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Abstract

Major neuropsychiatric disorders such as major depressive disorder (MDD) and
schizophrenia (SCZ), as well as the neurodevelopmental disorder autism spectrum
disorder (ASD), are traditionally treated as distinct clinical entities. However,
genome-wide association studies indicate shared genetic risks, motivating a trans-
diagnostic view. Resting-state functional connectivity (rsFC) is a promising
biomarker for these disorders, but its high dimensionality complicates inference
of inter-disorder relationships in the native feature space. Here we develop an
rsFC-based embedding-relation workflow that quantifies disorder relationships
in a connectivity-informed, low-dimensional embedding space. Central to the
workflow is a mutual information-based embedding framework that evaluates
candidate embedding approaches and selects an optimal strategy. Using syn-
thetic connectivity data, the framework indicates that rsFC embeddings are best



represented in a spherical space under a moderate level of supervision. Build-
ing on this insight, we applied the workflow to curated, multi-disorder rsFC
datasets to derive shared embedding spaces encompassing the connectivity fea-
tures of ASD, MDD, and SCZ. In these spaces, we consistently observed a robust
three-way relationship: a pronounced neurobiological dissimilarity between ASD
and MDD, contrasted with greater similarity between SCZ and both disorders.
These findings support a dimensional, transdiagnostic perspective on neuropsy-
chiatric disorders and offer new insights into their shared and distinct neural
underpinnings.

Keywords: Resting-State functional connectivity, Psychiatric disorders,
Dimensionality reduction, Mutual information embedding framework, fMRI

Introduction

Unveiling the relationships among multiple psychiatric disorders remains a long-
standing challenge in both research and clinical practice. From early studies on disorder
comorbidity [1, 2] to recent efforts promoting parsimonious classification in clini-
cal domains, such as the revision of diagnostic guidelines from DSM-IV to DSM-5
[3] and the RDoC initiative [4]. Substantial efforts have been dedicated to identify-
ing associations between disorders in pursuit of a unified, dimensional view of major
neuropsychiatric conditions [5].

A series of recent genome-wide association studies [6-9] have highlighted shared
genetic factors across major disorders, providing biological support for this dimensional
perspective. Beyond genetic biomarkers, numerous studies have focused on neuroimag-
ing biomarkers to uncover distinctive brain signatures of these disorders [10, 11].
Among various neuroimaging modalities, functional MRI — particularly resting-state
functional connectivity (rsFC), which measures the correlation between spatially dis-
tant brain regions [12] — has become a widely used tool for characterizing multiple
disorders. This has been further bolstered by large-scale, cross-institutional efforts to
collect multi-disorder MRI data, including the UK Biobank [13], the RDoC initiative
[4], and the Brain/MINDS Beyond project [14].

Significant progress has been made using rsFC biomarkers to identify discrimina-
tive connectome signatures for autism spectrum disorder (ASD) [15], major depressive
disorder (MDD) and its subtypes [16, 17], and schizophrenia (SCZ) [18-20]. However,
while rsFC has been successfully utilized for disorder prediction and stratification,
quantifying neurobiological relationships, which are defined as the degree of similarity
or dissimilarity among disorders, remains challenging in the native rsFC space due to
its high dimensionality [21, 22]. In such high-dimensional settings, standard distance
measures often become uninformative, motivating the learning of lower-dimensional
representations where geometric relationships are more stable and interpretable.

Deep generative models, particularly variational autoencoders (VAE) [23], provide
a principled probabilistic framework for learning such low-dimensional embeddings
from high-dimensional observations. Moreover, the semi-supervised deep generative



modeling framework (SS-VAE) [24] establishes a mathematical foundation for incorpo-
rating partial-to-full supervision to structure these embedding spaces (see Table S1 for
a detailed technical comparison between our and related works). Recent neuroimag-
ing works have demonstrated the promise of VAE-based embeddings for exploring
psychiatric continua and heterogeneity, for instance, the embedding space interpola-
tion of functional connectivity patterns [25]. Nevertheless, standard VAE and SS-VAE
objectives are typically optimized for data generation or label prediction; they do
not enforce that embedding distances correspond to neurobiological dissimilarities.
Without explicit geometry-aware constraints, an embedding may successfully sepa-
rate classes yet remain poorly calibrated for interpreting the relative proximity among
disorders.

To address this gap, we present a rsFC-based embedding-relation workflow
designed to reveal the neurobiological relationships between disorders by extending the
SS-VAE framework with explicit geometric constraints and varying amount of diagnos-
tic information. We project the high-dimensional rsFC features into a low-dimensional
embedding space, the topology of which was determined to be optimal based on its
fidelity in recovering ground-truth geometries in synthetic rsFC data. The proposed
workflow comprises three components: the estimation of rsFC features, a mutual
information-based embedding framework (building upon [24]), and the subsequent
extraction of between-disorder relationships. In contrast to prior approaches restricted
to rigid embedding architectures, our framework systematically derive embedding
approaches under diverse geometric constraints (e.g., spherical vs. Euclidean priors),
with the flexibility to integrate subject-wise similarity and adjust the magnitude of
diagnostic information.

When evaluated using synthetic rsFC data, the optimal rsFC-informed embedding
approach was identified as a method with a spherical embedding space, incorporat-
ing median amount of diagnostic information. Leveraging this optimal embedding
approach, we implemented the proposed embedding-relation workflow on two inde-
pendent multi-disorder MRI datasets, curated from the SPRBS database as part of
the Brain/MINDS Beyond project [14]. This facilitated the derivation of two rsFC-
informed embedding spaces that effectively capture the connectivity features of major
disorder phenotypes (ASD, MDD, and SCZ). Through analysis of these rsFC embed-
dings, we identified a robust three-way neurobiological relationship: while ASD and
MDD exhibit minimal similarity, SCZ displays neurobiological similarity with both
disorders in these connectivity-informed embedding spaces. These findings support
a dimensional view of psychopathology, highlighting the continuous nature of major
psychiatric phenotypes [26].

Results
Identifying the optimal embedding using synthetic rsFC data

Before analyzing real multi-disorder rsFC features, we first performed controlled exper-
iments on synthetic rsFC data to select the optimal embedding approach within our
rsFC-based embedding-relation workflow (see Methods).



