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Abstract

The increasing availability of large clinical neuroimaging datasets has enabled the discovery of objective,
data-driven clinical phenotypes. However, current approaches typically rely on structural or static functional
metrics, thereby overlooking the rich information embedded in brain dynamics. To address this limitation, we
developed a novel analytical pipeline integrating Gaussian Hidden Markov Modeling (HMM) with Optimal
Transport (OT) theory. By representing individual brain dynamics as probability distributions over a shared
latent state space, our approach quantifies the cost of transitioning between subjects’ dynamic profiles, pro-
viding a sensitive metric for inter-individual variability that captures temporal aspects of brain function.
We applied this framework to multiple sclerosis (MS), a condition where substantial within-group hetero-
geneity challenges traditional clinical classification. Analyzing resting-state functional Magnetic Resonance
Imaging data from 122 relapsing-remitting MS patients and 97 matched healthy controls, HMM identified
three latent states with distinct activation and connectivity patterns. While patients and controls differed
in fractional occupancies and dwell times, we focused on quantifying heterogeneity specifically within the
MS cohort. Using the Schrodinger bridge—a regularized optimal transport cost —we computed pairwise
dissimilarities between all patients based on their dynamic profiles. Unsupervised clustering of the resulting
dissimilarity matrix revealed two distinct patient subgroups that showed significant differences in clinical
disability and structural pathology markers. Crucially, this stratification was not detectable when applying
clustering procedures to static functional connectivity matrices, demonstrating the added value of dynamical
features. Our results establish a generalizable methodological framework for extracting meaningful subtypes
from temporal brain dynamics, with potential applications across neurological and psychiatric conditions
characterized by phenotypic heterogeneity.

1 Introduction

Traditionally, the clinical phenotyping of neurological and psychiatric diseases relied heavily on behavioral mark-
ers. The advent of large-scale neuroimaging has since enabled the delineation of phenotype boundaries based
on anatomical and functional correlates of behavioral or cognitive impairment [1, 2]. While this paradigm has
yielded significant insights into psychiatric [3, 4], neurodegenerative [5-7], and neurodevelopmental diseases [§],
it typically relies on either structural markers or static, time-averaged functional connectivity. By focusing on



static features, these approaches overlook the rich information embedded in dynamic activity patterns, which
are known to be essential for explaining variance in behavioral traits and higher cognition [9-13]. Despite the
documented alterations in brain dynamics across various conditions [14-16], the use of whole-brain dynamical
markers for clinical stratification remains relatively underexplored [17].

Here, we propose a principled framework to characterize inter-individual variability in whole-brain dynamics for
subject stratification. Unlike clustering methods based on engineered features, our approach provides a geomet-
rically grounded distance metric rooted in optimal transport theory. We first employ Gaussian Hidden Markov
Modeling (HMM) [18, 19] to identify a set of latent states common to all subjects. Compared to sliding-window
functional connectivity [14, 20, 21}, HMM offers more robust inference with lower dependence on free parame-
ters [22] and naturally represents dynamics as Markov transitions between discrete states, yielding probability
distributions suitable for transport-theoretic analysis. While latent states are identified at the group level, indi-
vidual dynamics are characterized by subject-specific transition matrices. For each pair of subjects, we use the
Schradinger bridge method [23] to determine the transport cost required to map one individual’s dynamics onto
another’s. This cost quantifies the perturbation of a subject’s transition matrix needed to match another individ-
ual’s state distribution, and admits a control-theoretic interpretation as the smallest input amplitude required
to realize this transformation [24], situating our approach within the emerging field of control-theoretic neuro-
science [25]. While previous studies applied the Schrodinger bridge technique to estimate, within individuals,
the transition cost between resting and task-evoked brain activity distributions [26, 27], we extend this approach
to quantify inter-individual distances using the costs to construct a pairwise dissimilarity matrix. This enables
fully unsupervised clustering and the embedding of subjects within a low-dimensional dynamic feature space.
To demonstrate the clinical utility of this framework, we applied it to a large dataset of patients with
relapsing-remitting multiple sclerosis (RRMS) and healthy controls. Multiple sclerosis (MS) is a chronic inflam-
matory, demyelinating, and degenerative disease of the central nervous system [28]. While MS is traditionally
classified into three phenotypes based on symptomatology (relapsin-remitting, primary progressive, and sec-
ondary progressive), significant within-group heterogeneity highlights the need to identify biologically grounded
endophenotypes [29-35]. Whereas previous dynamic connectivity studies identified reliable patient-control differ-
ences, they did not reveal pathological subtypes [36—38]. Using our optimal transport framework, we demonstrate
that RRMS patients stratify into two dynamically distinct subgroups showing significant differences in clinical
disability and structural pathology, a stratification invisible to static functional connectivity analysis.

