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Abstract. Post-traumatic epilepsy (PTE) is a severe complication of
traumatic brain injury (TBI). Yet, early identification remains challeng-
ing due to the complex structural and functional alterations it induces in
the brain. To address this, we propose a dynamic multimodal Mixture-of-
Experts (MoE) framework that integrates functional and structural con-
nectivity through time-aware functional-structural encoding and class-
conditioned expert routing. Within this framework, modality-specific
and cross-modal experts learn complementary representations, while a
Modality-Class MoE (MCoE) module dynamically adjusts expert weights
according to each classification objective. Experimental results across
three binary classification tasks demonstrate that the framework consis-
tently outperforms static fusion baselines, and interpretability analyses
further reveal meaningful interactions among regions of interest (ROIs).
This dynamic multimodal expert framework effectively captures class-
dependent brain interaction patterns and provides an interpretable ap-
proach for PTE diagnosis and risk stratification.

Keywords: Post-traumatic epilepsy · Traumatic brain injury · Struc-
tural connectivity · Functional connectivity · Mixture-of-Experts · Mul-
timodal fusion

1 Introduction

Traumatic brain injury (TBI) remains a leading cause of morbidity and mortality
worldwide, affecting millions annually and imposing substantial socioeconomic
burdens [1, 2]. Among its long-term complications, TBI carries a significant la-
tent risk of progression to post-traumatic epilepsy (PTE), which is associated
with high recurrence rates and, in severe cases, may lead to mortality. PTE is
characterized by recurrent unprovoked seizures occurring more than seven days
after injury [3–5].
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Currently, structural and functional connectivity offer high spatial resolu-
tion and network-level insights that effectively complement electroencephalo-
gram (EEG) limitations. Structural MRI can precisely detect microstructural
damage, brain atrophy, and hippocampal or thalamic volume loss [6–8]. More-
over, resting-state functional magnetic resonance imaging (fMRI) further reveals
functional connectivity abnormalities associated with the transition from TBI
to PTE, such as thalamocortical hyperconnectivity, excessive integration, and
reduced segregation patterns, thereby capturing the network mechanisms un-
derlying epileptogenesis [9, 10].

However, most existing studies employ only structural MRI [7, 8] or fMRI
individually [11], focusing on structural damage (such as lesion volume and hip-
pocampal or thalamic atrophy) or functional connectivity abnormalities (such
as hyperconnectivity patterns) [9, 12]. Although these studies reveal significant
differences in specific brain regions (e.g., temporal lobe and cerebellum), uni-
modal models generally yield lower predictive accuracy compared to multimodal
integration and cannot simultaneously capture temporal dynamics and spatial
network information, resulting in insufficient explanatory power for the hetero-
geneous progression of PTE [13–16].

Emerging evidence suggests that multimodal integration can substantially
improve PTE prediction accuracy. For instance, machine learning models com-
bining structural MRI, functional MRI, and EEG have achieved AUC values
above 0.78 [11]. However, multimodal fusion faces several fundamental chal-
lenges. First, most fusion strategies project all modalities into a single shared
feature space, potentially leading to information loss. Second, modality compe-
tition may arise during fusion, where dominant modalities overshadow weaker
ones, and inter-individual variability in modality informativeness is often ne-
glected. Finally, different TBI or PTE phenotypes may benefit from distinct pri-
mary modalities, necessitating adaptive rather than uniform weighting of modal-
ity contributions. To address the above limitations, we propose three modules
to handle the challenges of dynamic fMRI and diffusion MRI (dMRI)-derived
structural connectivity integration. Our contributions are as follows: (1) We de-
sign a temporal MoE mechanism that leverages structural connectivity to guide
the selection of the most informative patches within fMRI temporal segments
for cross-modal fusion and routing. (2) Modality-specific experts (MSoEs) are
employed to extract individual feature representations from each modality, pro-
ducing dedicated embeddings that preserve modality-unique information. (3)
A class-based MoE module adaptively selects the most class-relevant modality
patches to facilitate more discriminative classification.