In specific, we evaluated the performance of embedding approaches — Gaussian,
vMF, distance-preserving (on either Gaussian or vMF), least-diagnostic,
median-diagnostic, and most-diagnostic — on synthetic rsFC data to deter-
mine the optimal embedding approach. This empirical evaluation was designed
to:

1. verify whether a spherical (vMF) prior are superior to conventional Gaussian prior;

2. confirm the necessity of incorporating the subject-wise similarity term for learning
optimal embeddings;

3. determine the adequate amount of diagnostic information required to structure the
embedding space;

4. and demonstrate qualitatively the empirical superiority of our proposed embedding
approach over existing ones.

Synthetic rsFC features & ground-truth embeddings. As depicted in
Fig. 1la, we employed a three-stage process to synthesize high-dimensional rsFC fea-
tures with known ground-truth low-dimensional between-cluster relationships: (1)
Latent Sampling: We sampled 300 2D embeddings from three distinct 2D multivariate
Gaussian distributions, NM2(0.8,1), N3(0.4,1), and N>2(0.2,1), to form three clusters
of ground-truth embeddings. (2) Manifold Learning: We learned a nonlinear projec-
tion function F using the computed rsFC features of 300 subjects randomly selected
from the SRPBS database [27]. (3) Feature Generation: We utilized the inverse projec-
tion function F~! to map the 300 sampled 2D embeddings from the low-dimensional
ground-truth space back into the high-dimensional rsFC feature space, resulting in a
synthetic rsFC feature matrix of size [300, 9730].

Included embedding approaches and evaluation metrics. To determine
whether the vMF embedding approach is superior to the Gaussian embedding
approach, we optimized Eq. 2 by imposing Gaussian and vMF priors, respectively, on
the synthetic rsFC features. Next, to examine the effect of embedding subject-wise
similarity in both Gaussian and spherical embedding spaces, we optimized Eq. 4 to
learn distance-preserving embeddings under both Gaussian and vMF conditions.
Finally, to assess the impact of varying amount of diagnostic information, we optimized
Eq. 5 to learn the least-diagnostic, median-diagnostic, and most-diagnostic
embeddings. Implementation details, including network architectures and training
configurations for each embedding approach, are provided in SI §2 and Table S2.

We benchmarked against a comprehensive suite of existing embedding meth-
ods, ranging from conventional linear approaches such as linear PCA and local
linear embedding (LLE) [28], to graph-based methods like Graph2V [29], and widely
used manifold learning approaches such as t-SNE [30] and UMAP [31]. Fully super-
vised neighborhood embedding approaches, including NCA [32] and the variational
autoencoder-based supervised VAE [24], were also included. Detailed network and
training configurations for these benchmarks are provided in SI §3 and Table S3.

Since our synthetic rsFC features were generated through an ill-posed low-to-high
dimensional mapping (F 1), simply assessing the visual fidelity between the learned
and ground-truth embeddings may not be sufficient to evaluate the quality of the
derived embeddings. Therefore, we employed a multi-metric evaluation strategy. First,



we computed the mean correlation coefficient (MCC) [33] to quantify how well the
embedding captures the original data structure. Second, to quantify the recovery of
inter-cluster topology, we utilized the previously introduced FID metric [34] as our
primary distance measure. For the ground-truth embeddings, these relationships are
expressed as D¢, —¢; > Dey—cy > Dey—ey- To ensure geometric robustness, particu-
larly for the spherical vMF embeddings, we also calculated the geodesic distance as a
secondary measure of between-cluster relationships.

Based on these metrics, we evaluated inter-cluster relationships for each embed-
ding type using a 10-fold cross-validation scheme. Across the 10 folds, we performed
multiple pairwise comparisons between clusters using paired t-tests with Bonferroni
correction to determine whether the ground-truth topological relationships were statis-
tically recovered by each embedding approach (ST §3). Additional analyses, including
an additional experiment on second set of synthetic rsFC data (Fig. S2), stability
assessments of estimated cluster centroids (Fig. Sha) and heterogeneity evaluations
(Fig. S6a), were also conducted to examine cluster overlap effects [35] and optimality
of selected embedding method.

Evaluated performance of included embedding approaches. Comparison
between the conventional Gaussian embeddings in the R? embedding space and the
proposed spherical (VMF) embeddings revealed distinct embedding performance and
structures. As illustrated in Fig. 1b (upper tier), Gaussian cluster centers tend to
concentrate around the origin, whereas the vMF embeddings residing on S* (a unit cir-
cle), resulting in qualitatively more separable clusters that more closely resemble the
ground-truth embeddings. This visual observation is quantitatively supported by the
mean correlation coefficient (MCC) scores (Fig. 2a), where vMF embeddings achieved
a higher MCC compared to the Gaussian baseline. However, regarding the preser-
vation of inter-cluster relationships, neither approaches successfully recovered the
ground-truth between-cluster inequality (Fig. 2b-c), as indicated by the low inequal-
ity satisfaction rates (0% to 30%) in Fig. 2d. This suggests that without supervision,
disorder rsFC features alone are insufficient to produce a low-dimensional space that
accurately reflects both phenotype separability and relative neurobiological distances.

We subsequently attempted to guide the embedding process by leveraging esti-
mated pairwise distances between samples. Theoretically, this should align the
affinity between embeddings with the corresponding pairwise similarities in the
high-dimensional rsFC space. However, contrary to expectations, determining the
embeddings with pairwise distance constraints failed to improve performance. In both
R? and S! spaces (Fig. 1b, middle tier), this resulted in lower MCC scores than
even the unsupervised baselines (Fig. 2a) and failed to reconstruct the correct clus-
ter hierarchy (Fig. 2b-c; 10% satisfaction in Fig. 2d. This null effect likely stems from
the unreliable computation of the high-dimensional dissimilarity matrix d?z;;, inline
with the well-documented the curse of dimensionality challenge in high-dimensional
distance measure [22].

In the final evaluation phase, we assessed the impact of incorporating varying
degrees of diagnostic information. The introduction of diagnostic priors dramatically
improved embedding quality (Fig. 2b-c). Even with the least amount of information,
clusters became distinct (Fig. 1b, lower tier, left panel), yielding MCC scores ing



0.7. Most notably, the embedding with the median amount of diagnostic information
emerged as the optimal configuration (Fig. 1b, lower tier, center panel). It not only
achieved the highest classification accuracy (MCC > 0.9; Fig. 2a) but was also the sole
condition to achieve 100% satisfaction for the ground-truth inequality relation across
both FID and geodesic metrics (Fig. 2d). Interestingly, while the most diagnostic infor-
mation setting produced highly compact clusters (Fig. 1b, lower tier, right panel), it
failed to preserve relative geometric relationships (0% satisfaction in Fig. 2d), suggest-
ing that excessive supervision may collapse the manifold structure and compromise
intrinsic inter-cluster distances.