2 Materials and methods

2.1 Dataset

MRI and clinical data were obtained from 122 patients with relapsing-remitting multiple sclerosis (RRMS)
and 97 age- and sex-matched healthy controls (HCs), collected at the University of Campania Luigi Vanvitelli
(Naples, Italy) [35]. All participants underwent neurological and neuropsychological evaluation, including the
Expanded Disability Status Scale (EDSS) and the Symbol Digit Modalities Test (SDMT). MRI scans were
acquired on a 3T GE Signa HDxt scanner (GE Healthcare, Milwaukee, USA) equipped with an eight-channel
head coil. The imaging protocol included high-resolution 3D T1-weighted images (voxel size = 1 x 1 x 1.2 mm?).
Resting-state fMRI data were acquired using an echo-planar imaging (EPI) sequence (TR = 1500 ms; voxel size
= 4 x 4 x 4 mm?; 240 volumes; duration ~ 6 min). Participants were instructed to remain still, awake, and with
eyes closed during the rs-fMRI acquisition. Full details on participant recruitment, inclusion criteria, and MRI
acquisition parameters are reported in [35].

2.2 Preprocessing of MRI data

Functional and anatomical MRI data were preprocessed using fIMRIPrep 24.1.1 [39, 40]. A custom anatomical
module was incorporated to generate a high-quality, template-informed brain mask. T1-weighted images were
first corrected for intensity inhomogeneities, then linearly and nonlinearly aligned to the MNI152 template.
The resulting transformations were inverted to project a standardized template brain mask into native space,
yielding a robust subject-specific mask. T'1-weighted structural images also underwent surface reconstruction and
tissue segmentation with FreeSurfer. Spatial normalization to MNI152NLin6Asym and MNI152NLin2009cAsym
templates was performed using nonlinear ANTS registration. Functional preprocessing included creation of a
reference volume, motion correction with MCFLIRT, and boundary-based co-registration of BOLD data to the
T1w reference. Several confound time series were computed, including framewise displacement (FD), global
signals, and both anatomical and temporal CompCor components. Surface and grayordinate representations were
generated by resampling BOLD data into fsLR space. Post-processing of fMRIPrep output was performed using
the eXtensible Connectivity Pipeline-DCAN (XCP-D) [41]. BOLD data were despiked with AFNI’s 3dDespike.
Denoising followed the aCompCor strategy, incorporating the top five WM and CSF components, 12 motion
parameters (6 motion parameters and their derivatives), and high-pass cosine regressors. High-motion volumes
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Fig. 1 Workflow a) Dataset and preprocessing. Resting-state fMRI data were collected from 122 patients with multiple sclerosis
(MS) and 97 healthy controls (HC). Preprocessing included custom brain extraction, motion and distortion correction, EPI-to-T1w
registration, and denoising. Demographic, clinical (EDSS, SDMT), and MRI-derived measures (BPF, lesion load) were also acquired
for all participants. b) Hidden Markov Model (HMM) inference. ROI-wise BOLD time series were standardized and concatenated
across subjects. Dimensionality was reduced via PCA, and a Gaussian HMM was fitted to the group-level data to identify recurrent
brain states. Each state captured distinct spatial patterns of activity and covariance, while subject-specific state time courses were
used to compute dynamic metrics including fractional occupancy, dwell time, and switching rate. These metrics were then correlated
with clinical and imaging variables to evaluate their associations with disease and cognitive measures. ¢) Optimal transport analysis.
For each subject, the distribution of fractional occupancies across HMM states and the empirical transition probabilities were used
to estimate pairwise transition costs via the Schrodinger bridge formulation of entropy-regularized optimal transport. The resulting
cost matrix quantified the dissimilarity between subjects’ brain state dynamics and was used for clustering within the MS cohort.
Clinical and imaging variables were subsequently compared across the identified subgroups to characterize their differences.

(FD > 0.5 mm) were interpolated prior to band-pass filtering (0.01-0.1 Hz). The cleaned BOLD data were
smoothed using Connectome Workbench with a 6 mm FWHM kernel. Parcel-wise time series were then extracted
using the 100-parcels version of the Schaefer atlas.

2.3 Hidden Markov Model

To characterize the temporal dynamics of large-scale brain activity, we employed a Gaussian Hidden Markov
Model (HMM) [18, 42]. This probabilistic framework models fMRI time series as transitions between a finite
set of latent brain states. The HMM simultaneously estimates these latent states, each fully characterized by
a state-specific spatial pattern of mean BOLD activity and covariance, along with the probabilities governing
their temporal transitions. This approach provides a dynamic description of large-scale functional organization,
capturing temporal fluctuations that are not accessible through static connectivity analyses. More explicitly, let
x; € RP denote the vector of BOLD signals at time ¢ from D regions of interest (ROIs), and let 2, € {1,...,K}
indicate the latent state active at that time. According to the HMM framework, the observed data are modeled
as sequences of transitions among K hidden states, where each state defines a distinct multivariate Gaussian
distribution of regional activity. The temporal evolution of states follows a first-order Markov process:

T

p(xvrT, 21:7) = p21) p(X1 | 21) HP(Zt | ze—1) p(xe | 2¢), (1)

t=2

with p(z; | zi-1) = As,_, -, denoting the transition probabilities between states, and the observation model for
each state k is given by

p(xe | 20 = k) = N(x¢ | py, o), (2)
where p;, and Xy, represent the mean activation and covariance associated with state k. Although the HMM can
be estimated separately for each participant, the limited length of typical resting-state fMRI time series provides
insufficient samples to reliably estimate all model parameters. Therefore, the model was fitted on temporally
concatenated data across subjects to obtain a group-level representation of the latent states. In this formulation,
the parameters (p,, Xy ) were estimated jointly at the group level, while the inferred state time courses, reflecting



the posterior probability of each state being active at each time point, remained subject-specific. To construct
the group-level data used for model fitting, each subject’s ROI-wise time series was z-scored across time (zero
mean and unit variance per ROI) and then temporally concatenated across subjects to form a data matrix
X € RT*XD where T is the number of time points per subject, S the number of subjects, and D the number
of ROIs. Dimensionality reduction was performed using principal component analysis (PCA), keeping the first
M components. This step reduces the number of free parameters by operating in a lower-dimensional subspace
(M < D), improving the stability of covariance estimation and the statistical efficiency of model inference
[18]. We selected M = 30, which explained approximately 80% of the total variance. The model parameters
were estimated using the Expectation—-Maximization (EM) algorithm implemented in the Dynamax library [43].
During the E-step, the algorithm computes the posterior probabilities of the latent states given the current
parameters, and during the M-step it updates the transition matrix and the parameters (g, X% ). These steps
are iterated until convergence of the marginal log-likelihood

L(©) =1log Y p(xr.r, 217 | ©), (3)

21:T

which quantifies the overall model fit. The number of hidden states (K) was determined by minimizing
the Bayesian Information Criterion (BIC) across a range of values K € {2,3,4,5,6}, yielding a shallow
minimum around K € {3,4} (see Fig. Al). We selected K = 3, as it was the most consistently opti-
mal solution when re-fitting the HMM over a grid of (K, M) configurations, with K € {2,3,4,5,6} and
M € {10, 20, 25, 30, 35,40, 45, 60,80}, each fitted using 10 random initializations. For each model, the BIC was
computed from the final log-likelihood and the number of free parameters of the Gaussian HMM in M dimen-
sions. From the estimated model, we derived subject-specific metrics describing the temporal organization of
brain-state activity: fractional occupancy (FO), mean dwell time (DT), and switching rate (SR). The FO of
each state quantifies the proportion of time spent in that state and was defined as

L I
FOr = 7 > n(k), (4)
=1

where v:(k) = p(z: = k | x1.7) denotes the posterior probability of state k being active at time ¢. For the
computation of DT and SR, each time point was assigned to the most probable state,

3 = arg max p(ze =k | x1.7), (5)

and the DT of state & was defined as the average duration of time intervals during which the state remained
active:

1 O
DTy = — S din, 6
k Nk;k, (6)

where dj, , denotes the duration of the n-th interval in state k, and Vi is the total number of such intervals.
The SR quantified the frequency of transitions between distinct states:

1 o .
SR = > Tz # 2], (7)

t=2

where [[-] is the indicator function. Together, these measures summarize the temporal organization of the
latent-state dynamics inferred by the HMM and were used to compare group-level and individual differences in
subsequent analyses.

2.4 Transition cost between brain-state configurations via Schrodinger bridge

To quantify the dissimilarity between subjects in terms of their HMM-derived brain dynamics, we computed
a transition cost between their respective brain state configurations using the Schrédinger bridge framework
[26, 27, 44]. Each subject was characterized by a vector of fractional occupancies # = [FOq,...,FOg], rep-
resenting the empirical distribution of time spent in each latent state. This vector defines a low-dimensional
representation of each subject’s brain state configuration. Furthermore, for each subject, we derived the empir-
ical joint probability matrix of consecutive states, @);;, from the sequence of most-likely states inferred by the
HMM:

Qij :P(Zt—l =1,2 = j)a (8)



thus capturing the subject-specific transition statistics. These ();; matrices were used as priors characterizing the
intrinsic (or spontaneous) dynamics of each subject. Within this framework, the Schrédinger bridge formalism
provides a probabilistic approach to model how the distribution of latent states of one subject w4 (source
subject) can be transformed into another w? (target subject), by optimally modulating the source’s intrinsic
dynamics Q;;. In other words, it identifies the most likely stochastic evolution (controlled path) that connects
w4 to w8, while remaining as close as possible to the spontaneous (uncontrolled) transition probabilities of the
source subject. Among all possible controlled transitions, the optimal one, corresponding to the Schrédinger
bridge, minimizes the Kullback—Leibler divergence between the probability of the modulated dynamics and that
of the original uncontrolled dynamics. Therefore, we can define its transition cost as

Cost = min Dx(Py; [|Qij), 9)
where U = {P;; > 0| X, Py = T, S, Py = ﬂf} is the set of admissible joint transition probabilities

(couplings) whose marginals match the source and target configurations. This formulation is equivalent to an
entropy-regularized optimal transport problem [45]:

Cost = PI}JHE%{ - ZTijPij - H(Plj), (10)

i,
where T;; = —log@;; defines the transport cost matrix derived from the prior transition probabilities, and
H(P;) = _Zi,j P;jlog P;; denotes the entropy term. The optimal coupling P;; was computed using the

Sinkhorn algorithm [46, 47], which efficiently solves the entropy-regularized optimal transport problem. Intu-
itively, this optimization identifies the most likely stochastic transformation that maps one subject’s brain-state
configuration into another, while remaining consistent with the transition constraints inferred from the HMM.
The resulting transition cost quantifies how much the intrinsic dynamics of the source subject must be altered
to reproduce the target configuration: higher costs indicate that the two subjects exhibit distinct dynamical
regimes in the latent state space, whereas lower costs reflect more comparable organizations of brain-state
dynamics. The outcome of this framework is a cost matrix C;;, where each entry represents the transition cost
between the brain-state configurations of subject ¢ and subject j, obtained as in Eq. 10.

2.5 Statistical analysis

All statistical tests were two-sided with a significance level of a = 0.05.

State-specific functional connectivity differences (Fig. 2c¢) were assessed using permutation tests (10,000 resam-
ples), using the difference in mean correlation within each network block as the test statistic, with Bonferroni
correction across network pairs.

Group differences in HMM-derived metrics between MS patients and healthy controls (Fig. 3a) were evaluated
using Mann-Whitney U-tests, with false discovery rate (FDR) correction across all performed comparisons.
Associations between HMM-derived metrics and clinical or MRI variables within the MS cohort (Fig. 3b) were
assessed using Spearman rank correlations with FDR correction.

Clinical and structural differences between OT-derived MS subgroups (Mild vs Severe; Fig. 4c) were assessed
after testing normality using the Shapiro-Wilk test. Welch’s t-tests were used for approximately normal variables,
Mann-Whitney U-tests for non-normal or ordinal variables, and Fisher’s exact test for categorical variables. FDR
correction was applied across the four primary clinical outcomes (EDSS, BPF, lesion load, SDMT), whereas
potential confounders (age, sex, education, disease duration) were tested separately.

3 Results

3.1 Characterization of hidden brain states

We applied Gaussian Hidden Markov Modeling (HMM) to analyze fMRI recordings of 122 RRMS patients and
97 age- and sex-matched healthy controls. The Gaussian HMM can capture group-level recurrent configurations
of large-scale brain dynamics, each defined by a distinct pattern of mean activation and functional connectivity.
Following common practice in the literature [48-52], we trained a single model on patients and controls to yield
a common state space that faclilitates direct group comparison. Model selection identified K = 3 as the optimal
number of states. To visualize these patterns in the original brain space, the mean activation vectors (u;) and
covariance matrices (Xy), originally estimated in a PCA-reduced space, were projected back to the original ROI
space. State-specific FC matrices were then obtained by normalizing the reconstructed covariances, providing
a representation of how regions co-fluctuate within each state (Fig. 2a,b). To quantitatively characterize how
the connectivity patterns of each state differed from the overall functional organization across participants, we
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Fig. 2 HMM-derived brain states. a) Mean activation patterns. Group-level Gaussian HMM identified three recurrent latent
states (K = 3), each defined by a distinct spatial pattern of mean BOLD activation () projected back to the original ROI
space. b) State-specific functional connectivity (FC). Covariance matrices (3j) were reconstructed and normalized to obtain FC
maps describing region-to-region co-fluctuations within each state. c) State-specific connectivity differences. Differences between
each state’s FC matrix and the average FC across subjects are shown at the network level. Statistical significance was assessed
using permutation tests (10,000 resamples; difference in mean connectivity strength as test statistic), with Bonferroni correction
across network pairs. Positive values indicate stronger connectivity relative to the group-average FC, while negative values indicate
weaker coupling. d) Mean activation by network. Average state activations were computed for each canonical resting-state network.
Statistical comparisons (Mann—Whitney tests, FDR correction) were focused on States 1 and 2, revealing significant differences in
the somatomotor (SMN) and limbic (LN) networks. Statistical significance is denoted as *p < 0.05, **p < 0.01, ***p < 0.001.

compared the FC matrix of each state with the mean FC across all time points (Fig. 2¢). For every pair of resting-
state networks, we tested whether the distribution of correlation values within each block differed significantly
from the corresponding block in the mean FC matrix using a permutation test (10,000 resamples, Bonferroni
correction). This procedure allowed us to identify network interactions that were significantly stronger or weaker
in a given state relative to the average connectivity pattern across participants. The results revealed distinct
network coupling patterns across states. State 1 showed higher within-network connectivity in the visual (VN),
somatomotor (SMN), and default mode (DMN) networks compared to the mean FC, indicating a configuration
with stronger functional integration within these networks. State 2 showed stronger connectivity within the
SMN and reduced interactions between the SMN and higher-order networks such as the DMN and control (CN),
indicating tighter intra-SMN integration together with inter-network segregation. State 3 was characterized



by broadly positive correlations across networks, consistent with a synchronized pattern and reduced network
differentiation. Mean activation patterns also differed across states (Fig. 2a,d). States 1 and 2 showed overall
positive activations, while State 3 displayed negative mean activations across all networks. Because States 1
and 2 also showed significant group differences in HMM-derived metrics (see Fig. 3), statistical comparisons of
mean activation were focused on these two states, revealing higher activation in the SMN and lower activation in
the limbic (LN) network for State 1 relative to State 2. Overall, these results highlight three distinct large-scale
brain states that formed the basis for the subsequent analyses.

