimation and inference. Journal of 
Computational and Graphical Statistics. 
2023;32:413-433. doi:10.1080/
10618600.2022.2104289. PMID:37377728 

16. Yan W, Calhoun V, Song M, et al. Discriminating 
schizophrenia using recurrent neural network applied 
on time courses of multi-site fmri data. EBioMedicine. 
2019;47:543-552. doi:10.1016/j.ebiom.2019.08.023. 
PMID:31420302 

17. Bao J, Wen J, Chang C, et al. A genetically 
informed brain atlas for enhancing brain imaging 
genomics. Nat Commun. 2025;16:3524. 

18. Cox J, Liu P, Stolte SE, et al. Brainsegfounder: 
Towards 3d foundation models for neuroimage 
segmentation. Med Image Anal. 2024;97:103301. 

19. Lin Q, Liu J, Zheng Y, Liang H, Calhoun VD. 
Semiblind spatial ICA of fMRI using spatial 
constraints. Human Brain Mapping. 
2010;31:1076-1088. 

20. Rolls ET, Huang CC, Lin CP, Feng J, Joliot M. 
Automated anatomical labelling atlas 3. NeuroImage. 
2020;206:116189. 

21. Yeo BT, Krienen FM, Sepulcre J, et al. The 
organization of the human cerebral cortex estimated 
by intrinsic functional connectivity. J Neurophysiol. 
2011;106:1125-1165. 

Data-guided neuroimaging and visualization: From functional decomposition to dynamic fusion

Aperture Neuro 11

https://doi.org/10.1016/j.neuroimage.2013.04.002
https://doi.org/10.1016/j.neuroimage.2013.04.002
https://doi.org/10.3389/fnsys.2011.00002
https://doi.org/10.3389/fnsys.2011.00002
https://doi.org/10.52294/001c.123059
https://doi.org/10.1038/s41467-025-58176-9
https://doi.org/10.1038/s41597-023-02389-4
https://doi.org/10.1101/2024.04.12.589274
https://doi.org/10.1101/2024.04.12.589274
https://doi.org/10.1002/hbm.1048
https://doi.org/10.1002/hbm.1048
https://doi.org/10.1109/MLSP55214.2022.9943383
https://doi.org/10.1080/10618600.2022.2104289
https://doi.org/10.1080/10618600.2022.2104289
https://doi.org/10.1016/j.ebiom.2019.08.023


22. Glasser MF, Coalson TS, Robinson EC, et al. A 
multi-modal parcellation of human cerebral cortex. 
Nature. 2016;536:171-178. doi:10.1038/nature18933. 
PMID:27437579 

23. Lukemire J, Pagnoni G, Guo Y. Sparse bayesian 
modeling of hierarchical independent component 
analysis: Reliable estimation of individual differences 
in brain networks. Biometrics. 2023;79:3599-3611. 

24. Parellada M, Andreu-Bernabeu Á, Burdeus M, et 
al. In search of biomarkers to guide interventions in 
autism spectrum disorder: A systematic review. Am J 
Psychiatry. 2023;180:23-40. doi:10.1176/
appi.ajp.21100992. PMID:36475375 

25. Du Y, Fan Y. Group information guided ICA for 
fMRI data analysis. Neuroimage. 2013;69:157-197. 
doi:10.1016/j.neuroimage.2012.11.008 

26. Jensen KM, Turner JA, Calhoun VD, Iraji A. 
Addressing inconsistency in functional 
neuroimaging: A replicable data-driven multi-scale 
functional atlas for canonical brain networks. bioRxiv. 
Published online 2024:2024.2009.2009.612129. 

27. Wright SN, Anticevic A. Generative ai for 
precision neuroimaging biomarker development in 
psychiatry. Psychiatry Research. 2024;339:115955. 

28. Zhao Q, Nooner KB, Tapert SF, et al. The 
transition from homogeneous to heterogeneous 
machine learning in neuropsychiatric research. Biol 
Psychiatry Glob Open Sci. 2025;5:100397. 

29. Miranda L, Paul R, Pütz B, Koutsouleris N, Müller-
Myhsok B. Systematic review of functional MRI 
applications for psychiatric disease subtyping. Front 
Psychiatry. 2021;12:665536. 

30. Yan W, Pearlson GD, Fu Z, et al. A brainwide risk 
score for psychiatric disorder evaluated in a large 
adolescent population reveals increased divergence 
among higher-risk groups relative to control 
participants. Biol Psychiatry. 2024;95:699-708. 
doi:10.1016/j.biopsych.2023.09.017. PMID:37769983 

31. Velligan DI, Rao S. The epidemiology and global 
burden of schizophrenia. J Clin Psychiatry. 2023;84. 
doi:10.4088/JCP.MS21078COM5 

32. Tang H, Ma G, Zhang Y, et al. A comprehensive 
survey of complex brain network representation. 
Meta-Radiology. 2023;1:100046. 