2 Methodology

As illustrated in Fig. 1, DynFS-MoE consists of three components: (1) a time-
aware functional-structural encoder that extracts temporal fMRI and structural
connectivity representations into refined modality patches through segment-wise
fusion; (2) a mixture-of-experts layer composed of modality-specific experts and
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Fig. 1. Overview of the proposed DynFS-MoE framework.

cross-modal experts, which capture both modality-specific characteristics and
cross-modal interactions; and (3) a modality-class MoE (MCoE) routing module
that dynamically assigns expert weights using a gating mechanism conditioned
on class-aware representations. The routed expert outputs are combined to select
the most suitable multimodal features for classification.

2.1 Expert Space and Routing Formulation

We define the expert set as E = {e1, e2, . . . , eJ}, where J denotes the total
number of experts and each expert is parameterized as a learnable transforma-
tion ϕj : RD → RD. The expert set comprises modality-specific experts, which
specialize in processing representations from either fMRI or dMRI, and cross-
modal experts, which capture interactions between functional and structural
modalities. To formalize the routing process, we introduce three discrete ran-
dom variables: the modality patch variable P ∈ P, the expert variable E ∈ E ,
and the diagnostic label Y ∈ {1, . . . , C}, where C denotes the number of diag-
nostic categories. The routing mechanism is modeled as a class-conditioned joint
distribution Pθ(P,E | Y ), parameterized by θ, which defines the probability of
assigning modality patches to experts conditioned on the class-specific represen-
tation. This probabilistic formulation enables class-aware expert selection and
adaptive integration of modality-specific and cross-modal information, allowing
the model to dynamically allocate expert capacity according to diagnostic rele-
vance.

2.2 Time-Aware Functional-Structural MoE Encoder

Throughout this paper, we denote fMRI BOLD signals F ∈ RR×T and the
structural connectivity matrix, denoted as S ∈ RR×R, where R is the number of
regions of interest (ROIs) and T is the number of time steps. To jointly model
the temporal dynamics of fMRI and the structural information from dMRI,
we propose a time-aware functional-structural encoder that converts raw mul-
timodal inputs into refined modality-specific patches. Our goal is to learn a
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classifier fθ : (F,S) → Y, parameterized by θ, which predicts the diagnostic
label y ∈ Y = {1, ..., C}.

Modality Patch-Wise Representation. To explicitly model temporal dy-
namics, the fMRI sequence is partitioned into K =

⌊
T
L

⌋
non-overlapping tempo-

ral segments of fixed length L as patches, where each modality patch represents
an embedding of modality-specific temporal (fMRI) or structural connectivity
information. Specifically, the fMRI temporal patches F = {F (1), F (2), ..., F (K)}
with each F (k) ∈ RR×L. For the structural modality, we obtain a compact repre-
sentation by extracting the upper-triangular entries of the connectivity matrix,
denoted as vec△(S) ∈ R

R(R+1)
2 , where vec△(·) collects elements Si,j satisfying

1 ≤ i ≤ j ≤ R. We then encode temporal patches and structural patches to MLP
layer ϕ(·) as same dimensional embedding f (k) ∈ RD and s ∈ RD, respectively.
The projected unified modality patch space is P = {f (1), . . . , f (K), s}, with car-
dinality |P| = K + 1. This unified patch formulation enables both temporal
functional patches and structural connectivity features to be processed within
the same MoE routing framework described in Section 2.3 and 2.4, facilitating
structured expert assignment and cross-modal integration.

Cross-Modal Interaction Fusion. Unlike previous approaches that adopt a
traditional unified modality paradigm, we propose a lightweight cross-modal fu-
sion to integrate structural connectivity features into each fMRI temporal patch
prior to MoE routing. For each temporal patch, a scaled dot-product gating is
performed as:

f̃ (k) = f (k) + α(k)WV s, (1)

where the gating coefficient α(k) = σ

(
(WQf(k))

⊤
(WKs)

√
D

)
∈ (0, 1) is a scalar sig-

moid gate that adaptively modulates the contribution of structural connectivity
to each functional patch. Next, a feed-forward projection is applied to produce
the cross-modal fused embedding z

(k)
fused with MLP ϕ(f̃ (k)).

