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Abstract 

For decades, psychiatric neuroimaging has searched for biomarkers of depression and other 

disorders, but they remain elusive in clinical practice. While the last five years have seen rapid 

progress, other large-scale correlative studies have found only small, unreliable links between 

brain measures and clinical symptoms. Growing evidence suggests that such limitations are not 

just about sample size but depend critically on how models represent data. This review traces a 

recent shift away from univariate methods to multivariate/multiview approaches that learn more 

effective representations of biological and symptom measures by flexibly learning multimodal 

latent representations. We first review how linear multiview embedding methods have revealed 

reproducible biological depression subtypes, but do not perform well in small samples or samples 

enriched for mild symptoms. We then consider newer work exploring more sophisticated 

representations for neuroimaging data, including deep-learning and graph-based representations, 

and multimodal extensions that uncover complex latent patterns that single-modality studies miss. 

We then review recent developments in “foundation” models which, once trained on large corpora, 

can “transfer learn” readily to small clinical cohorts, potentially bringing the advantages of large-

scale learning to small, privacy-limited data. Finally, we highlight emerging representation tools 

that treat the brain as a dynamic, stateful multivariate process. Taken together, these advances 

point to a future in which the value of neuroimaging will be determined not just by ever-larger 

sample sizes but also by data quality and by how well our algorithms capture the distributed, 

multimodal, and evolving nature of psychiatric disorders. 
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Linking psychiatric symptoms and behaviors to their underlying neurobiological mechanisms, and 

ultimately discovering biomarkers for diagnosis and treatment, is a primary goal of psychiatric 

neuroscience. Despite rapid progress in the past decade, clinically useful biomarkers remain 

elusive for two related reasons: psychiatric diagnoses are heterogeneous, complicating efforts to 

model them as unitary conditions; and univariate effect sizes in psychiatric neuroimaging are 

typically small and difficult to replicate. 

These challenges are especially apparent in depression, a primary focus of this review. Major 

depressive disorder (MDD) is not a unitary disease but a clinical label for a constellation of 

symptoms that can combine in >200 distinct ways under current diagnostic criteria. Distinct 

mechanisms underlie divergent presentations, and conversely, different mechanistic pathways 

can yield superficially similar symptom profiles. The same pathophysiological mechanism may 

also manifest differently across individuals, shaped by environmental factors, neurodevelopment, 

and other moderators.  

We view this heterogeneity not only as a challenge but also as a scientific opportunity. Parsing 

individual differences in symptoms, neurobiology, and treatment response has the potential to 

sharpen effect sizes and reveal mechanistically distinct subtypes. Rather than seeking one-size-

fits-all models, this approach aims to define biologically coherent subgroups and brain-behavior 

dimensions that explain individual differences, and ultimately support mechanistic, personalized 

treatments and improved outcomes. 

Perhaps unsurprisingly given their heterogeneity, large-scale, multi-site psychiatric neuroimaging 

studies often report small effect sizes. Analyses relying on mass-univariate statistics may return 

small correlations (|r|~=0.05-0.1) that may not replicate unless sample sizes are >1,000 (1). It has 

thus been suggested that analyses of large-scale consortia datasets may, in a rough statistical 

sense, resemble genome-wide association studies in that univariate effect sizes are small and 

require many observations to reproduce (1). This facet of large cross-sectional correlations relates 

to broader challenges in neuroimaging research, limitations of reverse inference, and severe 

multiple comparisons burdens that may not capture the distributed nature of brain function. 

Importantly, small univariate correlations may not signal any analytic failure but instead reflect 

how psychiatrically relevant patterns are represented in brain-wide neuroimaging data. 

Distributed network dysconnectivity models posit that symptoms emerge from subtle, spatially 

dispersed, multi-locus connectivity perturbations that only become behaviorally salient in 

aggregate (2–4). Looking across time, "state space models" (5,6) conceptualize mental illness as 

deviations from healthy dynamic trajectories observed in high-dimensional measurements but 

generated by underlying stateful brain-based manifolds (7,8). Such state shifts may leave only 

faint shadows in any one region-of-interest contrast when averaged together (2,9,10), and 

transient effects may be averaged away across time and dominated by static functional 

connectivity alterations (10–12). Finally, study inclusion criteria are critical: broad categories such 

as “psychopathology,” mixtures of diagnoses, or samples including mild, severe, and fully remitted 

patients can mask effects (13).  
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Large-scale reproducibility studies (1,14) and work in affective and neuro-developmental 

disorders (15–19) show that multiview models can recover stronger, more stable links by learning 

shared latent factors that span complex constellations of brain regions and symptoms. Flexibly 

learning such latent factors, rather than hand-picking features one at a time, is the essence of 

representation learning (20), which seeks latent embeddings in which meaningful structures 

emerge (Suppl. Box 1). Dynamic representation learning variants learn which latent network 

states a patient’s brain occupies at a given time and how it transitions between them. Other 

approaches have begun to identify rapid spatiotemporal changes that may not be detectable in 

traditional static analyses (8,10,12,21). These methods move us toward estimating not only 

“where” but also “when” aberrant processes emerge, laying groundwork for personalized, time-

sensitive interventions. In practice, such interventions will require intensively sampled longitudinal 

datasets that link repeated symptom and context measures with periodic neuroimaging and/or 

electrophysiology. Finally, psychiatric models must capture overlapping syndromes and marked 

person-to-person variability to uncover robust, clinically meaningful subtypes and individual 

deviations that group-average contrasts miss. 

