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[Abstract] Objective To perform in-depth integration and analysis of cancer multi-omics data and
clinical data to enhance the predictive capability for cancer prognosis. Methods Multi-omics data (mRNA,
IncRNA, and miRNA profiles) and clinical data for 3 cancer types, namely ovarian cancer, liver cancer, and
colorectal cancer, were retrieved from The Cancer Genome Atlas (TCGA) database. A novel cancer prognosis
prediction model, MoACG (Multi-omics Attention Clinical Gating Model), was constructed based on the self-
attention mechanism to explore potential associations among different omics layers, and gated fusion was
employed to adaptively integrate multi-omics information with clinical information(age, sex, and treatment

modality) . The effectiveness of the model was validated through comparison with multiple machine learning
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methods, and the interpretability algorithm DeepLIFT was utilized to quantify gene contributions to the model
and identify core prognostic genes. Results In the ovarian cancer, liver cancer, and colorectal cancer
datasets, five-fold cross-validation yielded the area under curve (AUC) values of receiver operating
characteristic (ROC) curve of (0. 793+0. 042), (0. 791+0. 065), and (0. 789+0. 086), respectively, and the AUC
values of precision-recall curve (AUPR) were (0.915+0.020), (0.855+0.058), and (0.917+0. 039),
respectively. The comprehensive performance surpassed that of 9 other machine learning models. Ablation
experiments demonstrated that the 3-omics data integration model exhibited optimal predictive performance
across all cancer types. The DeepLIFT algorithm identified MEDS, DLGAP4, and NABP2 as genes associated
with liver cancer, showing high concordance with existing research findings and effectively stratifying patient
survival risk based on expression levels (P<0.005). Conclusion Compared with previous studies, the
MoACG model, constructed by integrating multi-omics and clinical data, effectively enhances the predictive

performance for cancer prognosis, thereby providing a novel approach for cancer diagnosis, treatment, and
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prognostic research.
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Figure 1 Schematic diagram of the MoACG model
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Table1 Clinical features of 3 different types of cancer datasets
Datasets Clinical features Non-LTS LTS
ov Agelyears
<60 29(17.68%)  135(82.32%)
=60 49(30. 63%) 111(69. 37%)
Treatment
Pharmaceutical 33(22.30%)  115(77.70%)
Radiation 45(25.57%) 131(74.43%)
Median survival time/d 486 1662
LIHC  Agelyears
<60 40(39. 22%) 62(60. 78%)
=60 44(36.67%) 76(63.33%)
Gender
Female 28(35.44%) 51(64.56%)
Male 56(39. 16%) 87(60. 84% )
Treatment
Pharmaceutical 44(36. 67%) 76(63.33%)
Radiation 40(39. 22%) 62(60. 78%)
Median survival time/d 302 2532
COAD  Agelyears
<60 13(22. 41%) 45(77.59%)
=60 34(19.43%)  141(80.57%)
Gender
Female 21(19.81%) 85(80. 19%)
Male 26(20.47%)  101(79.53%)
Treatment

Pharmaceutical
Radiation

Median survival time/d

22(19. 64%)
25(20. 66%)
256

90(80. 36%)
96(79. 34%)
3042

LTS: Long-term survivals; Non-LTS: Short-term survivals; OV:
Ovarian cancer; LIHC: Liver hepatocellular carcinoma; COAD:

Colon adenocarcinoma colorectal cancer
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Table 2 Omics features of 3 different types of cancer datasets
Before dimensionality reduction After dimensionality reduction
Datasets Sample LTS Non-LTS (mRNA, IncRNA, miRNA) (mRNA, IncRNA, miRNA)
()% 324 246 78 16 685,6 531,1 879 200,200,100
LIHC 222 138 84 15 358,3996,1 879 200,200,100
COAD 233 186 47 15775,4 105,1 879 200,200,100
LTS: Long-term survivals; Non-LTS: Short-term survivals; OV: Ovarian cancer; LIHC: Liver hepatocellular carcinoma; COAD:

Colon adenocarcinoma colorectal cancer
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Table 3 Comparison of the MoACG model’s performance on OV data

Models AUC ACC Recall Fl-score AUPR
DT 0. 505+0. 013 0.735+0. 017 0. 947+0. 025 0. 844+0. 013 0. 761+0. 007
KNN 0. 589+0. 060 0.765+0. 011 1. 000+0. 000 0. 866+0. 006 0.795+0. 025
AdaBoost 0. 635+0. 053 0. 744+0. 036 0. 878+0. 043 0. 838+0. 027 0. 826+0. 036
NB 0. 669+0. 027 0. 732+0. 026 0. 784+0. 053 0. 815+0. 025 0. 838+0. 012
XGboost 0.702+0. 075 0. 735+0. 026 0.923+0. 015 0.841+0. 014 0. 881+0. 036
RF 0. 745+0. 096 0. 756+0. 024 0. 988+0. 024 0. 860+0. 016 0. 886+0. 056
SVM 0. 752+0. 072 0. 790+0. 048 0. 903+0. 036 0. 867+0. 030 0. 900+0. 022
LR 0.776+0. 074 0. 827+0. 031 0.976+0. 024 0. 896+0. 018 0. 906+0. 026
MLP 0. 781+0. 057 0. 806+0. 040 0.943+0. 015 0. 881+0. 023 0.908+0. 014
MoACG 0. 793+0. 042 0. 800+0. 060 0.907+0. 035 0. 873+0. 037 0. 915+0. 020