Advantages over alternative embedding approaches. Our spherical embed-
ding with median diagnostic information demonstrated robust embedding perfor-
mance, particularly in recovering the topological structure of the data. When applied
to synthetic rsFC features across 10-fold cross-validation, ten alternative embed-
ding approaches (see Methods) struggled to consistently reproduce the ground-truth
between-cluster relationships (Fig. 3), regardless of whether the embeddings were
learned through unsupervised or supervised methods. While other approaches may
excel in maximizing cluster compactness or class separability, our qualitative results in
Fig. 3, suggest that the median-diagnostic approach is most effective for retrieving
the specific underlying between-cluster relationships in the synthetic rsFC-informed
embedding space.

Inferred relationships among ASD, MDD and SCZ in the
connectivity-informed embedding space

Building on our previous evaluation using synthetic rsFC features, the optimal embed-
ding approach was identified as the spherical (vMF) embedding incorporating median
amount of diagnostic information. Leveraging this approach, we applied workflow on
rsFC features that are curated from multi-disorder (ASD, MDD, and SCZ) fMRI
datasets to explore their neurobiological relationships in derived connectivity-informed
embedding spaces.

SRPBS Multi-disorder Database: UTO and HuShoWa Datasets. The
curated resting-state functional connectivity (rsFC) features for the three neuropsy-
chiatric disorders were obtained from the SRPBS database, a large-scale resting-state
fMRI repository acquired across eight different imaging sites. This database contains
ten distinct clinical phenotypes of neuropsychiatric disorders [27] and was com-
piled under the Brain/MINDS Beyond human brain MRI project [14]. Full details
regarding the scanning protocols and curation steps are available in [27] and at
https://bicr-resource.atr.jp/srpbsfc/.

At each of the eight imaging sites contributing to the SRPBS database, resting-
state fMRI data were acquired in a 10-minute, eyes-open scanning session. All
fMRI data underwent identical preprocessing steps, including slice-timing correction,
realignment, co-registration to T1-weighted structural images, segmentation, normal-
ization to Montreal Neurological Institute (MNI) space, and spatial smoothing with
an isotropic Gaussian kernel of 6 mm full-width at half maximum. Motion param-
eters (6 rigid-body parameters and their first derivatives) were regressed out of



the fMRI time series. Importantly, no significant differences in mean framewise dis-
placement (FD) were found between diagnostic groups for either dataset (ANOVA:
Fia,100) = 1.21,p = 0.30 for UTO; F(3304) = 0.87,p = 0.42 for HuShoWa). Global
signal regression and band-pass filtering (0.01-0.1 Hz) were also applied.

e UTO Dataset
From the SRPBS multi-disorder database, we curated a primary dataset, referred
to here as the UTO dataset, which comprises resting-state fMRI scans acquired
at the University of Tokyo Hospital using a GE MR750W scanner (Fig. 4). This
dataset includes three clearly diagnosed disorders: ASD (n = 10), MDD (n = 62),
and SCZ (n = 35), giving a total of 107 subjects. Since all scans from a single
site, this largely mitigates the site-related variability, which is often encountered in
multi-center fMRI studies.
Following the standard preprocessing described above, rsFC features were extracted
by parcellating each subject’s preprocessed fMRI data using the BSA-AAL atlas
[15, 36], which segments the brain into 140 regions of interest (ROIs). Pearson
correlations among the time courses of these ROIs produced subject-wise functional
connectivity matrices. This procedure yielded an [107,9730] feature matrix (i.e.,
9730 unique ROI-ROI connections for each of the 107 subjects), which served as
the input for analyses on the UTO dataset.

® HuShoWa Dataset
A second dataset, referred to here as the HuSho Wa dataset, was also derived from the
SRPBS database (Fig. 4). It comprises 307 subjects acquired at two different sites:
Hiroshima University (Hiroshima, Japan) with 173 MDD individuals, and Showa
University (Tokyo, Japan), for participants with ASD (n = 115) or SCZ (n = 19).
Using the same preprocessing and rsFC feature extraction methods as for the UTO
dataset, we obtained an [307,9730] rsFC feature matrix. Because HuShoWa dataset
was acquired using multiple scanners and protocols, we applied the empirical Bayes-
based COMBAT harmonization technique [37] to reduce between-site effects. This
step regressed out scanner- and protocol-specific variability to some extent [38§],
yielding a harmonized feature matrix for subsequent analyses.

Relation quantification and validation schemes. For both the UTO and
HuShoWa datasets, we utilized the FID metric to quantify the inter-disorder dis-
tances in the learned low-dimensional embedding space: Dasp_npp, Pasp—scz, and
Dypp—scz- These FID metrics reflect the topological proximity between disorders
in the rsFC-informed embedding space. Consequently, we inferred the relationships
between disorders based on the resulting three-way inequality observed among these
pairwise distances.

Given that real-world neuropsychiatric rsFC data lack ground-truth low-
dimensional representations, we implemented three distinct validation schemes to
assess the reliability and robustness of the inferred relationships. These schemes
included: (1) conventional 10-fold cross-validation, (2) cross-dataset validation, and
(3) healthy-control validation. Implementation details are documented in SI §4 and
Table S4.



1. 10-fold cross-validation
A standard 10-fold cross-validation procedure was applied independently to both
the UTO and HuShoWa datasets to validate relationships among the three disor-
ders. For each dataset, this scheme involved training the optimal
median-diagnostic embedding model ten times to compute the three inter-
disorder FID measures on the test set across the folds. Paired t-tests with multiple
comparison corrections were then used to assess the statistical significance of
pairwise differences, thereby establishing the validity of the observed three-way
inequality.

2. Cross-dataset validation
To evaluate the generalizability of our findings beyond a single site or acquisition
protocol, we conducted a cross-dataset validation. In this framework, the UTO and
HuShoWa datasets served alternately as training and testing sets. In the first round,
the UTO dataset was used for training and the HuShoWa dataset for testing; in the
second round, the roles were reversed. Each permutation was repeated 10 times,
and the resulting FID measures were analyzed using pairwise t-tests with multiple
comparison corrections to verify if the three-way inequality held across datasets.