2.3 Modality-Specific MoEs (MSoEs)

To capture modality-specific characteristics, we employ modality-specific MoEs
operating on modality patch embeddings pi ∈ P, pi ∈ RD. Given the expert set
E , and a gating function computes routing probabilities

πj(pi) = Pθ(E = ej | P = pi) = softmaxj(Wgpi) . (2)

where πj(pi) represents the routing probability of assigning patch pi to expert
ej , and

∑J
j=1 πj(pi) = 1. We can calculate the modality-specific representation

with a weighted combination of expert outputs zspeci =
∑J

j=1 πj(pi)ϕj(pi), which
allows different experts to capture heterogeneous modality-specific patterns in
functional dynamics and structural connectivity, thereby improving representa-
tion expressiveness prior to class-conditioned routing in the next Section 2.4
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2.4 Modality-Class MoE (MCoE) with Class-Conditioned Routing

Inspired by existing work [17], we introduce the Modality-Class Mixture of Ex-
perts (MCoE) module, which enables different classes to learn the most suitable
modality representations according to their assigned modality combinations and
expert specialization. Specifically, the joint distribution Pθ(P,E|Y ) allows differ-
ent diagnostic classes, e.g., healthy control (HC), TBI, and PTE, to dynamically
route modality patches to specialized experts, capturing heterogeneous modality
dependencies.

Formally, the input to this module is the set of refined modality patch em-
beddings Z = {zi}|P |

i=1, where each zi ∈ RD incorporates cross-modal fusion
and modality-specific processing from prior layers (Sections 2.2 and 2.3). We
compute class-conditioned routing logits as:

L = f(Z)⊙ Φ ∈ RB×|P |×J×C . (3)

where B denotes the batch size, and Φ ∈ R|P |×J×C is the parameter matrix.
Next, we design the dispatch weights Dijy =

exp(Lijy)∑|P |
i′=1

exp(Li′jy)
, which aggregate

patches for each expert per class, representing P (Pi | Ej , Y = y). For each class y
and expert j, the expert input is a weighted sum augmented by class embedding
cy ∈ RD with the class-conditioned expert input ujy and expert output ojy can
be expressed as:

ujy =

 |P |∑
i=1

Dijy · zi

+ cy, ojy = ϕj(ujy), (4)

To combine expert outputs into class-specific features, we compute combine
weights Cjy =

exp(L̄jy)∑J
j′=1

exp(L̄j′y)
via softmax over experts, using logits from mean-

pooled Z, and we can yield the fused feature h for class y as hy =
∑J

j=1 Cjy ·ojy,
where class-specific features {hy}Cy=1 are concatenated with modality-specific
representations and passed to a final MLP classifier for predicting y.

2.5 Brain Interpretability Regularizer

Our training aims to promote diagnostic relevance using class-conditioned rout-
ing, allowing expert capacity to be allocated adaptively. To encourage class-
distinctive patterns, we add a brain interpretability regularizer maximizing con-
ditional mutual information I(P ;E | Y ) = H(P | Y )−H(P | E, Y ). Using logits
L, joint and marginal probabilities are P (Pi, Ej | Y ) =

exp(Lijy)∑|P |
i′=1

∑J
j′=1

exp(Li′j′y)
,

and class-conditioned mutual information (CMI) can be written as:
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Iθ(P ;E | Y )

=

C∑
y=1

P (Y = y)

|P |∑
i=1

J∑
j=1

Pθ(Pi, Ej | Y = y) · log
(

Pθ(Pi, Ej | Y = y)

Pθ(Pi | Y = y) · Pθ(Ej | Y = y)

)
(5)

Formally, the overall objective is to minimize the following loss over all model
parameters θ:

min
θ

E(F,S,y)∼D

[
Lcls

(
fθ(F,S), y

)
− λ Iθ(P ;E | Y )

]
(6)

where Lcls is the cross-entropy loss, and Iθ(P ;E | Y ) is the CMI encouraging
class-specific modality routing, and λ is the balancing hyperparameter.

3 Experimental Setting and Results

In this study, we acquired MRI data from participants, including HC (n=26),
TBI (n=24), and PTE (n=19) using a 3T Siemens Prisma scanner, including
diffusion-weighted imaging. Preprocessing was performed using SPM, MRtrix3,
and FSL. T1 images were segmented and normalized to MNI space, and func-
tional images were motion-corrected, co-registered, and normalized. Particularly,
structural connectivity matrices were constructed from diffusion-weighted imag-
ing via DTI tractography using the AAL atlas (116 regions) [18].