To illustrate these principles, we begin with a focused review of data-driven approaches to parsing 

heterogeneity in depression, starting with linear multiview embeddings. We then review how 

nonlinear multimodal methods and related approaches discover robust multimodal and dynamic 

representations, fusing diverse data types and modeling longitudinal trajectories in 

heterogeneous populations. Throughout, we emphasize the complementary strengths and 

limitations of multiview modeling in large (often multi-site) datasets and in smaller, densely 

sampled cohorts. Although we emphasize depression as a compelling case study, we also draw 

on work like that in schizophrenia and autism that has benefited from large public datasets. The 

core principles, however, should apply broadly across psychiatric domains.  

Recent Progress in Linear Multiview Modeling of Neurobiological Heterogeneity 

In this section we explain how linear models can link patterns of brain connectivity with symptom 

profiles to parse heterogeneity, using depression as a case study. We first describe approaches 

that cluster patients into data-driven subgroups, then approaches that place individuals along 

continuous symptom-brain dimensions, and finally hybrid methods that combine both ideas. The 

key point is that instead of looking at one region or one symptom at a time, multiview methods 

learn shared patterns across whole-brain connectivity and clinical measures, yielding subtypes 

and dimensions based on covariance structures that often relate to treatment response. 

Importantly, by isolating shared covariation (e.g., between clinical symptoms and brain 

connectivity), multiview methods can surface disease-relevant signal that would otherwise be 

obscured by the larger marginal variance within each data type alone. 

Three general strategies have gained traction for building models for parsing heterogeneity in 

depression using neuroimaging and other biological measures: categorical, dimensional, and 

hybrid approaches. Categorical models carve the population into discrete subgroups and then 

assess whether these clusters differ meaningfully in symptoms or clinical outcomes. This 

approach may be intuitively appealing for some clinicians, by offering labels that align with 

traditional diagnostic heuristics, which are typically categorical, not dimensional. In an early and 
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influential example of this approach, Price and colleagues used data-driven clustering of resting-

state fMRI connectivity measures to define two subtypes of depression (22,23) with distinct 

symptom profiles and connectivity patterns involving the default mode network, ventral affective 

network, and cognitive control network. Interestingly, one subgroup was associated with reduced 

default mode network connectivity while the second was associated with increased connectivity 

in ventral affective areas. This pattern of an optimal two-cluster subtyping solution involving one 

cluster with predominantly hyperconnectivity and another with predominantly hypoconnectivity 

has also been observed in other studies (24–26).  

In contrast, dimensional approaches eschew discrete boundaries, modeling variation 

continuously across individuals (17,18,27,28) by identifying brain-behavior axes that explain 

individual differences in symptoms. This strategy is particularly well suited to capturing the graded 

nature of psychiatric phenomena and aligns with frameworks like the Research Domain Criteria 

(RDoC) and the hierarchical taxonomy of psychopathology (HiTOP) models (29,30). For example, 

Xia and colleagues identified four brain-behavior dimensions explaining individual differences in 

mood-, psychosis-, fear-, and externalizing-related symptoms using sparse canonical correlation 

analysis (CCA; a linear multiview embedding) in a large transdiagnostic youth sample (17). More 

recently, a similar approach in a larger sample of >1,000 adults with MDD, alcohol use disorder, 

eating disorders, or no psychiatric diagnosis identified six generalizable brain-behavior 

dimensions associated with depressed mood, impulsivity, emotion dysregulation, stress, 

disordered eating, and social avoidance (18). 

Finally, hybrid approaches combine these strengths by first modeling continuous associations 

between brain function and clinical symptoms and then clustering individuals based on their 

dimension scores (15,19,31,32), or jointly modeling dimensions and clusters (33). An advantage 

of this approach is that it allows for mechanistic interpretation of subtypes while preserving the 

dimensional richness of the underlying data (limitations are discussed below). In our prior work, 

CCA identified two brain-behavior dimensions explaining individual differences in anhedonia or 

anxiety and insomnia, respectively (15). Hierarchical clustering revealed four subtypes in this two-

dimensional latent space, which were associated with distinct clinical symptom profiles (e.g. 

higher or lower levels of anhedonia or anxiety) and varying responses to repetitive transcranial 

magnetic stimulation (rTMS)—a key step toward clinically actionable subtyping models.  