3. With healthy-control validation
To assess the stability of the inferred neurobiological relationships when the embed-
ding space is perturbed by an additional phenotype, we introduced a healthy-control
validation scheme. We integrated rsFC features from healthy participants recruited
from both the UTO (n = 170) and HuShoWa (n = 363) datasets. With the inclu-
sion of these healthy controls (HC) as a distinct class, two 10-fold cross-validation
schemes were independently applied to the augmented datasets. This allowed us to
determine whether the relative relationships between the disorder groups remained
consistent in the presence of the healthy control population.

Inferred inter-disorder relationships in rsFC-informed embedding
spaces. Irrespective of the validation schemes utilized, the low-dimensional embedding
spaces derived from the UTO and HuShoWa datasets consistently produced compact
and separable embeddings that aligned with clinical phenotypes. This was achievable
only when leveraging spherical embedding space with median amount of diagnostic
information. These disorder-separable embeddings contrast sharply with the overlap-
ping representations produced by conventional approaches such as NCA and t-SNE
(Fig. S8).

Under the 10-fold cross-validation scheme, the consistent embedding structures
and high statistical power (Fig. 5; Fig. S3) revealed a robust neurobiological relations
among disorders. The most striking and consistent finding across all analyses was the
substantial neurobiological dissimilarity between ASD and MDD. As shown in the FID
distance matrices (Fig. 5d, left), the distance between ASD and MDD (Dasp—_npp)
was consistently the largest among all pairwise comparisons.Regarding the placement
of Schizophrenia (SCZ) relative to these two distinct poles, SCZ consistently occupied
an intermediate topological position. In the majority of validation folds (100% in
FID metrics), SCZ exhibited neurobiological similarity to both disorders, typically
situated closer to MDD than to ASD. This resulted in a dominant three-way inequality



expressed as:
Dasp-mpp > Dasp-scz > Pupp-scz-

Statistical analysis of the UTO and HuShoWa datasets confirms this hierarchy.
The neurobiological dissimilarity between ASD and MDD was statistically signifi-
cant, with their pairwise distance exceeding the distances of SCZ to either disorder
(Dasp—mpp vs. Dypp—scz: UTO t1g = 3.57,p < 0.001; HuShoWa t19 = 9.84,p <
0.001; Fig. 5d). While the primary FID metric suggests SCZ is consistently closer
to MDD, we observed that using the secondary geodesic metric (Fig. S4) occasion-
ally altered the ranking of the smaller distances (inverted the rank order between
Dasp-scz and Dypp-scz), yet the maximal dissimilarity between ASD and MDD
remained constant. This confirms that while the specific affinity of SCZ may show
minor metric-dependence, its role as an intermediate phenotype is topologically stable.

These inter-disorder relationships partially survived cross-dataset validation. In the
second round (HuShoWa training / UTO testing), the three-way inequality was fully
preserved (Dasp—mpp vs. Dasp—scz: tio = 13.20,p < 0.001). However, in the first
round, the distinction between the smaller distances (Dasp—-mpp VS Dupp-scz)
was less pronounced (p = 0.51; Fig. 5b), further suggesting that while the ASD-MDD
separation is robust, the specific boundaries of SCZ’s neurobiological similarity can be
sensitive to site-specific rsFC distributions.

Finally, the healthy-control validation confirmed that these relationships are not
artifacts of a closed-set classification. Even with the introduction of healthy control
(HC) features, the pronounced neurobiological dissimilarity between ASD and MDD
and the intermediate similarity of SCZ remained intact (Dasp—mpp vs. Dasp-scz:
UTO t19 = 13.20,p < 0.001; HuShoWa t19 = 5.58,p < 0.001). Notably, these relation-
ships were consistently observed in certain alternative supervised embedding methods
(e.g., UMAP, Supervised VAE; Fig. S8), reinforcing the reliability of rsFC in inferring
the neurobiological relationships among these disorders.

Neuroscientific importance of the rsFC-informed embedding
space

With reliable three-way relationships established, we sought to identify the functional
connections that drive the geometry of the learned low-dimensional embedding space.
Unlike linear models used in standard biomarker studies [16, 17], we utilizes deep neu-
ral networks with nonlinear transformations, rendering standard feature importance
metrics inapplicable. To address this, we employed Layer-wise Relevance Propagation
(LRP) [39] to backpropagate relevance scores through the network, thereby isolating
the input rsFC features (functional connections) that most significantly influence the
embedding coordinates.

Specifically, we applied the LRP-z% rule to the trained models for both the UTO
and HuShoWa datasets (ST §5) to identify the top-10 most significant nodal-level func-
tional connections (Tables S5 and S6). The stability of these identified features was
verified via permutation-based robustness validation (Fig. S9). To facilitate interpre-
tation, we mapped these connections to their corresponding canonical networks using
the Yeo-7 parcellation [40], as visualized in Fig. 6a. At the network level, we observed



a moderate degree of convergence between the datasets, with a 40% overlap in influen-
tial network-wise connections. Nodal-level analysis highlighted a consistent role for the
connection between the right inferior frontal sulcus and the left temporal pole across
both cohorts. Notably, the spatial distribution of these influential features revealed a
consistent bias toward inter-hemispheric connectivity (comprising 6 out of the top 10
connections in both datasets), suggesting that long-range functional integration may
play a pivotal role in defining the topological distinctions between these disorders.
However, given the high dimensionality of the feature space (9,730 connections), we
present these specific connections as illustrative of the embedding’s biological basis
rather than as definitive diagnostic biomarkers.

Finally, to assess the potential clinical relavance of the learned rsFC-informed
embedding spaces, we investigated associations between the embedding coordinates
and symptom severity scores in the HuShoWa dataset. Specifically, we examined the
relationship between the composite embedding scores and the Autism Spectrum Quo-
tient (AQ) [41] for ASD, and the Beck Depression Inventory (BDI) [42] for MDD (see
ST §5 for implementation details).