3.2 Group-level differences in brain-state dynamics
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Fig. 3 HMM-derived metrics and clinical correlations in MS. a) Group comparison of HMM-derived metrics. Fractional
occupancy (FO), dwell time (DT), and switching rate (SR) were compared between multiple sclerosis (MS) patients and healthy
controls (HC). MS patients showed higher FO and DT in State 2 and lower FO and DT in State 1, while no group differences
were observed for State 3 or SR. b) Clinical correlations in MS. Spearman correlations between HMM-derived metrics and clinical
variables (EDSS, SDMT, BPF, and lesion load) were computed within the MS group, with statistical significance corrected for
multiple comparisons (FDR-corrected p-values < 0.05). Higher FO and DT in State 1 correlated positively with BPF and negatively
with lesion load, whereas FO in State 2 correlated negatively with BPF. Statistical significance is denoted as *p < 0.05, **p < 0.01,
**%p < 0.001.

We next compared the HMM-derived metrics between multiple sclerosis (MS) patients and healthy controls
(HC) (Fig. 3). Group differences were mainly observed in States 1 and 2, while State 3 showed comparable val-
ues across groups. MS patients spent more time in State 2, as reflected by higher fractional occupancy (FO)
and longer dwell time (DT), and less time in State 1, which showed lower FO and DT relative to HCs (all
Mann—Whitney tests, FDR-corrected p-values < 0.05). Switching rate (SR) did not differ significantly between
groups, indicating that the overall frequency of transitions between states was comparable. Considering the
properties of these states (Fig. 2), this pattern indicates that MS patients tend to remain longer in a config-
uration of sensorimotor segregation (State 2), characterized by stronger connectivity within the somatomotor
network and weaker interactions with higher-order systems such as the default mode and control networks. In



contrast, healthy controls more frequently occupy State 1, which shows stronger functional integration within
visual, somatomotor, and default-mode networks. These results suggest that MS is associated with a shift toward
more functionally segregated brain dynamics. To assess the clinical relevance of these alterations, we examined
correlations between HMM-derived metrics and clinical measures in MS patients, including the Expanded Dis-
ability Status Scale (EDSS), Symbol Digit Modalities Test (SDMT), brain parenchymal fraction (BPF), and
lesion load (Fig. 3b). We considered only correlations that remained statistically significant after correction for
multiple comparisons (FDR~corrected p-values < 0.05). Higher dwell time and fractional occupancy in State 1
were positively correlated with BPF (p = 0.42, p < 0.001; p = 0.38, p < 0.001) and negatively correlated with
lesion load (p = —0.31, p < 0.01; p = —0.28, p < 0.05). Conversely, fractional occupancy in State 2 correlated
negatively with BPF (p = —0.26, p < 0.05). These correlations support the interpretation that spending less
time in State 1 and more time in State 2 reflects greater structural impairment in MS, consistent with lower
BPF and higher lesion load, while State 1 represents a healthier configuration more typical of controls. No sig-
nificant relationships were found for State 3. Altogether, these findings support the conclusion that reduced
structural integrity in MS is associated with an altered balance between integrated and sensorimotor-related
brain configurations, consistent with previous evidence of disrupted large-scale network integration in MS. Over-
all, these dynamic markers provide a concise description of individual brain organization and form the basis for
the subsequent subject-level stratification analysis.

3.3 Identification of clinical phenotypes
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Fig. 4 Data-driven stratification of MS patients based on brain-state transition costs. a) OT cost matriz. Optimal
Transport (OT) cost matrix derived from the Schrédinger bridge framework, representing pairwise transition costs between MS
subjects based on HMM-derived brain dynamics. b) OT-derived MS clusters. Agglomerative clustering applied to the symmetrized
OT distance matrix identifies two patient groups, visualized in a low-dimensional space using multidimensional scaling (MDS).
¢) Clinical and structural group comparison. Compared to the Mild group, the Severe group shows higher EDSS, lower brain
parenchymal fraction (BPF), and greater lesion load. Statistical significance is denoted as *p < 0.05, **p < 0.01, ***p < 0.001
(FDR-corrected p-values). In (a) and (b) cluster labels (Mild and Severe) are assigned a posteriori based on the differences observed
in (c).