We went on to show that generalization could be improved by incorporating regularization and a 

stabilized bootstrapped feature selection procedure (13), and later work replicated key findings in 

a larger sample with deeper clinical phenotyping (31) (Fig. 1A-F). Leveraging a richer dataset, 

the latter work identified three brain-behavior dimensions: one explaining individual differences in 

anhedonia as in (15) while the second and third tracked with anxiety and insomnia, respectively, 

features that were previously fused into a single construct in (15). These studies, in turn, gave 

rise to a large-scale, multi-site randomized controlled trial (NCT 04041479) that is currently testing 

their practical utility for improving antidepressant outcomes. Similarly, pioneering work from Dr. 

Leanne Williams and colleagues has shown how hybrid modeling that incorporates resting state 

and task-evoked fMRI signals can capture new forms of complexity (19,34). In one such example 

(19), hierarchical clustering on 41 dimensional circuit scores in six depression-related networks 

Jo
urn

al 
Pre-

pro
of

https://paperpile.com/c/639E2c/3mKzh+CCtgM
https://paperpile.com/c/639E2c/Skyw7+g3YNf+Bt7qZ
https://paperpile.com/c/639E2c/kkJhx+zgjCY+dooUZ+0xjwd
https://paperpile.com/c/639E2c/q7Gaq+oC4tk
https://paperpile.com/c/639E2c/kkJhx
https://paperpile.com/c/639E2c/dooUZ
https://paperpile.com/c/639E2c/CnOQZ+lve43+1pqYi+gPV9T
https://paperpile.com/c/639E2c/UiQM2
https://paperpile.com/c/639E2c/lve43
https://paperpile.com/c/639E2c/Gh247
https://paperpile.com/c/639E2c/1pqYi
https://paperpile.com/c/639E2c/lve43
https://paperpile.com/c/639E2c/lve43
https://paperpile.com/c/639E2c/CnOQZ+IsaCW
https://paperpile.com/c/639E2c/CnOQZ


6 
 

identified six categorical biotypes of depression and anxiety that predicted differential responses 

to treatments such as venlafaxine and psychotherapy. 

Together, these strategies are already yielding replicable subtype solutions that predict outcomes 

in depression. At the same time, this work has revealed several challenges. First, when applied 

to high-dimensional neuroimaging data, CCA and related approaches classically “overfit” and do 

not perform well with small samples and/or very small univariate correlations (Fig. 1G-H) 

(1,13,14). Second, effect sizes for canonical correlations will be influenced by factors including 

fMRI data quality, the reliability of clinical symptom scores, fMRI artifacts, and sample 

heterogeneity. Interestingly, we have consistently observed that effect sizes are smaller in 

samples enriched for participants with mild or absent symptoms (Fig. 1I). For early-intervention 

and youth cohorts, this implies that brain-symptom effect sizes could be modest if we rely solely 

on cross-sectional symptom scores. One way forward is to augment these designs with additional, 

more trait-like “views” of risk (e.g. genetics, early-life adversity, sleep, reward-behavior), which 

can provide complementary signal even when current symptoms are mild. Third, scanner effects 

are often much larger than clinically relevant effects. This is a major problem for multi-site 

datasets, especially when the samples from a given site are not carefully matched with respect to 

clinical symptoms. In such cases, removing scanner effects will also remove or degrade signals 

linking fMRI measures and clinical data. These challenges notwithstanding, a host of studies have 

now shown that with careful attention to data quality, preprocessing, sample heterogeneity, and 

model training, it is possible to generate robust and reproducible multivariate models linking fMRI 

data and clinical symptoms (13–19,31). 

Promising new cluster-aware matrix factorization methods like P3CA (33) extend this virtue of 

interpretability while sidestepping two long-standing pain points: (i) the need to first embed and 

then cluster in a two-stage procedure (where the embedding knows nothing about the clustering 

and vice versa) and (ii) the brittle scaling of CCA and clustering to tens of thousands of network 

edges and many observations. By jointly discovering patient clusters and the latent cross-modal 

canonical axes that best separate them, such methods preserve the interpretability clinicians 

value, while providing a distributed and clustered representation. New work, reviewed in detail 

below, extends this work further in modeling brain-behavior associations in depression and other 

highly heterogeneous psychiatric conditions.  

Cross-sectional Multiview Mapping  

A first wave of multiview work in psychiatry extended simple linear CCA-style models to cope with 

higher dimensionality and more complex brain-symptom relationships. Rather than hand-picking 

a few regions or scales, these approaches learn sparse and/or low-dimensional latent factors that 

summarize distributed connectivity-symptom constellations. Here we give a brief conceptual 

overview; methodological details and specific examples are provided in Suppl. Note 1. 