Across the three cross-validation schemes, we observed directional trends linking
clinical severity to the learned rsFC-informed embeddings. While the effect sizes were
modest, statistically significant associations were detected in several instances, partic-
ularly for ASD phenotypes (ASD: 7 = —0.091, peor < 0.05 [X-val]; T = —0.246, peor <
0.01 [X-dataset]; 7 = —0.088, peor = 0.10 [W.healthy]. MDD: 7 = 0.067, peor = 0.15
[X-val]; 7 = 0.116, peor < 0.05 [X-dataset]; T = 0.059, peor = 0.25 [W.healthy]; Fig. 6b;
Table S7). Although the correlations are subtle, comparative analysis indicates that
our rsFC-informed embedding-relation workflow captures these clinical signals more
effectively than alternative embedding approaches (Fig. 6¢).

Discussion

In this study, by leveraging the proposed rsFC-based embedding-relation workflow,
we successfully projected the high-dimensional rsFC features of multiple neuropsy-
chiatric disorders onto a spherical low-dimensional embedding space with median
amount of diagnostic information. Using curated rsFC data from ASD, MDD, and
SCZ, we quantified the inter-disorder relationships within this rsFC-informed embed-
ding space. Our analysis inferred a robust three-way neurobiological relationships:
ASD and MDD exhibit a pronounced neurobiological dissimilarity, whereas SCZ dis-
plays an intermediate neurobiological topology, showing similarity with both ASD and
MDD.

A key distinguishing feature of our workflow is its focus on producing a relation-
aware embedding space. In this framework, the primary objective is to derive
relationships between subject clusters (i.e., disorder phenotypes), rather than the
relationship between feature clusters (e.g., brain regions) within a single subject.
This contrasts with existing functional connectivity embedding workflows, such as
BrainSpace [43], rest2vec [44], and hyperbolic disc embedding [45], which typically
employ non-vectorized rsFC features to create ”brain-aware” embeddings where each
node represents a regional connection. By shifting the embedding focus from brain



regions to patient phenotypes, our directly facilitates the quantitative comparison of
disorder relations.

From a dimensionality reduction perspective, the proposed mutual information-
based framework in our workflow advances beyond standard approaches in two critical
ways. First, unlike local neighborhood methods such as t-SNE and UMAP, which pri-
oritize local clustering at the expense of global geometry, our framework falls into the
”global” category [46]. By employing a global neighborhood that considers all samples
simultaneously, we preserve pairwise distances across the entire manifold, resulting in
a more faithful representation of the inter-class relationships [30]. Furthermore, while
t-SNE and UMAP assume fixed data distributions (Student-t and uniform, respec-
tively), our framework offers flexibility, supporting both Gaussian (Euclidean) and
spherical (vMF) priors to match the intrinsic geometry of the data.

Second, we introduce a continuous to supervision. Unlike the traditional trichotomy
of dimensionality reduction (strictly supervised, semi-supervised, or unsupervised),
our workflow treats diagnostic information in a continuous manner. We advocate for
the median use of diagnostic information to balance class separability with the preser-
vation of intrinsic biological geometry. This addresses a key limitation in psychiatric
modeling: diagnostic labels based solely on clinical criteria are subject to inter-rater
subjectivity [47] and longitudinal variability [48]. By not fully constraining the embed-
ding to these discrete labels (using only median amount of diagnostic information),
our model allows the rsFC-informed embeddings to reveal relationships that might be
obscured by rigid clinical categorization.

The observed inter-disorder relations, specifically the neurobiological dissimilarity
between ASD and MDD contrasted with the similarity of SCZ to both disorders, mir-
rors emerging evidence from multi-modal neuroimaging and genomic studies. While
ASD and MDD are frequently comorbid clinically, our results suggest they possess
distinct underlying neurobiologies. This separation aligns with recent structural covari-
ance analyses of cortical gradients, which have shown that ASD and MDD occupy
distinct positions along the principal hierarchy of brain organization, whereas SCZ
aligns more closely with transdiagnostic hubs [49].

Furthermore, the pivotal position of SCZ, situated between ASD and MDD in the
rsFC-informed space, is consistent with multimodal fusion studies identifying SCZ as
sharing distinct subnetworks with each condition: caudate-thalamus circuits shared
with MDD and temporal-lingual circuits shared with ASD [50]. At the molecular level,
this geometry is further supported by transcriptomic findings showing that ASD and
SCZ share significant gene expression alterations (e.g., synaptic downregulation), while
MDD displays a divergent profile characterized by inflammatory pathway dysregula-
tions [7, 51]. Our rsFC-based embedding thus captures these macro-scale biological
realities that may be obscured when viewing disorders solely through overlapping
clinical symptoms.

The observed neurobiological dissimilarity of ASD and MDD in our embedding
spaces also offers a critical perspective on clinical comorbidity. Depressive symptoms in
ASD are highly prevalent but often refractory to standard MDD treatments. Our find-
ings support the hypothesis that ”depression in ASD” may be biologically distinct from
primary MDD, suggesting that comorbidity in these cases represents the co-occurrence



of distinct pathologies rather than a shared etiology. This underscores the poten-
tial of our workflow to guide precision medicine: by mapping a patient’s connectivity
profile, clinicians might distinguish between distinct biological subtypes of depres-
sion, potentially informing more targeted therapeutic strategies beyond standard
pharmacotherapy.

However, several interpretative caveats should be noted regarding these inferred
inter-disorder relationships. The demonstrated neurobiological dissimilarity between
ASD and MDD reflects relative differences in a coarse-grained, low-dimensional
space (i.e., 2D embeddings). Interpretations beyond this embedding space should
be approached with caution. Specifically, the ”"neurobiological dissimilarity” in the
embedding space does not contradict findings of clinical comorbidity [52], nor does it
imply that these disorders share few biological features; rather, it suggests that their
dominant functional connectivity signatures are topologically distinct.

The limitations of this study outline directions for future research. First, the cur-
rent implementation relied on a single type of rsFC feature (Pearson’s correlation). As
demonstrated by [53, 54], rsFC features can take various forms (e.g., tangent-based
measures), each potentially highlighting different biomarkers. Second, our current
workflow only supports static embedding spaces, yet rsFC features fluctuate due to
dynamic neuronal activity [55]. Developing a dynamic version of this workflow to cap-
ture temporal embedding shifts is under consideration. Finally, while we performed
cross-dataset validation, the study was restricted to two small scale datasets. To
address this, our group is actively constructing a unified, multi-center, multi-disorder
database to enable rigorous large-scale external validation. External validation on this
standardized database is a primary objective of our immediate follow-up work.