3.1 Classification Performance Results

In this section, we evaluated DynFS-MoE on three binary classification tasks.
As shown in Table 1, DynFS-MoE achieves the best AUC across all three
tasks and competitive ACC/F1, with the strongest improvements observed for
HC vs. PTE and TBI vs. PTE. For HC vs. TBI, DynFS-MoE achieves an
AUC of 0.77, surpassing the strongest baseline EarlyFusion (AUC=0.74) by a
substantial margin. The performance gains are most pronounced in the clinically
challenging HC vs. PTE and TBI vs. PTE tasks, where DynFS-MoE attains
AUCs of 0.84 and 0.82, respectively. Notably, several graph-based methods (Fu-
sion+GCN, FBNetGen) yield near-zero F1 scores on PTE-related tasks, suggest-
ing that static fusion strategies fail to capture the heterogeneous multimodal
patterns underlying epileptogenesis. For HC vs. PTE, DynFS-MoE further
achieves statistically significant improvements in both AUC and F1 (p < 0.001),
with F1=0.81 outperforming the best baseline MultiViT (F1=0.74). For TBI vs.
PTE, DynFS-MoE also yields significant gains (p < 0.001) with low variance
(ACC=0.77±0.01, AUC=0.82±0.07), demonstrating stable and reliable perfor-
mance under dynamic multimodal routing.
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Table 1. Performance comparison across different classification tasks. Statistical sig-
nificance was evaluated between DynFS-MoE and the best remaining baseline using
Welch’s t-test (* p < 0.05, ** p < 0.01, *** p < 0.001).

Cohort Model ACC AUC F1

HC vs. TBI

fMRI-FC+MLP 0.76±0.19 0.72±0.28 0.62±0.35
dMRI+MLP 0.76±0.10 0.70±0.12 0.73±0.12
Fusion+GCN [19] 0.52±0.07 0.56±0.15 0.40±0.23
FBNetGen [20] 0.54±0.08 0.56±0.05 0.25±0.30
EarlyFusion 0.76±0.10 0.74±0.12 0.70±0.12
IBGNN [21] 0.68±0.12 0.67±0.18 0.65±0.16
IBrainGNN [22] 0.60±0.09 0.46±0.23 0.41±0.25
AGIIBM [23] 0.70±0.11 0.55±0.14 0.64±0.19
MultiViT [24] 0.74±0.10 0.71±0.14 0.76±0.07
Contrasformer [25] 0.72±0.07 0.60±0.09 0.73±0.06
DynFS-MoE 0.76±0.05 0.77±0.09 0.72±0.16

HC vs. PTE

fMRI-FC+MLP 0.78±0.10 0.73±0.13 0.73±0.11
dMRI+MLP 0.76±0.08 0.78±0.06 0.63±0.18
Fusion+GCN [19] 0.58±0.04 0.42±0.19 0.00±0.00
FBNetGen [20] 0.62±0.09 0.44±0.08 0.25±0.31
EarlyFusion 0.71±0.09 0.65±0.18 0.51±0.16
IBGNN [21] 0.60±0.05 0.70±0.27 0.18±0.22
IBrainGNN [22] 0.62±0.09 0.39±0.26 0.16±0.32
AGIIBM [23] 0.71±0.13 0.61±0.31 0.40±0.35
MultiViT [24] 0.78±0.07 0.70±0.10 0.74±0.06
Contrasformer [25] 0.80±0.11 0.68±0.18 0.72±0.20
DynFS-MoE 0.84±0.05∗ 0.84±0.10∗∗∗ 0.81±0.08∗∗∗