We next applied the optimal transport (OT) framework to quantify subject-level dissimilarities in brain
state dynamics (Fig. 4). A pairwise cost matrix was computed using the Schrédinger bridge formulation (see
Methods), which identifies the minimum modulation of HMM dynamics required to transform one subject’s
fractional occupancies into another’s. Because these OT costs are inherently directional (C;; # C};), we derived



a symmetric dissimilarity measure by averaging reciprocal entries, i.e., C’ij = (Cyj + Cji)/2, and used C as
input to agglomerative clustering. Although this procedure necessarily discards directional information, adopt-
ing alternative symmetrization schemes based on min(C;;, Cj;) and max(C;j, Cj;), corresponding to best- and
worst-case reciprocal dissimilarities, respectively, led to identical subject partitions (ARI=1.0; see Sec. A.2).
This indicates that the resulting subdivision reflects a robust global structure of OT-derived distances rather
than a consequence of the specific symmetrization choice. The two-cluster solution achieved the highest silhou-
ette score (0.69; compared with 0.60 and 0.55 for three and four clusters, respectively) and was visualized using
multidimensional scaling (MDS; Fig. 4b). The resulting dimensions of MDS embedding (MDS1 and MDS2)
showed strong associations with HMM-derived dynamical metrics (see Fig. A2), consistent with the interpre-
tation that the OT embedding captures meaningful inter-individual differences in latent brain-state dynamics,
while providing a low-dimensional geometric representation that integrates multiple aspects of the underlying
temporal organization.

While the two groups were comparable in terms of demographic factors and disease duration, they presented
different clinical and structural profiles, as revealed by key clinical measures (EDSS, SDMT) and MRI-derived
structural indices (BPF, lesion load). Accordingly, the clusters were labeled Mild and Severe. Between-cluster
comparisons were statistically assessed as described in Methods, with FDR correction across the four primary
outcomes (EDSS, BPF, lesion load, SDMT). The Severe group showed higher EDSS scores (ppyw = 0.039),
lower BPF (p; = 0.022), and greater lesion load (pmw = 0.008), while no significant difference was found in
SDMT (pmw = 0.11). The two groups were comparable in age (p; = 0.39), sex distribution (pgisher = 0.16),
and education level (ppw = 0.33). The Severe group showed a non-significant tendency toward longer disease
duration (pmw = 0.08), suggesting that disease chronicity alone does not explain the observed differences in
clinical and structural measures. Crucially, parallel clustering applied to standard static functional connectivity
embeddings (obtained from PCA or UMAP) completely failed to yield clinically or structurally distinct sub-
groups (see Sec. A.4, Fig. A3). This directly underscores the added value of our OT framework, demonstrating
that latent brain-state dynamics harbor critical, clinically-relevant heterogeneity that is invisible to conventional
static analyses.

4 Discussion

In this study, we developed a novel framework to characterize inter-individual variability in resting-state brain
dynamics and applied it to derive data-driven subtypes within relapsing-remitting multiple sclerosis (RRMS).
Hidden Markov Models (HMMs) allow the identification of recurrent latent brain states as probabilistic config-
urations of mean activity and covariance, inferred at the group level from temporally concatenated data. This
approach avoids the need to select an arbitrary window length or to cluster windowed connectivity patterns,
which are well-known limitations of sliding-window dynamic functional connectivity methods [14, 21]. More-
over, HMMs provide a fully probabilistic description of brain-state dynamics, in which state representations and
transition probabilities are jointly inferred within a single model that explicitly accounts for temporal depen-
dencies [18, 42].

While HMMs have been widely used to identify recurrent brain states and characterize their temporal organiza-
tion [18, 19], previous approaches have typically relied on summary dynamic metrics (e.g., fractional occupancy,
dwell time, and switching rate) for group comparisons or prediction. Here, we moved beyond this feature-
based description by combining a Gaussian HMM with an optimal transport (OT) formulation based on the
Schrodinger bridge problem. Within this framework, we identified the minimal perturbation required to an indi-
vidual’s brain transition matrix in order to match another individual’s brain state distribution. The resulting
cost can be interpreted as a subject-level dynamic distance, capturing differences in the global organization
of brain-state dynamics. This formulation enables subject embedding and unsupervised stratification based on
inter-individual differences in latent-state transition dynamics. Our approach is consistent with emerging control-
theoretic views of brain dynamics, in which transitions between large-scale brain configurations are interpreted
in terms of energetic or probabilistic costs [24, 25]. More broadly, dynamic analysis pipelines have been pro-
posed as a key approach to capture the complex nature of behavior and brain disorders [53], and the present
approach contributes to this emerging landscape by providing a control-theoretic tool for dynamic phenotyping
at the subject level.

Application of this framework to RRMS revealed systematic alterations in the temporal organization of brain
dynamics. Compared to matched controls, patients exhibited increased occupancy of a state characterized by
stronger somatomotor segregation and weaker coupling with higher-order networks, and reduced time in a more
integrated configuration involving visual, somatomotor, and default-mode systems. These shifts correlated with
markers of structural pathology — brain parenchymal fraction and lesion load —suggesting that white matter
damage may constrain the repertoire of accessible brain states, biasing dynamics toward less integrated config-
urations. Such constraints on state transitions may reflect reduced network flexibility, a phenomenon that has
been linked to cognitive impairment and functional disability across multiple neurological conditions [54, 55].