Methods

To infer the relationships between disorders in the rsFC-informed embedding space,
we propose the following rsFC-based embedding-relation workflow, which consists
of three components: (1) the estimation of rsFC features for multiple neuropsychi-
atric disorders; (2) the mutual information-based embedding framework; and (3) the
quantification of the neurobiological relationships between disorders (Fig. 7).

Estimation of rsFC features of disorders

The workflow begins by estimating the rsFC features of disorders from curated (or
recorded) resting-state fMRI data. Given n subjects in the resting-state fMRI data,
we defined p brain regions using the selected reference atlas to extract each subject’s
region-wise fMRI time courses. Next, we derived a square symmetric affinity matrix
A € RP*P to represent the subject-wise rsFC features. Since different reference atlases
and rsFC quantification measures yield varying rsFC features [53], we configured the
reference atlas as the BSA-A AL parcellation atlas [36] and used the standard Pearson’s
r correlation [12] (with Fisher’s transformation applied to the correlation values) for
rsFC quantification. The BSA-AAL atlas was chosen for its comprehensive whole-brain
coverage (140 ROIs) and to maintain consistency with prior multi-disorder studies
[15]. As the obtained affinity matrix A is square and symmetric for each subject, we



vectorized each A by retaining its flattened lower triangular part. This reshapes the
subject-wise affinity matrix into arrays representing the rsFC features: A — X €
REL. [, = p(p=1)

) 2 N

Mutual information-based embedding framework

The core of our workflow is the proposed mutual information-based embedding frame-
work. Using the previously estimated rsFC features for n subjects, 1, ..., z, € R?*L,
which exist in the L-dimensional feature space U, we aim to learn low-dimensional
embeddings z1,..., 2, € R™*! that reside in the I-dimensional embedding space V,
where L > [. These low-dimensional embeddings represent the high-dimensional rsFC
features. This embedding process can be described by the posterior distribution p(z|z).
To achieve the optimal p(z|z), we aim to maximize the mutual information between the
high-dimensional rsFC features and their corresponding low-dimensional embeddings
as follows:

I(z, z). (1)
Depending on the imposed prior for embeddings, whether to embed subject-wise
similarity in the embedding space, and the varying amount of added diagnostic infor-
mation (derived from distinct clinical phenotypes), a series of embedding approaches
are proposed under the mutual information-based embedding framework.

With differentiated imposed priors. To control the shape of the embedding
space and simplify the cumbersome optimization of the naive mutual information
term Z(x,z) [56], we incorporate a prior distribution for the embeddings ¢(z). This
encourages the learned embedding posterior p(z|z) to align closely with the imposed
prior ¢(z) by minimizing their density discrepancy:

I(x,z) — Drr(p(zlz)l(2)), (2)

where Dk, denotes the K-L divergence in measuring the density difference between
the posterior and imposed priors. For clarity, Eq. 2 can be viewed as a trade-off:
maximizing Z(x, z) while using the Dk, term as a regularizer to keep p(z|z) close to
the prior ¢(z). This ensures the embedding retains most information from x while its
distribution remains shaped by the chosen prior. With the derivation (SI §1.1.), the
foregoing mutual information based optimization function Z(x, z) — D1 (p(z|x)||g(2))
can be rewritten into a more easy-to-compute format:

where the derived p(z|z) can be regarded as a decoder in the auto-encoder context.

To examine the effect of priors on learning embeddings, we use two types of priors:
a Gaussian prior and a von-Mises Fisher (vMF) prior, resulting in the Gaussian
(Fig. 7®) and vMF embedding approaches (Fig. 7@) as follows.

® Gaussian prior
Due to its computational efficiency and widespread use in statistical learning [56], a
Gaussian prior is the default choice for learning low-dimensional Gaussian embed-
dings of FC features. Assuming the Gaussian prior ¢(z) follows a standard normal



distribution, q(z) = N(0, 1), the posterior p(z|z) can also be defined as a Gaussian,
p(z]z) = N(u, ), where the mean and scale parameters are parameterized by deep
neural networks (SI §1.1.1.).
e von-Mises Fisher(vMF) prior
In addition to the common choice of a Gaussian prior, we propose using another
tractable density prior: the von-Mises Fisher (vMF) prior, to encourage the learning
of a spherical low-dimensional embedding space (S*). Unlike a Gaussian prior, which
may concentrate the embeddings around the origin [57], a vMF prior promotes
uniformly distributed embeddings throughout the space, avoiding concentration in
any specific position. Denoting ~ as the concentration parameter (set to x = 20)
and the normalization factor Cy, = {m}, the vMF prior for a two-
dimensional embedding z, encouraging uniform distribution in the embedding space,
can be defined as q(z) = C(1,,=0). The resulting posterior can then be defined as
another vMF distribution: p(z|z) = C1 . exp k(T z), where the learnable parameter
u can be parameterized by a deep neural network (SI §1.1.2.).

With embedded subject-wise similarity. In addition to controlling the shape
of the embedding space, the ability to represent subject-wise similarity in the embed-
ding space is also a valuable property for learning the optimal p(z|z). Similar to the
multidimensional scaling (MDS) [58], assume the pairwise dissimilarity of rsFC fea-
tures between two subjects (samples) in the feature space is captured in a squared
proximity matrix dzxij, defined using the Euclidean distance to represent dissimilarity:
d?z;; = ||z; — z;||>. We aim to preserve this pairwise dissimilarity in the embedding
space, i.e., ||z; — z;||?, where z;, z; ~ p(z|z), by introducing an additional penalty term
based on the squared error of the distance discrepancy to the original optimization
function:

I(x,2) — Dr(p(ele)lla(2)) = D_(d*wy — [z — 2| *)*. (4)
i#]

By explicitly embedding sample-wise similarity, we ensure that the pairwise dis-
tances between samples in the original feature space are preserved within the learned
low-dimensional manifold. We designate this as the distance-preserving embed-
ding (Fig. 7®). Notably, this approach is versatile and can be established upon either
Gaussian or spherical (vVMF) embedding priors.

With varying amount of added diagnostic information. Diagnostic infor-
mation, which refers to the clinical phenotypes of disorder(s), is crucial for learning
optimal embeddings of disorder rsFC features. However, this information is often
scarce and challenging to collect in large-scale clinical trials. To address this, we devel-
oped three embedding approaches that accommodate varying amount of diagnostic
information.