33. Allen EA, Erhardt EB, Calhoun VD. Data 
visualization in the neurosciences: Overcoming the 
curse of dimensionality. Neuron. 2012;74:603-608. 
doi:10.1016/j.neuron.2012.05.001. PMID:22632718 

34. Yan W, Qu G, Hu W, et al. Deep learning in 
neuroimaging: Promises and challenges. IEEE Signal 
Processing Magazine. 2022;39:87-98. doi:10.1109/
MSP.2021.3128348 

35. Rahman MM, Calhoun VD, Plis SM. Looking 
deeper into interpretable deep learning in 
neuroimaging: A comprehensive survey. arXiv. 
Published online July 1, 2023. 

36. Munroe L, da Silva M, Heidari F, et al. 
Applications of interpretable deep learning in 
neuroimaging: A comprehensive review. Imaging 
Neuroscience. 2024;2:1-37. doi:10.1162/imag_a_00214 

37. Farahani FV, Fiok K, Lahijanian B, Karwowski W, 
Douglas PK. Explainable ai: A review of applications 
to neuroimaging data. Front Neurosci. 
2022;16:906290. 

38. Guo KH, Chaudhari NN, Jafar T, Chowdhury NF, 
Bogdan P, Irimia A. Anatomic interpretability in 
neuroimage deep learning: Saliency approaches for 
typical aging and traumatic brain injury. 
Neuroinformatics. 2024;22:591-606. doi:10.1007/
s12021-024-09694-2. PMID:39503843 

39. Brusilovsky P. Explanatory visualization in an 
educational programming environment: Connecting 
examples with general knowledge. In: Artificial 
Intelligence in Education. Springer; 1994:202-212. 
doi:10.1007/3-540-58648-2_38 

40. Victor B. Explorable explanations. 2011. https://
worrydream.com/ExplorableExplanations/ 

41. Batta I, Calhoun VD. Constrained source-based 
salience: Network-based visualization of deep 
learning neuroimaging models. In: IEEE BHI. ; 2024. 
doi:10.1109/BHI62660.2024.10913606 

42. Taylor PA, Reynolds RC, Calhoun V, et al. 
Highlight results, don’t hide them: Enhance 
interpretation, reduce biases and improve 
reproducibility. Neuroimage. 2023;274:120138. 

43. Bi Y, Abrol A, Fu Z, Chen J, Liu J, Calhoun V. 
Prediction of gender from longitudinal MRI data via 
deep learning on adolescent data reveals unique 
patterns associated with brain structure and change 
over a two-year period. J Neurosci Methods. 
2023;384:109744. doi:10.1016/
j.jneumeth.2022.109744 

44. Vo M, Abrol A, Fu Z, Calhoun VD. Multi-layer 
modeling and visualization of functional network 
connectivity shows high performance for 
classification of schizophrenia and cognitive 
performance via resting fMRI. BioMed in press, PMC 
Journal - in process. 

Data-guided neuroimaging and visualization: From functional decomposition to dynamic fusion

Aperture Neuro 12

https://doi.org/10.1038/nature18933
https://doi.org/10.1176/appi.ajp.21100992
https://doi.org/10.1176/appi.ajp.21100992
https://doi.org/10.1016/j.neuroimage.2012.11.008
https://doi.org/10.1016/j.biopsych.2023.09.017
https://doi.org/10.4088/JCP.MS21078COM5
https://doi.org/10.1016/j.neuron.2012.05.001
https://doi.org/10.1109/MSP.2021.3128348
https://doi.org/10.1109/MSP.2021.3128348
https://doi.org/10.1162/imag_a_00214
https://doi.org/10.1007/s12021-024-09694-2
https://doi.org/10.1007/s12021-024-09694-2
https://doi.org/10.1007/3-540-58648-2_38
https://worrydream.com/ExplorableExplanations/
https://worrydream.com/ExplorableExplanations/
https://doi.org/10.1109/BHI62660.2024.10913606
https://doi.org/10.1016/j.jneumeth.2022.109744
https://doi.org/10.1016/j.jneumeth.2022.109744


45. Wang Z, Irina G, Aleksandr A, Risk BB. Sparse 
independent component analysis with an application 
to cortical surface fMRI data in autism. Journal of the 
American Statistical Association. 2024;119:2508-2520. 