Sparse and structured-sparse linear multiview methods use penalties such as Lasso, Elastic-Net, 

or GraphNet to prune weak connections, yielding compact loading maps that improve 

interpretability and generalizability. These approaches have identified a small number of brain-

symptom dimensions in disorders such as depression and schizophrenia, mapping onto clinically 
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familiar constructs (e.g., anhedonia, anxiety) traceable to specific networks (35–37). Kernel CCA 

and multiple-kernel learning relax linearity by mapping each modality into a higher-dimensional 

feature space before learning shared latent axes. In affective and psychosis-risk cohorts, such 

models can distinguish diagnostic groups, separate bipolar from unipolar depression, and predict 

psychosis conversion better than unimodal or purely linear baselines, albeit with heavier 

hyperparameter tuning and a greater risk of overfitting (36–39). 

Deep multiview extensions, including deep CCA and related autoencoder architectures, push this 

logic further by letting deep neural networks learn nonlinear transformations before maximizing 

cross-modal correlation. These models can recover highly correlated shared embeddings and 

improve classification or scale harmonization compared with linear CCA, while beginning to reveal 

distributed “imaging-genetic connectomes” (40–42). However, they are data-hungry, sensitive to 

optimization choices, and more challenging to interpret than sparse linear models. 

Complementary manifold-learning tools such as diffusion maps, t-SNE, UMAP, and Temporal-

PHATE provide exploratory low-dimensional visualizations of high-dimensional fMRI trajectories, 

making latent structure and state transitions easier to see, but are best treated as hypothesis-

generating lenses rather than inferential models (43). 

Taken together, these cross-sectional multiview methods show that relatively modest extensions 

of classical linear models can recover stronger brain-behavior links while preserving varying 

degrees of interpretability.  

Multimodal Representation Learning and Emerging Models for Psychiatry 

Here we focus on models that learn latent representations directly from data, including multimodal 

deep networks, graph neural networks, and emerging “foundation” models trained on thousands 

of scans. Our goal is to give an intuitive account of why concepts such as self-supervised and 

contrastive learning, or tokenization of brain signals matter for psychiatry (because they can 

improve generalization, enable transfer learning to small local data, and may reduce sample-size 

requirements). For more details, see Suppl. Note 2.  

The Need for Nonlinear and Heterogeneous Data Integration. Linear multivariate pipelines 

that rely on hand-engineered feature sets plus classic regularization can still deliver strong brain-

behavior links when inclusion criteria are narrow. For example, ridge-regularized CCA with feature 

selection applied to fronto-limbic connectivity edges in depressed patients captures depressive-

symptom variance with fully held-out correlations of r~0.62 in single-site MDD cohorts (31) (Fig. 

2). Transdiagnostic, population-scale, multi-site datasets expose the limits of this strategy: when 

the full resting-state FC matrix is retained and only ridge penalties are tuned across a large 

population, normative-youth correlations hover near r~0.30 (44) but fall toward ~0.20 when 

developmental heterogeneity is fully included (14). Thus, linear model performance may erode as 

phenotypic diversity widens (13). 

At the same time, the range of available measurement modalities keeps expanding. Structural 

MRI, functional MRI, DTI, EEG, genetics, clinical assessments, and digital phenotypes are now 

routinely collected in large datasets, often spanning multiple time scales and sites. Emerging deep 

Jo
urn

al 
Pre-

pro
of

https://paperpile.com/c/639E2c/hdH3o+g63Em+a8rUF
https://paperpile.com/c/639E2c/g63Em+a8rUF+aHddg+xKBcw
https://paperpile.com/c/639E2c/5LGDd+DYJsB+8za9Y
https://paperpile.com/c/639E2c/rOpiT
https://paperpile.com/c/639E2c/1pqYi
https://paperpile.com/c/639E2c/OSLyu
https://paperpile.com/c/639E2c/zgUo6
https://paperpile.com/c/639E2c/Gh247


8 
 

learning methods are well suited for discovering complex, nonlinear relationships across such 

heterogeneous data, and can accommodate missing data by leveraging multiple “views” of the 

underlying latent processes. Interestingly, theory from nonlinear independent component analysis 

and multi-view representation learning have begun to show that access to multiple, conditionally 

independent “views” or auxiliary variables can render latent factors identifiable up to simple 

component-wise transformations (45). In principle, multimodal psychiatric datasets (e.g., 

fMRI+EEG+clinical scales) provide such rich auxiliary information, making it more plausible that 

deep multimodal models could recover stable and meaningful underlying latent processes rather 

than more arbitrary encodings. 

High-Dimensional Geometry and Self-Supervision. In high-dimensional settings typical of 

brain data, distances between points tend to become indistinguishable, a “distance-concentration” 

effect that makes them less informative and can mislead classification or clustering (46,47). This 

is a manifestation of the infamous "curse of dimensionality" (48) and contributes to the fragility of 

univariate association and high-dimensional clustering studies. Classical pipelines combat these 

issues with explicit regularization (Ridge, Lasso, GraphNet) to constrain solutions and improve 

generalization. 