The observed relationship between dynamic alterations and structural damage further supports the notion that
macroscale functional dynamics provide a sensitive window into the consequences of distributed tissue injury
on large-scale network organization.

These findings converge with previous dynamic functional connectivity (dFC) studies in MS, which have reported
alterations in dynamic network organization associated with disability and cognitive decline. Hidalgo de la Cruz
et al. observed reduced dFC strength in frequently occurring states and increased connectivity within sensori-
motor and visual networks in less frequent states, with progressive MS phenotypes showing more pronounced
deviations and stronger associations with disability [36]. Similarly, d’Ambrosio et al. found that cognitively
impaired MS patients show reduced global dynamism — characterized by fewer transitions between meta-states
and shorter dwell times in highly connected configurations— that correlated with structural damage and cog-
nitive deficits [37]. Tozlu et al. demonstrated that dFC features outperform both static functional connectivity
and structural connectivity in predicting disability status [38], highlighting the added clinical value of dynamic
information. The present findings extend this literature by demonstrating that similar alterations in the bal-
ance between network integration and segregation can be quantified through a transport-theoretic framework.
Rather than relying on state-wise summary statistics, our approach distills these dynamic alterations into inter-
individual dissimilarity metrics, providing a geometrically grounded representation of the phenomena previously
linked to disability and cognitive impairment.

Crucially, the OT-based dissimilarity metric enabled the identification of two clinically distinct patient subgroups
through unsupervised clustering. These subgroups differed markedly in disability severity (EDSS), brain atrophy
(brain parenchymal fraction), and lesion load, yet shared the same clinical diagnosis (relapsing-remitting) and
comparable demographic characteristics. This stratification was completely absent when clustering was applied
to the embeddings (linear or nonlinear) of static functional connectivity matrices, demonstrating that temporal
dynamics capture clinically meaningful heterogeneity invisible to time-averaged approaches. This finding has
important implications for clinical research and practice. First, it suggests that dynamic brain signatures may
identify patients at higher risk for more aggressive disease progression, potentially informing treatment deci-
sions, clinical trial enrollment, or the timing of therapeutic escalation. Second, the observation that dynamically
defined subtypes align with established markers of structural pathology suggests that these patterns reflect gen-
uine neurobiological differences rather than measurement artifacts. While previous MRI-based subtyping efforts
based in MS have relied primarily on structural imaging [31-35], our results indicate that dynamic functional
markers provide a complementary and potentially more sensitive axis for patient stratification.

Several limitations should be considered when interpreting the present findings and in view of future develop-
ments of this framework. First, the relatively short duration of the resting-state acquisitions (approximately
6 minutes) constrains the precision of subject-specific estimates of state occupancies and transition probabili-
ties, and consequently the accuracy of the Schrodinger-bridge distances. Higher temporal resolution acquisitions
and longer resting-state runs, such as those with shorter repetition times and extended scan durations, would
enhance the reliability of subject-specific transition estimates [56] and likely increase the sensitivity of this
approach. Although such protocols are often challenging to implement in clinical settings, they provide an
important benchmark for assessing the reliability and practical utility of dynamic phenotyping methods. Sec-
ond, the cross-sectional, single-center nature of the dataset restricts the generalizability of both the inferred
latent states and the derived subject embeddings. Longitudinal and multicenter studies will be essential to
assess the temporal stability of dynamic distances, their sensitivity to disease progression, and their potential
modulation by treatment. From a broader perspective, recent work on brain-state dynamics and dynamic com-
putational phenotyping highlights the importance of reliability, identifiability, and trait-like stability of dynamic
measures [57, 58|. Future studies should therefore explicitly quantify the test—retest reliability and psychomet-
ric properties of OT-based dynamic distances.

In summary, this study shows that combining HMM-based state estimation with a Schrédinger-bridge formu-
lation yields a subject-level distance in brain dynamics that is sensitive to clinically and structurally relevant
heterogeneity in RRMS. While several methodological and practical challenges remain, particularly concern-
ing optimal scan duration, test-retest reliability, and generalizability, our results establish the feasibility and
clinical utility of transport-theoretic dynamic phenotyping. This framework is broadly applicable to any neuro-
logical or psychiatric condition characterized by heterogeneous clinical presentation and may prove particularly
valuable for stratifying patients in clinical trials, predicting disease trajectories, or identifying targets for person-
alized intervention. As neuroimaging datasets continue to grow in size and temporal resolution, control-theoretic
approaches to brain dynamics offer a promising avenue to refine our understanding of individual differences in
brain function and their relationship to clinical phenotypes.
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Appendix A Supplementary Materials
A.1 Model selection

Figures/MS_bic_vs_states_20restart200iter.png

Fig. A1 Model Selection Bayesian Information Criterion (BIC) as a function of the number of hidden states (K)
for different numbers of retained PCA components (M). Gaussian HMMs were fitted for K € {2,3,4,5,6} and M €
{10, 20, 25, 30, 35, 40,45, 60,80}, with 10 random initializations per configuration. Points indicate the mean BIC across initializa-
tions, and shaded areas denote &+ one standard deviation.

