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Abstract. Intracerebral hemorrhage (ICH) is a critical condition where
rapid, objective brain injury assessment is vital for treatment planning
and prognosis. In clinical practice, although the Glasgow Coma Scale
(GCS) evaluates brain injury severity, it relies on indirect assessments by
eye-opening, verbal, and motor responses, making its accuracy suscepti-
ble to the patient’s clinical status. Furthermore, this manual evaluation is
hindered by significant subjectivity and limited efficiency. Consequently,
automated multimodal evaluation via deep learning has become a re-
search priority. However, existing methods struggle with feature redun-
dancy and distributional heterogeneity across modalities, often failing to
capture complex inter-patient variations via static fusion strategies. To
address this problem, we propose ICH-DIANet, a novel framework inte-
grating 3D Computerized Tomography (CT) images and clinical text for
automated brain injury grading. The framework’s Modality Disentan-
glement Module (MDM) projects features into both a modal-consistent
subspace and a modality-specific subspace via orthogonality constraints,
effectively eliminating redundancy while preserving complementary in-
formation. Additionally, a proposed Attention-Based Mixture-of-Experts
Module (AMoE) employs a dynamic gating mechanism to adaptively
weight expert outputs based on individual patient characteristics, while
integrating an attention mechanism to facilitate deep cross-modal se-
mantic alignment. Extensive experiments on both private and public
datasets demonstrate that ICH-DIANet significantly outperforms the
state-of-the-art methods in accuracy and robustness.
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1 Introduction

Intracerebral hemorrhage (ICH) represents a major global public health chal-
lenge with high mortality rates [1]. Typically involving seizures and neurological
deficits, ICH prognosis is closely linked to timely acute-phase intervention [2,3].
Rapid and objective assessment of brain injury severity is vital for clinicians
to formulate precise treatment strategies, directly impacting patient outcomes.
The Glasgow Coma Scale (GCS), a cornerstone clinical tool for quantifying con-
sciousness impairment, ranges from 3 to 15 based on assessments of eye-opening,
verbal, and motor responses [4]. Clinically, brain injury is categorized as severe
(3-8), moderate (9-12), or mild (13-15) based on GCS [5]. However, this indi-
rect evaluation based on external behavioral feedback is highly susceptible to the
patient’s clinical status. Under consciousness suppression or sedation, the scales
reliance on subjective responses often yields underestimated scores, failing to ob-
jectively reflect the actual brain injury severity. Furthermore, GCS assessment
involves significant inter-rater variability and high human-resource dependency,
where evaluations may fluctuate across different observers or even for the same
observer over time.

To address the limitations of GCS in evaluating brain injury, advancing Ar-
tificial Intelligence (AI) offers standardized, automated, and more direct clinical
diagnostic solutions. Although research has transitioned from traditional ma-
chine learning to three dimension (3D) deep learning to address early deficien-
cies in semantic modeling and spatial reliability [6,7,8,9,10,11,12], unimodal
data remains inherently limited in reflecting comprehensive patient information.
Consequently, some studies attempt multimodal fusion, which only adopts di-
rect input of laboratory results or scale scores, failing to effectively model the
latent correlations between imaging and clinical features [10,13]. To further ex-
ploit inter-modal interaction potential, explicit fusion mechanisms have been
introduced to mitigate cross-modal heterogeneity through deeper alignment op-
erations [14,15,16,17]. These methods typically employ fixed fusion strategies,
overlooking inter-patient pathological heterogeneity. In fact, the diagnostic con-
tributions of imaging features versus clinical text vary significantly across cases.
Moreover, unstripped intra-modal noise and redundancy often impede effective
cross-modal semantic alignment.

To deal with these aforementioned problems, in this paper, we propose ICH-
DIANet, a modality-disentangled and attention-expert interaction network for
brain injury assessment by integrating 3D CT images with clinical reports. First,
to address the prevalent issues of information redundancy and noise interference
in multimodal data, we design a Modal Disentanglement Module (MDM). By
employing an orthogonality constraint mechanism, the MDM decouples raw fea-
tures into modal-shared and modality-specific features, effectively eliminating
redundancy while maximizing the preservation of complementary key features.
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Second, since inherent inter-individual variability often renders a single fusion
strategy inadequate for extracting critical features, we introduce an Attention-
Based Mixture-of-Experts Module (AMoE). This allows the module to adap-
tively focus on the unique feature distributions of different patients, fully ex-
ploiting the distinct information within each modality to achieve more precise
predictions. Extensive experiments on private and public datasets consistently
validate the effectiveness and superiority of our approach.