By contrast, contemporary multimodal deep neural networks (DNNs) often use parameter counts 

that dwarf sample sizes, placing them in an "over-parameterized" regime (49). Counter-intuitively, 

once the model becomes flexible enough to interpolate the training data, test error can decrease 

as model size grows (a phenomenon called “double descent”), in part because over-

parameterized models can still generalize when they converge to low-complexity solutions 

(50,51). A key enabler of such models is self-supervised pre-training, which allows them to learn 

structured representations from unlabeled data before any clinical labels are introduced. 

Self-supervised methods for fMRI have begun to show efficacy (52), and contrastive learning 

methods (a subset of self-supervised techniques that maximize agreement between augmented 

views of the same data sample while minimizing agreement with other data samples) have shown 

particular promise in neuroimaging (53) and broader neuroscience (54) applications. Such 

approaches leverage large unlabeled datasets for representation learning and can improve 

downstream task performance with limited labeled data. However, while learned manifolds act as 

priors that reduce the number of cases needed to reach a target effect size, they also make 

pipelines sensitive to scanner harmonization, motion artifact, and label noise, which can degrade 

generalization (55,56). Consequently, state-of-the-art studies pair over-parameterized models 

with aggressive quality-control and sample-reweighting strategies (57,58). 

Multimodal Fusion. Deep neural networks promise to advance multimodal integration in 

psychiatric neuroimaging by learning hierarchical representations that capture cross-modal 

interactions at multiple levels of abstraction. Early fusion approaches concatenate features from 

different modalities before processing, whereas late fusion combines modality-specific predictions 

after fitting separate encoders (59–61). For example, in psychosis-risk cohorts, multimodal 

machine-learning pipelines that fuse multiple neuroimaging modalities and integrate clinical, 

cognitive, and genetic information improve prediction of conversion compared with single-

modality models (38,62,63). Fully deep multimodal fusion architectures that jointly embed resting-
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state functional connectivity, structural MRI, and clinical features using intermediate strategies 

are also emerging in affective disorders (64,65). Within these architectures, attention mechanisms 

and other learned weighting schemes can highlight which combinations of connectivity patterns 

and clinical features contribute most strongly to predictions, offering candidate features for further 

mechanistic investigation (although we must remain interpretively cautious for complex 

architectures) (64,65). 

Graph Neural Networks: “Connectome-Native” Representation Learning. Graph neural 

networks occupy a sweet spot between classical graph-theoretic metrics and fully connected deep 

nets, as their message-passing layers treat the connectome itself as the "coordinate system". 

This connectome-native inductive bias should be an improvement for representation learning on 

brain networks and can capture network similarity more faithfully (66,67). Compared with earlier 

pipelines, modern graph neural networks (GNNs) ingest heterogeneous node attributes (e.g., 

cortical thickness, gene-expression gradients) and model edge dynamics, making them well-

suited for multimodal fusion (68). Applications to psychiatric and related brain-disorder datasets 

include temporal-adaptive graph convolutional networks for major depressive disorder, atlas-

constrained graph-attention networks for autism, dynamic graph convolutional frameworks for 

ADHD, and local-to-global graph neural networks for ASD and Alzheimer’s disease (69–71). 

GNNs with “learnable neighborhood quantization” further extend the successful inductive bias or 

convolutional neural network (CNN) architectures to irregular graphs like cortical or EEG scalp 

meshes (72). At the same time, the expressive power that allows GNNs to capture subtle patterns 

can also promote overfitting, especially when scanners, parcellations, or demographic strata shift 

(1,14,73). Attention weights, gradient-based saliency maps, and related attribution scores remain 

post-hoc proxies for interpretability; systematic reviews highlight that edge-importance rankings 

and putative “biomarker” subnetworks are often unstable across perturbations, datasets or 

training runs (73). Looking ahead, methods that relax the need for a single fixed atlas (for 

example, by supporting multi-resolution or atlas-free representations) could improve cross-site 

generalization, though they will still depend on well-characterized input graphs. 

Foundation Models and Large-Scale Representation Learning. “Foundation Models” (FMs) 

are large, overparameterized neural networks pre-trained on broad datasets and then lightly 

adapted (“fine-tuned”) to specific downstream tasks. In neuroimaging, FMs trained on fMRI, 

connectomes, and EEG/iEEG use self-supervised objectives such as masked-volume prediction 

and cross-modal contrastive losses to reshape the raw, “distance-concentrated” signal space into 

lower-dimensional manifolds where distances are more likely to track biology rather than noise 

(52,54,74,75). Unimodal fMRI FMs, cross-connectome models, and multimodal or brain-

text/vision FMs support downstream prediction of age, symptoms, diagnosis, and treatment 

response (76,77) (Fig. 2). A prerequisite for applying transformer-style architectures to brain data 

is tokenization: converting continuous neural signals into discrete input units. Current approaches 

tokenize fMRI volumes as spatial parcels, temporal windows, spatiotemporal patches, or learned 

discrete codes, and this choice directly shapes what patterns the model can capture. It also 

determines the "effective token" counts used in scaling comparisons such as Fig. 3, making cross-

modality comparisons necessarily approximate. With that caveat in mind, in Fig. 3 parameter-

token space, the largest brain foundation models currently sit approximately between BERT 