46. Wu B, Pal S, Kang J, Guo Y. Distributional 
independent component analysis for diverse 
neuroimaging modalities. Biometrics. 
2022;78:1092-1105. 

47. Durieux J, Rombouts S, Koini M, Gonzalez JC, 
Wilderjans T. Clusterwise independent component 
analysis (c-ICA): An r package for clustering subjects 
based on ICA patterns underlying three-way (brain) 
data. Neurocomputing. 2024;606:128396. 

48. Calhoun VD, Adali T, Pearlson GD, Pekar JJ. 
Spatial and temporal independent component 
analysis of functional MRI data containing a pair of 
task-related waveforms. Hum Brain Mapp. 
2001;13:43-53. doi:10.1002/hbm.1024. 
PMID:11284046 

49. Glasser MF, Sotiropoulos SN, Wilson JA, et al. The 
minimal preprocessing pipelines for the human 
connectome project. Neuroimage. 2013;80:105-124. 
doi:10.1016/j.neuroimage.2013.04.127. 
PMID:23668970 

50. Iraji A, Chen J, Faghiri A, et al. Capturing spatial 
dynamics using time-resolved referenced-informed 
network estimation techniques. In: 2023 IEEE 20th 
International Symposium on Biomedical Imaging (ISBI). 
; 2023:1-4. doi:10.1109/ISBI53787.2023.10230735 

51. Calhoun VD, Adali T, Pearlson GD, Kiehl KA. 
Neuronal chronometry of target detection: Fusion of 
hemodynamic and event-related potential data. 
Neuroimage. 2006;30:544-553. doi:10.1016/
j.neuroimage.2005.08.060 

52. Ajith M, Calhoun V. Conditional denoising 
diffusion probabilistic models with attention for 
subject-specific brain network synthesis. bioRxiv. 
2025;2025.2001.2006.631503. 

53. Van De Ville D, Liégeois R. Dynamic functional 
connectivity to tile the spatiotemporal mosaic of 
brain states. Imaging Neuroscience. 2024;2:1-5. 
doi:10.1162/imag_a_00364 

54. Morante M, Frølich K. Multiscale functional 
connectivity: Exploring the brain functional 
connectivity at different timescales. arXiv preprint 
arXiv:240619041. Published online 2024. 

55. Choi J, Lee H, Kim BH, Lee J. Joint-embedding 
masked autoencoder for self-supervised learning of 
dynamic functional connectivity from the human 
brain. arXiv preprint arXiv:240306432. Published 
online 2024. 

56. Pini L, Brusini L, Griffa A, et al. Functional 
dynamic network connectivity differentiates 
biological patterns in the alzheimer’s disease 
continuum. Neurobiol Dis. 2025;208:106866. 

57. Kuang LD, Li HQ, Zhang J, Gui Y, Zhang J. 
Dynamic functional network connectivity analysis in 
schizophrenia based on a spatiotemporal cpd 
framework. J Neural Eng. 2024;21. doi:10.1088/
1741-2552/ad27ee 

58. Raut RV, Rosenthal ZP, Wang X, et al. Arousal as a 
universal embedding for spatiotemporal brain 
dynamics. bioRxiv. Published online 
2025:2023.2011.2006.565918. 

59. Lurie DJ, Kessler D, Bassett DS, et al. Questions 
and controversies in the study of time-varying 
functional connectivity in resting fMRI. Netw 
Neurosci. 2020;4:30-69. doi:10.1162/netn_a_00116. 
PMID:32043043 

60. Zuo XN, Ehmke R, Mennes M, et al. Network 
centrality in the human functional connectome. 
Cereb Cortex. 2012;22:1862-1875. 

61. Sakoglu U, Pearlson GD, Kiehl KA, Wang YM, 
Michael AM, Calhoun VD. A method for evaluating 
dynamic functional network connectivity and task-
modulation: Application to schizophrenia. MAGMA. 
2010;23:351-366. doi:10.1007/s10334-010-0197-8. 
PMID:20162320 

62. Miller RL, Yaesoubi M, Turner JA, et al. Higher 
dimensional meta-state analysis reveals reduced 
resting fMRI connectivity dynamism in schizophrenia 
patients. PLoS One. 2016;11:1-24. doi:10.1371/
journal.pone.0149849. PMID:26981625 

63. Meyer-Baese L, Anumba N, Bolt T, et al. Variation 
in the distribution of large-scale spatiotemporal 
patterns of activity across brain states. Front Syst 
Neurosci. 2024;18:1425491. 

64. Bostami B, Lewis N, Agcaoglu O, et al. Time-
varying spatial propagation of brain networks in fMRI 
data. Human Brain Mapping. 

