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Multimodal medical data fusion technology and its application
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Jinan 250012, Shandong, China; 2. National Institute of Health and Medical Big Data, Jinan 250003, Shandong, China;
3. Qilu Hospital of Shandong University, Jinan 250012, Shandong, China)

Abstract; With the explosive growth of multi-source medical data such as bio-multi-omics, medical imaging, and
electronic health records, a single modality is unable to characterize the biological heterogeneity of complex diseases.
Multimodal medical data fusion technology provides new possibilities for disease prediction and treatment by integrating
heterogeneous information at the feature level, representation level, and decision level. This study systematically reviews
the progress of fusion methodologies based on deep learning and statistical modeling in recent years, including end-to-
end frameworks driven by Transformer and graph neural networks, explicit probabilistic inference supported by Bayesian
and latent factor models, and new theoretical perspectives such as information bottlenecks and commonality-specificity
decomposition to enhance representation effectiveness. In view of cross-modal heterogeneity and high-dimensional
sparsity, this paper summarizes three types of fusion strategies, namely early, mid-, and late-stage, as well as training
paradigms such as collaborative training and multi-view alignment, and discusses the role of attention mechanisms in
capturing complementary information. Further combined with application cases such as cancer prognosis, biomarker
discovery, drug response prediction, and clinical decision support, this paper explains the advantages and challenges of
fusion models in improving prediction performance, enhancing interpretability, and fitting clinical workflows. This
paper proposes future research directions for clinical implementation: building a secure and compliant federal data lake,
developing a causal explainable fusion framework, and strengthening deep coupling with medical care processes to
achieve a closed-loop transformation from multimodal data to precision diagnosis and treatment.
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Figure 1 Deep learning-driven multimodal fusion

A: An illustration of a Transformer-based fusion model; B: Graph neural network-based fusion; C. Multimodal self-

supervised pretraining schematic.
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Figure 2  Statistical model-driven multimodal fusion

A': Bayesian fusion methods; B. Latent variable models and multimodal factor analysis; C. Joint-and-individual variation

models.
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Figure 3  Graph-structure-driven multimodal data fusion
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Table 1 Characteristics of different multimodal fusion methods categories
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Figure 4 Multimodal omics data for bioinformatics
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Figure 12 Prognostic analysis based on multimodal fusion

(EAS— 4R A, 20025 TS A6 Al vl 4l B o7
PR, RS KBS P2 SR 7 SR AR R, Al
LA 1 Hh ot 2T RURR T B AR E AL, N, dn SR
il T T A A8 A RS A T A2 A AR, D R A T
MR ALY o 7R LR S SR DA T Y
G, XM RO AR A TR 21
e PR IK U P 5 1 e i PR i s A L 1] £ i
o, VIR WU 15 75 BT, R el
21 KPR R AT I e 3 kR B
FlE A Y EAEE IR T T SR A R, S B A
e+,

ST AERIE TS Y55 T, SRS Ra ok
FRPRS RE B2 RIS 22 i © 2845 300 20 ik, Pk A7

BRAFSAR L 2

,_____________________________________________
S S ——,

S .
I A B

B T 55

SIORKE =

TS ke
e TN

FANT AT IR BC X Z RS % (40 TCGA $2
T ZRBBAR AR RAR) . Rk, EZ
FTAES 157 R LS T R A 1 B e Sl ik 2l £
B ECIE A G RSB T 2L 22 s A AR WA
A SCBUR B AR 2 S MR U O B IR B A
— ELR AR 58 53 3 ik TSR, A7 BB A D — AR
ORI 2R GEI T IR, A 67 28 1l 5 A Y
YT MBSV
42 HERCEHAESTAZN

PR T BUR SN, RS EL G FEDOR B9 12 o B A
AL A 8t Je it BR A E X HL R oy 1
WA Z WA B XA AT B AN B 7328 (o 1o
B R Gy ) 3R SARHEIRT T (B 13)

HEE 5 T
8%

o

BRI P
W41 R alallad

HBME PR

| *
Lo )

Bl 13 T 2RSS W PRi2 w1

Figure 13 Disease diagnosis and subtyping based on multimodal fusion
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