TBI vs. PTE

fMRI-FC+MLP 0.72±0.06 0.67±0.13 0.69±0.10
dMRI+MLP 0.68±0.08 0.55±0.08 0.58±0.12
Fusion+GCN [19] 0.56±0.04 0.51±0.26 0.00±0.00
FBNetGen [20] 0.58±0.03 0.41±0.21 0.08±0.16
EarlyFusion 0.67±0.15 0.65±0.12 0.60±0.19
IBGNN [21] 0.61±0.04 0.57±0.10 0.42±0.35
IBrainGNN [22] 0.56±0.04 0.55±0.24 0.00±0.00
AGIIBM [23] 0.63±0.11 0.52±0.14 0.25±0.32
MultiViT [24] 0.70±0.11 0.59±0.13 0.50±0.20
Contrasformer [25] 0.59±0.10 0.31±0.18 0.37±0.21
DynFS-MoE 0.77±0.01∗∗∗ 0.82±0.07∗∗∗ 0.70±0.04

3.2 Ablation Studies

Class-Conditioned Routing Mechanism. We compare class-conditioned
routing against a uniform prior baseline in an ablation study. As shown in Ta-
ble 2, class-conditioned routing consistently improves AUC across all tasks, with
pronounced gains in TBI vs. PTE (0.79 vs. 0.58) and HC vs. PTE (0.81 vs.
0.72), attributed to its ability to adaptively allocate expert capacity per diag-
nostic class, where PTE down-weights dMRI in favor of early functional patches
while TBI up-weights mid-temporal fMRI and structural features. Although F1
variability may reflect class imbalance, the consistent AUC gains confirm that
class-conditioned routing is essential for learning discriminative, disease-specific
multimodal representations.

Table 2. Ablation study on conditioning strategy

Cohort Setting AUC F1

HC vs TBI Uniform Prior 0.78 ± 0.05 0.73 ± 0.09
Class-Conditioned (proposed) 0.79 ± 0.13 0.67 ± 0.20

HC vs PTE Uniform Prior 0.72 ± 0.16 0.72 ± 0.13
Class-Conditioned (proposed) 0.81 ± 0.04 0.58 ± 0.15

TBI vs PTE Uniform Prior 0.58 ± 0.13 0.54 ± 0.29
Class-Conditioned (proposed) 0.79 ± 0.12 0.71 ± 0.06
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Fig. 2. Class-conditioned multimodal importance and ROI interaction visu-
alization.

4 Functional Brain Interpretability and Structural
Analysis

Fig. 2 (A) and Fig. 2 (B) illustrate the learned cross-modal temporal importance
in brain regions and structural connectivity patterns. Fig. 2 (A) depicts three
complementary interpretability analyses across the three binary classification
tasks. PTE consistently exhibits elevated segment importance at early-to-mid
temporal segments (notably S2–S4), with cross-modal importance curves peak-
ing sharply at S2 in HC vs. PTE and S4 in TBI vs. PTE, suggesting that early
functional-structural interactions are particularly informative for PTE identifi-
cation. The class-specific modality routing further reveals that TBI up-weights
mid-temporal fMRI patches and dMRI, HC distributes weights more uniformly,
and PTE markedly down-weights dMRI in favor of functional patches, demon-
strating adaptive modality reliance across diagnostic classes. Fig. 2 (B) dis-
plays pairwise ROI interaction heatmaps for TBI and PTE across Segments
1, 4, and 7. While both classes share a prominent cerebellar-vermis interac-
tion core, PTE uniquely exhibits progressive recruitment of frontal-occipital
(Frontal_Med_Orb_L, Cuneus, Occipital_Sup/Inf) and auditory cortical re-
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gions (Heschl_R) in later segments, reflecting evolving functional-structural dis-
ruptions involving frontal-occipital, auditory, and cerebellar-vermis regions

5 Conclusion

In this study, we proposed DynFS-MoE, a dynamic multimodal mixture-of-
experts framework for post-traumatic epilepsy (PTE) diagnosis after traumatic
brain injury (TBI). By combining time-aware functional-structural encoding
with class-conditioned expert routing, the model adaptively integrates fMRI
and dMRI information and captures class-specific brain patterns. This dynamic
routing strategy overcomes limitations of static fusion methods and improves
discrimination performance across multiple classification tasks. Moreover, inter-
pretability analyses reveal meaningful ROI interaction patterns, such as thalamic
hyperconnectivity and limbic disruptions, providing clinically relevant insights.
Overall, DynFS-MoE may provide an interpretable tool for PTE classification
and could support future studies on early detection and risk stratification.
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