Theoretically, the available diagnostic information can be considered as discrete
categorical variables ¢ € C representing N diagnostic categories. We formalize this
through a categorical prior distribution ¢(¢) = Cat(c|r) with parameter vector m € RY
representing class probabilities. With the inclusion of diagnostic information, the pre-
vious mutual information-based embedding framework evolves into an interaction



information-based embedding framework, incorporating high-dimensional rsFC fea-
tures, low-dimensional embeddings, and the diagnostic information, represented as
Z(x, z,c) (ST §1.2). In conjunction with the imposed priors and embedded feature-wise
similarity, the optimization term can be written as:

I(z,2,¢) — Drr(p(zlz)llq(2)) — Z(d%j — ||z — zl*)2. (5)
i

Regardless of the imposed prior, the effect of added diagnostic information can the-
oretically be reduced to the term __q(c|z) log ’; Eil‘f)), which can be further simplified
into a computable form: %||z — p[|? (SI §1.2.1. and SI §1.2.2.), where . represents

the cluster means of clinical phenotypes in the embedding space.

e With the least amount of diagnostic information
With minimal involvement of diagnostic information, the value of p. can be obtained
as the randomly sampled mean parameter of a parameterized Gaussian distribu-
tion, allowing the discrete variables C' to remain unobservable. Consequently, the
incorporated diagnostic information requires only the number of phenotypes, IV, to
learn the optimal embeddings. We refer to this method as the
least-diagnostic embedding (Fig. 7@).

® With median amount of diagnostic information
Notably, instead of using the randomly sampled p. in the previous
least-diagnostic embedding the value of u. can also be obtained by precom-
puting the empirical means for N phenotype-wise clusters. The calculation of these
empirical cluster means requires the discrete variables C' to be observable, ensuring
that the learned embeddings z are closer to the cluster centers of their corresponding
clinical phenotypes. Since this method relies more heavily on diagnostic informa-
tion than the previous one, we refer to it as the median—-diagnostic embedding
(Fig. 7®).

® With the most amount of diagnostic information
To further leverage diagnostic information in modeling, in addition to using pre-
computed empirical phenotype means for p., we adopt a supervised contrastive
learning paradigm [59] to explicitly model diagnostic differences in the embedding
space. We define a pair of latent vectors, Z_1>,Z_2> € Z, to represent two encoded
embeddings, a distance function D to measure their dissimilarity, and a binary class
indicator C' = 0,1 to verify whether the latent vectors come from the same disorder
phenotype. The supervised contrastive loss function can be expressed as:

1 1 )
(1- C)Q(D(z_{,z—z’))2 + C§max(0, m— D)) (6)
where m is a pre-defined margin that weighs the contribution of dissimilar pairs,
and we use the Euclidean distance to compute D33 72y, i.e., Dz 23y = |z — 73 ||
To preserve the authentic diagnostic differences among the encoded latent variables,
we set m = 0, giving equal importance to dissimilar and similar pairs. Incorporating



this loss function into the optimization of Eq. 5 led to the development of the most -
diagnostic embedding (Fig. 7®).

For summarization, we can further interpret the derived embedding approaches as
graphical models, which are inline with VAE and its variations [23] (Fig. 8). With-
out the added diagnostic information, the former three embedding approaches (® @
@) can be expressed using an identical graphical model. The differences among these
three graphical models depends on differentiated priors on z (O ®) and whether or
not to add pair-wise difference between subjects (®). The later three graphic mod-

els correspond to the use of varying amount of diagnostic information in mentioned
embedding approaches (® ® ®).

Quantification of relationships among disorders in the
embedding space

Leveraging these embedding approaches, we quantified the relationships among
disorders in the learned low-dimensional rsFC-informed embedding space. These rela-
tionships were inferred directly from the between-cluster distances. We utilized the
Frechet Inception Distance (FID) [34] as our primary metric to evaluate these rela-
tionships. Unlike conventional point-to-point metrics (e.g., L1 or L2 distance between
centroids), FID is advantageous because it accounts for the full distribution of the
clusters, i.e, incorporating both the mean (u) and covariance (X) structure:

Do (1, 21, p2, X2) =| 1 — pra | (S + g — 2(X182)12). (7)

Here, 1 and X represent the means and variances of the learned rsFC embeddings of
each corresponding disorder phenotypes. In the case of the three major disorders:ASD,
MDD, and SCZ, their neurobiological relationships in a connectivity-informed embed-
ding space can then be inferred from their pairwise distances in the embedding space,
represented as Dasp—_scz, Pasp-mpp, and Dy pp_scz-

While our proposed method utilizes a vMF prior that induces a spherical embed-
ding space, we prioritize FID for its sensitivity to cluster dispersion. To ensure that our
conclusions are not artifacts of distance metric, we also computed the geodesic distance
as a secondary metric. These results are provided in the Supplementary Information
(SI §3 and 4).

Alternative embedding methods

We benchmarked our embedding methods against widely used linear, manifold-
learning, graph-based, metric-learning, and deep generative embedding approaches
applied only to the synthetic rsFC dataset. Specifically, we evaluated linear PCA,
local linear embedding (LLE), Graph2Vec (Graph2V), t-SNE (with and without diag-
nostic supervision), UMAP (unsupervised, diagnostically supervised, and hyperbolic
instantiations), neighborhood component analysis (NCA), and a fully supervised vari-
ational autoencoder (VAE). The resulting embeddings and comparative performance



on synthetic rsFC data are presented in Fig. 3. For reproducibility, full technical speci-
fications (architectures where applicable, optimization settings, and hyperparameters)
are provided in SI §2 and summarized in Table S3.
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Fig. 1 Evaluation of embedding approaches derived from the mutual information-based
framework on synthetic rsFC data.

(a) Synthetic rsFC features generation process. To generate synthetic features corresponding to
ground-truth low-dimensional embeddings, a nonlinear dimensionality reduction (DR) function F
was first trained on rsFC features from an open public dataset. Ground-truth embeddings were then
generated with defined pairwise distances and passed through the inverse of the learned projection
function (F~1) to produce synthetic high-dimensional rsFC features matching the dimensionality of
the input data.