A.2 Robustness of OT-based clustering to matrix symmetrization

Because Schrodinger bridge OT costs are directional, the resulting subject-by-subject cost matrix is asymmetric.
To quantify the degree of asymmetry, we computed the symmetry degree

_le-cTir

1 :
IC1IF

where ||-||p denotes the Frobenius norm. In MS patients this yielded a value of 0.689, indicating modest asym-
metry. Prior to clustering, we therefore derived a symmetric dissimilarity matrix by averaging reciprocal entries,
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C’ij = (Ci;+Cji)/2. To assess whether the clustering outcome depended on the specific symmetrization strategy,
we repeated the agglomerative clustering using two alternative symmetric constructions, namely min(C;;, Cj;)
(best-case) and max(C;;,Cj;) (worst-case) reciprocal dissimilarities. Across all three approaches (mean, min,
max), silhouette analysis consistently selected a two-cluster solution (all & 0.69), and subject assignments were
identical (Adjusted Rand Index = 1.0). Despite this identical partitioning, local geometric properties differed
across symmetrizations. Specifically, the maximum relative change in individual pairwise distances reached 63%,
and only 61% (mean vs. max) and 42% (mean vs. min) of subjects preserved identical sets of their five nearest
neighbors, indicating substantial local rearrangements of neighborhood structure. In contrast, the global geom-
etry of the distance matrices was highly preserved, with correlations between upper-triangular entries exceeding
0.98 for mean vs. max and mean vs. min (and 0.96 for max vs. min). Because average-linkage agglomerative
clustering is primarily driven by average inter-cluster distances rather than by local neighborhood relations, this
preserved global structure explains why final partitions were obtained across symmetrization schemes. Consis-
tently, inter-cluster mean distances were rescaled but not structurally altered (mean: 2.97; max: 3.38; min: 2.57).
Together, these analyses demonstrate that the identified MS subgroups are driven by stable large-scale orga-
nization in OT-derived dissimilarities and are robust to the specific choice of symmetrization, despite modest
directional asymmetry and local geometric variations.

A.3 Interpretation of OT-MDS dimensions
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Fig. A2 Associations between OT-derived MDS dimensions and HMM-derived dynamical metrics in MS. Spearman
correlations between the first two multidimensional scaling dimensions (MDS1 and MDS2), obtained from the OT-based subject
dissimilarity matrix and HMM-derived dynamical metrics, within the MS group. Only associations surviving multiple-comparison
correction (FDR-corrected p-values < 0.05) are shown. Both MDS dimensions exhibited strong correlation with FO and DT in
States 1 and 2, indicating that the low-dimensional OT embedding captures meaningful inter-individual variability in latent brain-
state dynamics. Subjects are color-coded based on their cluster assignment (Mild vs Severe). Statistical significance is denoted as
*p < 0.05, **p < 0.01, ***p < 0.001.

A.4 FC-based clustering

As a comparison to the OT-based stratification, we repeated the clustering analysis using static functional
connectivity (FC). For each MS patient, whole-brain FC matrices were vectorized and assembled into a
subject-by-feature matrix, followed by dimensionality reduction using principal component analysis (PCA).
Agglomerative clustering was then applied to the PCA representations, and a two-cluster solution was selected
for consistency with the OT-based analysis and guided by silhouette scores. The resulting PCA-derived clusters
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were compared in terms of clinical and structural measures, and no significant group differences were observed.
Comparable results were obtained across a range of PCA dimensionalities, suggesting that the limited clinical
separation was not driven by a specific choice of embedding dimension. We further evaluated a nonlinear embed-
ding of static FC features using UMAP, followed by agglomerative clustering into two groups. Because UMAP
embeddings can depend on initialization, we also used a consensus strategy in which UMAP embedding and
clustering were repeated across multiple random runs; the resulting co-association matrix was used to derive
stable consensus labels. Also in this case, group comparisons did not reveal significant differences in clinical or
structural measures. Overall, these analyses suggest that clustering based on static FC provides weaker clinical
separation than approaches that incorporate the temporal organization of brain-state dynamics.
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Fig. A3 Static FC-based clustering of MS patients. Two-group agglomerative clustering based on PCA (a) and UMAP
embeddings (b) of static FC features in MS patients. Boxplots summarize clinical and structural measures across clusters. No
comparisons remain significant after FDR correction.Asterisks (if present) denote uncorrected effects, whereas (ns) indicates lack
of significance after FDR correction. Statistical significance is denoted as *p < 0.05, **p < 0.01, ***p < 0.001.



	Introduction
	Materials and methods
	Dataset
	Preprocessing of MRI data
	Hidden Markov Model
	Transition cost between brain-state configurations via Schrödinger bridge
	Statistical analysis

	Results
	Characterization of hidden brain states
	Group-level differences in brain-state dynamics
	Identification of clinical phenotypes

	Discussion
	Supplementary Materials
	Model selection
	Robustness of OT-based clustering to matrix symmetrization 
	Interpretation of OT-MDS dimensions 
	FC-based clustering