(2018) and GPT-2, farther from more modern text foundation models. They also cluster in the 
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lower-left region of the plot, lying well above the text-LLM optimality frontier (78,79) indicating that, 

for a given parameter count, they are typically trained on far fewer effective tokens than current 

language models (see Supplementary Note 3 for further details and caveats). Together, these 

patterns suggest that brain foundation models are still in an early, under-trained/data-starved 

“BERT/GPT-2 era”, implying that major gains in psychiatric prediction and clinical utility may be 

on the horizon. Still, many brain foundation model results cited here are preprints, so reported 

gains should be interpreted with appropriate reservations pending peer review and independent 

replication.  

Longitudinal, Dynamic, and Causal Representation Learning 

Thus far we have focused on static, cross-sectional “snapshot views” of the brain. Here we briefly 

review longitudinal models and those that track how brain networks change over time and how 

those changes relate to symptoms, cognition, and treatment.  

Precision Functional Mapping and Serial Imaging. Precision functional mapping (PFM) has 

shifted our understanding of individual brain organization through dense, within-person sampling. 

By recovering individualized network architectures, PFM also provides personalized coordinate 

systems that can serve as inputs for downstream multimodal representation learning. Early work 

(80,81) collected many hours of resting-state fMRI from single individuals, revealing highly 

reliable, idiosyncratic network architectures, and (82) showed these “connectome fingerprints” 

enable individual identification with >90% accuracy. More recent studies have made PFM more 

clinically feasible: (83) demonstrated that multi-echo acquisition can recover reliable individual 

network maps from tens of minutes rather than many hours of scanning, and (84) showed that 

these individual-specific networks are stable across years in depression cohorts, identifying a 

nearly twofold expansion of frontostriatal salience networks as a trait-like marker, largely 

unaffected by mood or neuromodulation and detectable in children before symptom onset. 

Stateful Dynamic Models. Dynamic models extend representation learning from static 

snapshots to temporal sequences, learning when and how brain states shift (11). Hidden Markov 

models reveal transient brain states invisible to static analyses, with (12) demonstrating 

hierarchically organized temporal dynamics across rest and task states, and (10) identifying fast 

transient networks in spontaneous activity that static connectivity measures miss. These discrete 

state-space models have proven useful in cognitive and clinical neuroscience: (85) uncovered 

hidden brain state dynamics that regulate cognitive performance and decision-making, linking 

transitions between states to behavioral variability. K-means clustering has likewise been used to 

define discrete connectivity states for Network Control Theory analyses; for example, Singleton 

et al. (86) clustered dynamic connectivity patterns when relating LSD and psilocybin to changes 

in the brain’s control energy landscape. Ajirak et al. (8) introduced discrete representation learning 

for multivariate fMRI time series, discretizing continuous connectivity dynamics into switching 

“states” and bridging classical state-space modeling with interpretable representation learning. 

Transformer-based and new related state space models are now beginning to reshape 

spatiotemporal neuroimaging analysis. For example, Kim et al. (21) introduced SwiFT, a 

transformer that applies 4D attention across space and time (and over local windows in 
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feature/frequency dimensions), significantly outperforming recurrent neural network baselines 

when predicting age and cognitive scores from fMRI. Similarly, (87) developed BolT (fused 

window transformers), showing that transformer architectures can capture long-range temporal 

dependencies in fMRI time series. For psychiatric applications, such attention mechanisms 

provide a flexible way to learn which patterns of regional activity, connectivity, and (for 

electrophysiological data) frequency bands are most predictive of behavioral or symptom 

trajectories, patterns often averaged out in traditional static analyses. 

Emerging Methods: From Causal Inference to Adaptive Interventions and Federated 

Learning. Recent advances in causal representation learning provide formal frameworks for 

disentangling latent variables and reasoning about how interventions might affect neural 

representations (88), though applications to psychiatry remain largely theoretical. Related 

emerging concepts such as "Digital Twins" (personalized computational models that could 

simulate individual treatment responses) will likely depend on multimodal representation learning 

as a statistical substrate but remain conceptual in psychiatry, which lacks the explicit physical 

models that make Digital Twins tractable in engineering (89). Dynamic causal modeling (6) and 

network control theory (86) offer complementary perspectives on individual brain dynamics but 

are still in the process of translation to clinical practice.  

A promising multimodal direction is integration of these methods with digital phenotyping and 

ecological momentary assessment (EMA). By aligning intensive longitudinal mood and behavior 

measurements (often collected via smartphones or wearables) with neuroimaging and other 

biomarkers, researchers can build dynamic models of symptom trajectories (90). Just-in-time 

adaptive interventions (JITAIs) leverage these continuous data streams to deliver personalized 

interventions when most needed (91), and early micro-randomized JITAI pilots in individuals with 

elevated depressive symptoms demonstrate feasibility in mood-disorder populations (92). 