(b) Performance assessment of embedding approaches. The learned embedding spaces are visu-
alized alongside the statistically verified inter-cluster relationships (determined via paired t-tests
with Bonferroni correction over 10-fold cross-validation; see SI §3 and Fig. S1). Abbreviations:
C1(red-colored) /C2(blue-colored)/C3(green-colored) denote Cluster 1/2/3.
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Evaluation of embedding quality and topological preservation on synthetic rsFC

(a) Mean Correlation Coefficient (MCC) scores across the employed embedding approaches, demon-
strating their respective efficacy in capturing the original data structure. The proposed method,
utilizing median diagnostic information, achieves the highest performance.
(b, ¢) Assessment of structural (between-cluster relationships) preservation via (b) FID and (c)
Geodesic distance metrics. The plots reveal how distinct embedding approaches reconstruct the rel-
ative distances between clusters (C1, C2, C3).
(d) Evaluation of topological consistency. The heatmap reports the percentage of satisfaction for the
ground-truth inequality relation (D¢; —cg > Deq—cy > Dey—cz). Notably, the embedding method with
the median amount of diagnostic information achieves 100% satisfaction, indicating robust recovery
of the underlying manifold structure across both distance metrics.
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Fig. 3 Evaluation of alternative embedding approaches on synthetic rsFC data.

We evaluate the performance of ten alternative embedding approaches in recovering the ground-truth
between-cluster relationships ('Dgl_c3 > Dey—ey > DCZ_CS)' Evaluated embedding methods include
linear projection (PCA), manifold learning (LLE, Graph2V), unsupervised non-linear embeddings
(t-SNE, UMAP without diagnostic info), and supervised metric learning (NCA, Supervised VAE,

UMAP).
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Fig. 4 Geographic information for the curated UTO and HuShoWa datasets.

In the UTO dataset, participants with one of the main disorders (ASD, MDD, and SCZ) were scanned
at a single site (University of Tokyo, Tokyo, Japan). In the HuShoWa dataset, participants with MDD
were scanned at Hiroshima University (Hiroshima, Japan), whereas participants with ASD or SCZ
were scanned at Showa University (Tokyo, Japan). The layout and styling of the site-location map
are adapted from the visualization in Fig. 2 of [14].
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Fig. 5 Neurobiological relationship between ASD, MDD and SCZ in rsFC-informed
embedding spaces. Evaluations were performed on the curated UTO and HuShoWa datasets using
three validation schemes: (a) Conventional 10-fold cross-validation; (b) Cross-dataset validation (UTO
vs. HuShoWa); and (c) Validation incorporating rsFC features from Healthy Control (HC) partici-
pants.

In (a-c), the left panels visualize the embedding space (axes represent the first two dimensions), while
the right panels display the computed inter-disorder distances. Raw quantitative results are provided
in Fig. S3.

(d) Consistency of neurobiological structures. Heatmaps display the frequency of specific distance
ranking patterns (inequality relations) based on FID scores (left) and raw feature results (right).
Darker colors indicate a higher recurrence of a specific ordering (e.g., Dyypp-scz < Dasp-scz <
Dasp-mpp) across 10 folds. Results for the secondary geodesic-based metric are provided in Fig.
S4, detailed embedding visualizations are available in Fig. S3, and permutation test results for UTO
dataset are also reported in Fig. S7.
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Fig. 6 Neuroscientific interpretation of the rsFC-informed embedding space.

(a) The top contributing inter-regional rsFC pairs from a network perspective for the UTO and
HuShoWa datasets. For clarity, within-network connections are omitted. Detailed region names and
laterality are listed in Table S5 and S6. Network abbreviations: DAT: dorsal attention; DM: default-
mode; SOM: somatomotor; FP: fronto-parietal.

(b) Clinical relevance of the learned embedding space (HuShoWa dataset). Scatter plots show the
correlation between composite embedding scores (y-axis) and clinical severity scores (x-axis; Autism
Spectrum Quotient (AQ score) for ASD and Beck Depression Inventory (BDI score) for MDD) across
three validation schemes: 10-fold cross-validation (X-validation), cross-dataset validation (X-dataset),
and healthy-control validation (W.healthy).

(c) Comparative analysis of clinical correlations. The y-axis represents the correlation coefficients
between embedding-derived scores and clinical severity, compared across our method and several
alternative embedding approaches (x-axis) under standard 10-fold cross-validation.
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Fig. 7 The diagram on the proposed rsFC-based embedding-relation workflow.

(1) Estimating rsFC features from resting-state fMRI images of multiple disorders. We derive a square
affinity matrix and further vectorize it as 1D arrays (dotted line expressed lower triangular part) to
represent rsFC features for each subject. These rsFC features live in the high-dimensional rsFC fea-
ture space U.

(2) Mutual information-based embedding framework. The primary goal is to maximize the mutual
information between rsFC features = in the high-dimensional feature space U and their low-
dimensional embeddings z in the embedding space V, i.e., Z(z, z). ® and @: Depending on the imposed
priors in controlling the shape of embedding space, two embedding approaches in opting for Gaus-
sian and vMF priors are presented here. ®: Allowing the pair-wise difference between embeddings to
reflect their subject-wise dissimilarity on the feature space, we put forward the distance- preserving
embedding approach to embed the pair-wise distance between subjects. @, ®, ®: Depending on the
varying amount of diagnostic information in use, we further develop three embedding approaches that
correspond to the utilization of the least/median/most amount of diagnostic information in learn-
ing optimal embeddings of rsFC features. Note here, with added diagnostic information, these three
embedding methods are framed based on an interaction information-based embedding framework,
ie., I(z, z,c).

(3) Quantification of relationships between disorders on the embedding space. Once an optimal
embedding space that represents the rsFC features of all disorders (e.g., ASD, MDD, SCZ) has been
learned, the relationship between any two disorders can be quantified by their pair-wise distance in
this embedding space (e.g.;, Dasp-scz, Pasp-mbpp, PMpp—scz)-
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Fig. 8 Graphical model representations of the proposed embedding approaches.

Across the proposed embedding approaches, x represents the high-dimensional rsFC features obtained
from the first component of our workflow. The model aims to learn the low-dimensional latent variable
z, optionally utilizing diagnostic information represented by the discrete variable c. Consistent with
standard VAE terminology [23], solid lines denote generative processes, while dashed lines indicate
inference processes.



Supplementary information

Supplementary Information (§1-§5; Figures S1-S9; Tables S1-S7) is provided as a
separate file.