2 Methods

2.1 Model Architecture

The overall architecture of the proposed ICH-DIANet is illustrated in Fig. 1.
The framework consists of four primary components: a feature extraction mod-
ule, a modality disentanglement module, an attention-based mixture-of-experts
module, and a classifier. In the feature extraction module, a pre-trained 3D
ResNet-10 [18] and BioClinical BERT [19] serve as the vision and text encoders
to extract modality representations f, and f;, respectively, where v and ¢ denote
the visual and textual modalities. The classifier comprises two fully connected
layers.

Modality Disentanglement Module
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Fig. 1: Architecture of Model.

2.2 Modality Disentanglement Module

To decouple intra-modal shared and specific features, we design the Modality
Disentanglement Module, which projects input features from each modality m €
{v,t} into distinct latent subspaces. Specifically, the shared feature f3, captures
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cross-modal consistency, while the specific feature fF, extracts modality-specific
heterogeneity. The decomposition is formalized as:

fo = E*(fm), (1)
fin = Ep(fm), (2)

where E denotes a two-layer fully-connected encoder, and both f;;, and fP are
d-dimensional feature vectors. To prevent semantic distortion during projection,
we introduce a self-reconstruction mechanism. The reconstruction encoder D,,
encodes the decoupled features to generate reconstructed features f,,, thereby
preserving the integrity of the original input information. The reconstruction
process is defined as:

where z,, = f5, + ff and D,, similarly consists of two fully-connected layers.

2.3 Attention-Based Mixture-of-Experts Module

Our proposed Attention-Based Mixture-of-Experts Module consists of a gating
network and four parallel expert networks. The gating network dynamically as-
signs weights to experts based on input features, yielding a robust fused represen-
tation via weighted summation. Diverging from traditional MoE architectures,
our design enables each expert to specialize in a distinct feature subset, ensuring
collective contribution to the final output.

Gating Network. The gating network generates the expert weight distribution
w using ;7 and f? from the MDM as inputs. The process is formalized as follows:

logits = W1 x (Relu(Wo x [f2, 12, 12, f21), (4)

w = softmax(logits), (5)

where W and W5 represent learnable weight matrices.

Transformer Fusion. This expert is designed to capture long-range cross-
modal dependencies between visual features Fv and text features F't. By lever-
aging a cross-attention mechanism, the module enables text semantics to actively
align with and select the most relevant visual regions. This process facilitates the
generation of text-guided visual representations with deep semantic-level fusion.
The specific implementation process is as follows:

E):Norm([f{j’ff])aFt:[ftsaftp]v (6)

Q=W xF,K; =W x F,,V; =W} xF, (7)

. QK]
Head; = Attention(Q;, K;,V;) = softmaz 7 V (8)
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F,+ = concat(Heady, Heads, ..., Head,,), (9)
Fadd:Fv<—t+Fva (10)
Ftrans = Wtrans(Fadd + FFN(NOTm(Fadd)))v (11)

where @), K;, and V; denote the query, key, and value vectors in the j-th at-
tention head, respectively, and d represents the vector dimension. Wy,qps, WJQ,
WjK , and ij are all learnable weight matrices.

Self Fusion. This expert focuses on learning the internal structure of modal fea-
tures. By emphasizing intra-modal dependencies, it ensures the model preserves
modality-specific information while enhancing representation capacity. The pro-
cess is formally described as follows:

Foerf = Weery x SA(Norm([Fy, Fy))), (12)

where SA(-) denotes the self-attention mechanism and W represents a learn-
able weight matrix.

Layer Fusion. Inspired by MOME [20], this expert is designed to facilitate
hierarchical interaction between visual features F, and text features F};. This
mechanism achieves indirect coupling and bidirectional alignment through pro-
gressive attentional interactions, effectively avoiding direct inter-modal informa-
tion exchange. Specifically, the process first utilizes text features as reference
information to guide the internal information interaction within F,:

G1 = SA([Fy, Fi])[: 2,1, (13)

where (G represents the visual feature slice integrated with text-based refer-
ence information. Subsequently, G; provides semantic guidance back to the text
features Fj:

G2 = SA([Fy, G1))[: 2,1, (14)
where GG denotes the text feature slice integrated with a visual-based reference

information. Finally, G; and G are fused via a fully-connected (F'C) layer.