65. Iraji A, Faghiri A, Miller R, Adali T, Calhoun VD. 
Spatial dynamic propagation in resting fMRI data. In: 
OHBM. ; 2021. 

66. Iraji A, Chen J, Lewis N, et al. Spatial dynamic 
subspaces encode sex-specific schizophrenia 
disruptions in transient network overlap and their 
links to genetic risk. Biological Psychiatry. 
2024;96:188-197. doi:10.1016/j.biopsych.2023.12.002. 
PMID:38070846 

Data-guided neuroimaging and visualization: From functional decomposition to dynamic fusion

Aperture Neuro 13

https://doi.org/10.1002/hbm.1024
https://doi.org/10.1016/j.neuroimage.2013.04.127
https://doi.org/10.1109/ISBI53787.2023.10230735
https://doi.org/10.1016/j.neuroimage.2005.08.060
https://doi.org/10.1016/j.neuroimage.2005.08.060
https://doi.org/10.1162/imag_a_00364
https://doi.org/10.1088/1741-2552/ad27ee
https://doi.org/10.1088/1741-2552/ad27ee
https://doi.org/10.1162/netn_a_00116
https://doi.org/10.1007/s10334-010-0197-8
https://doi.org/10.1371/journal.pone.0149849
https://doi.org/10.1371/journal.pone.0149849
https://doi.org/10.1016/j.biopsych.2023.12.002


67. Venkadesh S, Van Horn JD. Integrative models of 
brain structure and dynamics: Concepts, challenges, 
and methods. Front Neurosci. 2021;15:752332. 

68. Pang JC, Aquino KM, Oldehinkel M, et al. 
Geometric constraints on human brain function. 
Nature. 2023;618:566-574. doi:10.1038/
s41586-023-06098-1. PMID:37258669 

69. Cao B, Xia Y, Ding Y, Zhang C, Hu Q. Predictive 
dynamic fusion. arXiv preprint arXiv:240604802. 
Published online 2024. 

70. Liu L, Luo Q, Zhang W, Zhang M, Zhai B. 
Multimodal emotion recognition method in complex 
dynamic scenes. Journal of Information and 
Intelligence. Published online March 24, 2025. 
doi:10.1016/j.jiixd.2025.02.004 

71. Duda M, Calhoun VD. Dynamic fusion of 
multimodal MRI data captures flexible, time-
sensitive structure-function linkages in the brain. In: 
ISBI. ; 2024. doi:10.1109/ISBI56570.2024.10635669 

72. Duda M, Chen J, Belger A, et al. Functionally 
adaptive structural basis sets of the brain: A dynamic 
fusion approach. bioRxiv. Published online 
2024:2024.2006.2018.599621. 

73. Chen J, Iraji A, Fu Z, et al. Dynamic fusion of 
genomics and functional network connectivity in UK 
biobank reveals static and time-varying SNP 
manifolds. medRxiv. Published online 
2024:2024.2001.2009.24301013. 

74. Wu L, Duda M, Iraji A, Calhoun VD. Dynamic 
fusion: Merging structural and functional 
connectivity dynamics via joint cmica. In: IEEE ISBI. ; 
2025. doi:10.1101/2025.05.15.653851 

75. Bi Y, Abrol A, Jia S, Sui J, Calhoun VD. Gray 
matters: Vit-gan framework for identifying 
schizophrenia biomarkers linking structural MRI and 
functional connectivity. NeuroImage. Published 
online June 7, 2024:120674. 

76. Bi Y, Abrol A, Fu Z, Calhoun VD. A multimodal 
vision transformer for interpretable fusion of 
functional and structural neuroimaging data. Hum 
Brain Mapp. 

Data-guided neuroimaging and visualization: From functional decomposition to dynamic fusion

Aperture Neuro 14

https://doi.org/10.1038/s41586-023-06098-1
https://doi.org/10.1038/s41586-023-06098-1
https://doi.org/10.1016/j.jiixd.2025.02.004
https://doi.org/10.1109/ISBI56570.2024.10635669
https://doi.org/10.1101/2025.05.15.653851

	Data-guided neuroimaging and visualization: From functional decomposition to dynamic fusion
	Introduction
	Functional decomposition framework
	Hybrid models for functional decomposition
	Expressive visualization of neuroimaging data
	Independence as a useful tool for studying neuroimaging data
	Dynamic connectivity: Continuously evolving space, connectivity, and states
	Symmetric and dynamic multimodal fusion
	Conclusion
	Acknowledgements
	Funding Sources
	Conflicts of Interest

	References