Reinforcement learning methods for estimating dynamic treatment regimes offer a 

complementary formal framework for optimizing such sequential treatment decisions from 

observational or experimental data (93). However, current methods require substantially more 

data than typical clinical trials provide, off-policy evaluation (estimating a new policy's value from 

previously collected data) remains unreliable, and real-world settings where clinicians observe 

only partial information about a patient's underlying state call for partially observable decision-

making frameworks (suited to the multimodal, incomplete information clinicians actually observe) 

that are still under development (93). When combined with periodic neuroimaging, these 

approaches can in principle enable unprecedented temporal resolution in understanding brain-

behavior relationships.  

Finally, federated learning methods (94,95) promise solutions to the privacy and data-sharing 

challenges inherent in multi-site psychiatric neuroimaging, potentially allowing institutions to 

collaborate on model development without sharing raw patient data. These approaches, together 

with fine-tuning of pre-trained foundation models, may prove particularly crucial for rare 

psychiatric conditions and deeply phenotyped cohorts where no single site can realistically 

accumulate sufficient sample size (provided care is taken to not average away such rare cases). 

Challenges and Limitations 
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In this final section we summarize key obstacles that limit multimodal psychiatric neuroimaging 

and highlight why prospective validation, rigorous statistics, and interpretable-by-design models 

are essential for real-world impact.  

Functional connectivity reflects temporal covariance in BOLD rather than direct anatomical or 

causal interactions, especially for widely distributed patterns that may arise from global factors, 

physiological confounds, or common inputs. Multiview and representation-learning methods can 

isolate reproducible distributed patterns, but interpreting these as mechanistic “connectivity” 

requires caution. Group differences in depression are often assumed to be pathological; yet 

deviations from normative connectivity can also reflect adaptive or compensatory reorganization, 

and distinguishing maladaptive from resilient changes generally requires longitudinal or 

multimodal data. 

Despite promising advances, several other obstacles remain. A “dark matter” problem persists: 

clinically relevant signals may lie outside current measurement capabilities, and poor or 

heterogeneous data can amplify noise rather than signal, degrading predictions despite 

theoretical gains from multimodal fusion (96). High dimensionality and analytic flexibility 

encourage p-hacking and overfitting (97); feature selection bias, hyperparameter overfitting, and 

cross-validation leakage can substantially inflate performance, particularly when model selection 

and evaluation are not properly nested (98). Robust multi-site generalization is difficult, as 

scanner effects can persist despite harmonization (99) and models may inadvertently learn site 

differences rather than disease-related variation. 

Fairness and bias are growing concerns: data imbalance and deployment context can 

disadvantage specific demographic groups (100), and brain MRI models can exhibit race- and 

sex-related biases even under seemingly neutral pipelines (101). Large, demographically diverse 

samples from consortia such as ENIGMA (102) and developmental cohorts showing sex- and 

age-dependent brain–symptom relationships (17,18) underscore that a single “global” network-

clinical mapping is unlikely to be sufficient. Moving forward will require independent validation in 

new cohorts, fairness-aware evaluation, and interpretable models that prioritize real clinical utility 

over marginal gains in predictive accuracy. 
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Figure 1 | Parsing diagnostic heterogeneity in major depressive disorder. A-C. In our prior work 

(31), regularized CCA revealed three generalizable brain-behavior dimensions explaining individual 

differences in A) mood & anxiety, B) anhedonia, and C) insomnia, respectively (N=328 subjects, r = 0.23–

0.47 in test set). The scatterplots depict connectivity and clinical scores for each dimension (black dots = 

training data, gray dots = test data). Correlations are for held out test data. The clinical loadings of each 

dimension are depicted at the left of each scatterplot (black cells = not significant). The neuroanatomical 

distribution of connectivity loadings are depicted in the glass brains below each scatterplot. D. 

Hierarchical clustering on CV1 and CV2 revealed four MDD subtypes. The dendrogram visualizes the 

optimal k = 4 clustering solution. Heatmap values indicate participants’ CV scores (arbitrary units). E. 

Clinical symptom profiles differed by subtype. The heatmap depicts Z-scored severity for each item. 

Asterisks represent significant differences (FDR-p < 0.05) relative to the severity of the entire sample. F. 