Drop Fusion. This expert aims to strengthen feature extraction for a single
dominant modality. The process is formulated as:

Fprop = Fy. (15)

2.4 Loss Function

To promote inter-modal consistency, we introduce the modal sharing loss Lga¢per
to maximize the similarity between f; and f7. We employ cosine similarity to
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measure feature correspondence and minimize their distance within the modality-
consistent subspace:

S f()T
Lyather = 16
gath Z RN (16)

Where T denotes the transposition and n denotes the batch size. To ensure
effective feature disentanglement and minimize redundancy, we introduce the
intra-modal decoupling loss Lg;fy to maximize the difference between shared
and specific features. This loss guides feature separation by increasing the rep-
resentational distance in the subspace:

1 n
Laigy == > I e + 15D NI, (17)
i=1
where || - || denotes the Frobenius norm. Furthermore, to mitigate represen-

tation distortion, we employ Mean Squared Error (M SE) loss to quantify the
information loss between f,, and f,,:

L7ec:MSE(fvafv)+MSE(ﬁaft) (18)

Finally, weighted binary cross-entropy loss serves as the primary task loss Liqsk.
The total objective function Ly for model optimization is defined as:

Ltotal = Ltask + Lgather + Ldsz + Lrec~ (19)

3 Experiments

3.1 Dataset and Experimental Details

Dataset. This study evaluates the proposed method on one private and one
public dataset. The private dataset comprises 292 non-traumatic ICH cases. We
also incorporate a public dataset [21], where we filter 110 cases for non-traumatic
ICH. Both datasets consist of 3D CT images paired with clinical reports, e.g.,
gender, age, onset time, and so on. The private dataset includes 122 mild, 108
moderate, and 62 severe cases, while the public dataset contains 46 mild, 41
moderate, and 23 severe cases. For CT preprocessing, we first separate the skull
using a pre-trained nn-Unet [22] to minimize background interference. All images
are subsequently resampled to a uniform resolution of 64 x 256 x 256, followed
by normalization and zero-padding to satisfy the model input requirements.

Experimental details. Experiments are conducted on a single NVIDIA A40
GPU for 300 epochs with a batch size of 8. We utilize the Adam optimizer with
an initial learning rate of le-4, adjusted by a cosine annealing scheduler and a
weight decay of 5e-4. Performance is evaluated via five-fold cross-validation using
Accuracy, Precision, AUC, and F1-score. To mitigate overfitting, training data
are augmented with random rotations within [—20°, 20°] across various axes and
random translations within [-10, 10] pixels.
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Fig. 2: Model visualization results. (i) Comparison of Grad-CAM heatmaps from
baseline methods (a)-(f) (ResNet, DL-Based Method, DAFT, IRENE, CFDL,
and ICHPro) against our approach, where color intensity reflects the model’s
focus on lesion regions. (ii) t-SNE visualization of the 2D feature distribution
processed by the MDM.

Table 1: Comparative performance on private and public datasets.

Private Dataset

Public Dataset

Method
Acc(%) Pre(%) AUC  F1 Acc(%) Pre(%) AUC  F1

IB-OP [23] 57.63 59.40 0.7566 0.5735 63.63 58.79 0.7815 0.5457
ResNet [24] 73.57 74.58 0.8256 0.7314 62.50 59.76 0.6942 0.5707
DL-PP [13] 76.43 77.31 0.8570 0.7600 71.25 74.68 0.7279 0.7098
IRENR [15] 58.21 55.12 0.6731 0.5472 60.00 61.17 0.6470 0.5541
DAFT [25] 66.07 67.44 0.7580 0.6599 65.00 69.14 0.7160 0.6505
CFDL [26] 69.14 62.57 0.8307 0.6468 61.82 53.40 0.7088 0.5360
ICHPro [16] 75.00 75.96 0.8404 0.7462 7091 74.83 0.7443 0.6908