OV: Ovarian cancer; AUC: Area under receiver operating characteristic curve; ACC: Accuracy; AUPR: Area under precision-recall curve
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Table 4 Comparison of the MoACG model’s performance on LIHC data

Models AUC ACC Recall F1-Score AUPR
DT 0.597+0. 021 0. 626+0. 027 0.727+0. 127 0. 703+0. 046 0. 673+0. 019
KNN 0. 639+0. 047 0. 640+0. 022 0. 906+0. 048 0.758+0. 013 0. 713+0. 040
NB 0. 700+0. 032 0. 712+0. 020 0. 805+0. 073 0. 775+0. 021 0. 747+0. 029
SVM 0. 760+0. 059 0. 716+0. 078 0.791+0. 110 0.773+0. 074 0. 819+0. 060
XGboost 0. 760+0. 036 0. 676+0. 032 0. 783+0. 073 0. 749+0. 025 0. 845+0. 038
AdaBoost 0.762+0. 012 0. 689+0. 030 0.791+0. 081 0. 758+0. 036 0. 827+0. 029
MLP 0. 771+0. 060 0. 748+0. 042 0. 856+0. 059 0. 808+0. 032 0. 826+0. 069
LR 0. 784+0. 054 0. 712+0. 050 0. 827+0. 096 0. 779+0. 046 0. 844+0. 064
RF 0. 789+0. 025 0. 685+0. 036 0. 791+0. 098 0. 754+£0. 044 0. 858+0. 031
MoACG 0. 791+0. 065 0. 738+0. 043 0. 804+0. 055 0. 791+0. 065 0. 855+0. 058

LIHC: Liver hepatocellular carcinoma; AUC: Area under receiver operating characteristic curve; ACC: Accuracy; AUPR: Area

under precision-recall curve

*5 MoACG #EI7E COAD HiEHIIERE L2
Table 5 Comparison of the MoACG model’s performance on COAD data

Models AUC ACC Recall F1-Score AUPR
DT 0. 512+0. 028 0. 777+0. 024 0.957+0. 021 0. 873+0. 014 0. 802+0. 018
KNN 0. 600+0. 052 0. 803+0. 008 1. 000+0. 000 0. 890=+0. 005 0. 834+0. 015
NB 0. 682+0. 031 0. 781+0. 046 0. 866+0. 065 0. 862+0. 032 0. 865+0. 013
XGboost 0. 693+0. 083 0.785+0. 012 0.941+0. 010 0. 875+0. 007 0. 899+0. 041
LR 0.709+0. 045 0. 833+0. 015 0.973+0. 034 0.903+0. 011 0. 871+0. 032
MLP 0. 716x0. 041 0. 824+0. 017 0. 957+0. 027 0. 897+0. 009 0. 878+0. 033
SVM 0. 717+0. 056 0.811+0.016 0. 925+0. 020 0. 886+0. 011 0. 875+0. 041
AdaBoost 0.721+0. 019 0. 803+0. 035 0. 946+0. 034 0. 885+0. 020 0. 920+0. 006
RF 0. 766+0. 069 0. 807+0. 031 0.973+0. 024 0. 890+0. 016 0.928+0. 021
MoACG 0. 789+0. 086 0. 837+0. 050 0. 952+0. 020 0.904+0. 028 0.917+0. 039

COAD: Colon adenocarcinoma colorectal cancer; AUC: Area under receiver operating characteristic curve; ACC: Accuracy;

AUPR: Area under precision-recall curve
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Table 6 mRNA importance ranking on LIHC data

Importance ranking Gene Importance score Literature evidence
1 PEX26 0. 317737350944182 DAHABIEH, et al*''(2022)
2 PYMI 0.3143433331717848
3 PPP2R2D 0.29392422249565137 ZHOU, et al?'(2014)
4 UBALD1 0.28999300628514113
5 ZCRB1 0.28891978621220493 SONG, et al**'(2022)
6 PRKCSH 0.27972822561875693 WILLS, et al **/(2016)
7 NXFI 0.2754720085324621 CHI, et al **(2022)
8 RBBP9 0.27088858931924636 HAMADA, et al *Y(2025)
9 CCDCI93 0.2687791777913094
10 MEDS 0.2633822612576154 NI, et al*"(2024)
11 DLGAP4 0. 2622264222264224 DONG, et al*'(2022)
12 NABP2 0. 2606472463714001 DAL, et al™(2025)

LIHC: Liver hepatocellular carcinoma; PEX26: Peroxisomal biogenesis factor 265 PYMI: PYM homolog 1 exon junction complex
associated factor; PPP2R2D: Protein phosphatase 2 regulatory subunit bdelta; UBALDI: UBA-like domain-containing 1; ZCRBI: Zinc
finger CCHC-type and RNA binding motif containing 15 PRKCSH: Protein kinase C substrate 80K-H; NXFI: Nuclear RNA export factor 13
RBBP9: Retinoblastoma binding protein 9; CCDC93: Coiled-coil domain containing 93; MEDS: Mediator complex subunit 8;
DLGAP4 : DLG associated protein 4; NABP2: Nucleic acid binding protein 2
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