Differences in antidepressant response and remission to rTMS (response X2=4.67, P=0.031; remission 

X2=5.57, P=0.018). G-I. RCCA is sensitive to characteristics of the training sample. The median canonical 

correlation for CV1 increased with sample size (G) and with the strength of univariate correlations 

between connectivity features and clinical symptoms (H). RCCA also did not perform well in samples 

enriched for participants with mild or absent symptoms in (I). Here, the number of RSFC features that 

were nominally significantly correlated (P<0.001, uncorrected) with one or more HAMD items (normalized 

to the number expected by chance) increased with the mean HAMD17 score of the sample. For each 

data point, we selected a subset of subjects with a given mean HAMD17 from a dataset with N=485 

subjects and repeatedly subsampled 80% of that subset without replacement to generate a mean +/– SD 

for the number of HAMD-correlated RSFC features. Adapted with permission from (31). 
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Figure 2 | Comparative effect sizes (estimated Cohen’s d) for predictive neuroimaging models in 

psychiatry, grouped by analytic approach and modality. Effect sizes from published studies are 

shown as individual points, color-coded by clinical phenotype (e.g., major depressive disorder, 

schizophrenia, ASD, etc.; see legend) and grouped by analytic approach along the x-axis (univariate, 

linear multiview, regularized multiview, graph-based, contrastive, multimodal, and foundation models). 

Circles denote multimodal or multiview models; triangles indicate unimodal models. For each study, out-

of-sample effect sizes are standardized to Cohen’s d, regardless of whether the original metric was a 

correlation (r), accuracy (ACC), or area under the receiver-operating characteristic curve (AUC) (Note 

converting heterogeneous metrics to Cohen's d involves distributional assumptions that vary across study 

designs, so these standardized values are approximate; because studies differ in sample composition, 

prediction targets, evaluation protocol, etc., differences across method categories reflect these confounds 

as well as analytic approach and should be treated as hypothesis-generating not a benchmark; see 

Supplemental Methods). Marker size reflects sample size (not shown numerically). Citations by group: 

Univariate (1); Linear Multiview (1,14,15,103–106); Regularized Multivariate (16,19,31); Graph-based 

(64,69,71,107–110); Contrastive (111–118); Foundation (119–124); Multimodal Fusion (38,61,125–132). 

Key trend: Methods that integrate multiple data types, use nonlinear or deep architectures, or leverage 

large foundation models achieve the largest held-out effect sizes (especially in focused clinical samples) 

while classical, hand-engineered features yield lower predictive power. Abbreviations: ACC = accuracy; 

AUC = area under the receiver operating characteristic curve; d = Cohen’s d; r = Pearson correlation 

coefficient; CCA = canonical correlation analysis; GNN = graph neural network; MDD = major depressive 

disorder; ASD = autism spectrum disorder; SZ = schizophrenia; PTSD = posttraumatic stress disorder. 
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Figure 3 | Scaling laws for text and brain foundation models: Model parameter count vs. effective 

training data (“tokens”) for large-scale neural networks across language and neurobiological 

modalities. Each point represents a foundation or large neural network model, plotted by its number of 

trainable parameters (y-axis, billions) and normalized “effective tokens” (see Supplemental Methods for 

approach and caveats) or training examples (x-axis, billions, log–log scale). Color indicates the data 

modality (e.g., text, fMRI, EEG, iEEG, clinical text, calcium imaging, electrophysiology, or multimodal). 

Text-only models (BERT, GPT-3, PaLM, LLaMA, etc.;(133–142)) define the upper-right “frontier” of large 

language model scaling. The dashed “Chinchilla Optimal” line (computed following (78)) represents the 

empirical scaling law for text LLMs, balancing model size and data to maximize performance. Most brain 

foundation models (e.g., BrainLM, BrainWave, FoME, Neuro-GPT;(77,119,121,143–150)) cluster well 

below this line, indicating that, for a given size, they are likely under-trained relative to current language 

models. The largest multimodal brain models (BrainCLIP) remain smaller and trained on fewer examples 

than LLMs but are growing rapidly. Labels highlight key models across modalities. All brain models use 

the same axes for direct comparison. “Clinical text” models (Med-PaLM 2, GatorTron, MentalRoBERTa) 

are plotted after normalizing their effective token count to account for reduced text entropy in clinical 

notes. Models integrating EEG, fMRI, or calcium imaging (BrainLM, BrainWave, MICrONS) are shown in 

color. Brain foundation models are entering a scaling regime analogous to text LLMs but remain data- 

and compute-limited compared to language models. Closing the gap by increasing both parameter count 

and curated neurobiological training data may yield gains in psychiatric prediction and generalization, 

following empirical scaling laws. Abbreviations: BERT = Bidirectional Encoder Representations from 

Transformers; GPT = Generative Pretrained Transformer; fMRI = functional MRI; EEG = 

electroencephalography; iEEG = intracranial EEG; LLM = large language model; FoME = Foundation 

Model for EEG; MICrONS = Machine Intelligence from Cortical Networks. 
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https://paperpile.com/c/639E2c/yJrKq+MbGWT+5bwD5+9PoYD+sXKLv+BXWux+7vnMf+n6jDj+2cmWO+jwP7b
https://paperpile.com/c/639E2c/UiR88
https://paperpile.com/c/639E2c/jsWCQ+oe9Nj+AQsaq+li0Im+3eCOq+8Eq2I+HIgxF+i7d5W+f64Ar+iRS4O+U9Y3H
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