Ours 81.50 81.77 0.8801 0.8129 79.09 82.71 0.8289 0.7836

3.2 Comparison Results

To evaluate the proposed method, we compare it against seven state-of-the-
art baselines on both datasets, with the results summarized in Table 1 and
Fig. 2(i). Compared to the 2D Image-Based Method [23], our approach yields
effective accuracy improvements by incorporating comprehensive 3D spatial con-
text. Against the 3D-only ResNet [24], ICH-DIANet achieves accuracy gains of
7.93% and 16.59%, and Fl-score increases of 0.0815 and 0.2129 on the pri-
vate and public datasets, respectively. This substantial improvement is pri-
marily attributed to the effective integration of clinical text. Furthermore, our
method outperforms the joint-attention-based ICHPro [16] across all metrics
and achieves the highest AUC on both datasets, demonstrating its superiority in
feature de-redundancy, deep cross-modal interaction, and class discrimination.
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3.3 Ablation Experiment

To validate the effectiveness of the proposed MDM and AMoE, we conduct ab-
lation studies on both private and public datasets, with the results summarized
in Table 2. The inclusion of MDM alone yields superior performance over the

Table 2: Ablation study results on the private and public datasets.
Private Dataset Public Dataset
Acc(%) Pre(%) AUC  F1 Acc(%) Pre(%) AUC  F1

76.03 77.19 0.8539 0.7566 72.73  77.54 0.7937 0.7061
79.13 80.04 0.8794 0.7913 74.55 76.46 0.8045 0.7371
79.44 79.81 0.8630 0.7891 75.45 79.69 0.8147 0.7536

81.50 81.77 0.8801 0.8192 79.09 82.71 0.8289 0.7836

MDM AMoE

N X SN X
NS X X

baseline across both datasets, indicating that the module enhances feature dis-
criminability through effective disentanglement. We visualize the output features
from the modal-shared and modality-specific encoders by projecting them into a
2D plane, as shown in Fig. 2(ii). These intuitive spatial distributions demonstrate
that the MDM effectively separates modal-shared and modality-specific features
while maintaining cross-modal consistency for shared information. Similarly, in-
tegrating only the AMoE significantly improves metrics such as AUC and preci-
sion, demonstrating its efficacy in inter-patient feature variance and cross-modal
alignment. The full configuration, combining MDM and AMoE, achieves peak
performance across all evaluation metrics, substantially outperforming both the
baseline and single-module variants. This demonstrates that MDM and AMoE
are complementary rather than redundant. Their synergy effectively overcomes
the limitations of individual modules.

Table 3: Ablation results of loss functions on private and public datasets.
Private Dataset Public Dataset
Acc(%) Pre(%) AUC F1 Acc(%) Pre(%) AUC  F1

7774 79.60 0.8490 0.7751 72.73  73.97 0.7630 0.7134
77.05 7842 0.8491 0.7667 73.64 75.88 0.7974 0.7309
78.76 80.90 0.8536 0.7836 75.45 73.31 0.7443 0.7345
77.40 78.09 0.8441 0.7727 72.73  76.28 0.7890 0.7098
79.80 80.84 0.8552 0.7914 76.36 79.51 0.8048 0.7571
80.81 81.49 0.8790 0.8075 77.27  80.30 0.8327 0.7670
80.47 81.59 0.8763 0.8007  78.18 78.43 0.8015 0.7804

81.50 81.77 0.8801 0.8192 79.09 82.71 0.8289 0.7836

Ldiff Lgather Lrec

NIX NN X X N X
NS X A X NX X
NS X SN X X X

To evaluate our proposed loss functions, we conduct ablation experiments
as summarized in Table 3. Initially, adding only Lg;s5 or L. yields limited
improvements over the baseline, suggesting that without synergistic interaction,
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these individual losses fail to provide sufficient constraints for the feature space.
Conversely, introducing Lgq¢her alone improved accuracy across both datasets,
demonstrating that enhancing modal-shared subspace consistency directly op-
timizes cross-modal alignment. Furthermore, combining any two loss functions
significantly outperformed both the baseline and individual losses, while the in-
tegration of all three losses achieves optimal performance, confirming the efficacy
and necessity of each component.

4 Conclusion

In this work, we propose ICH-DIANet, a network for assessing brain injury
severity in ICH patients by fusing CT imaging and clinical reports. We employ
modality disentanglement to minimize intra-modal redundancy and design a
dynamic fusion mechanism to adaptively weight expert outputs, effectively cap-
turing global cross-modal dependencies for enhanced alignment and fusion. Ex-
perimental results on real-world clinical datasets demonstrate that our method
outperforms the state-of-the-art baselines across all performance metrics.
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