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Abstract : Objective  To investigate the prognostic value of different deep learning models constructed using integrated multi
— omics data for patients with cervical squamous cell carcinoma and to compare their predictive performance. Methods
Using preprocessed multi — omics data from the The Cancer Genome Atlas ( TCGA) database for cervical squamous cell
carcinoma ( CESC ), three prognostic prediction models—AutoSurv, DeepSurv, and Cox — nnet—were constructed. The
predictive performance of the models was evaluated using the C — index, time — dependent area under the receiver operating
characteristic curve ( AUC), and the P — value of the log — rank test. The AutoSurv model, which demonstrated superior
predictive capability, was selected for interpretability analysis using DeepSHAP to identify mRNAs and miRNAs that help
distinguish high - risk from low —risk patients. Results = The C - index, 1 — year AUC, 3 - year AUC, and 5 — year AUC
values for the different model test sets showed that the AutoSurv model had the best predictive performance ( C — index: 0. 78
(95%CI; 0.75-0.81), AUC (1 —year): 0.84 (95%CI. 0.81 -0.87), AUC (3 —year): 0.78 (95%CI: 0.76 -0.85) ,
AUC (5 —year): 0.77 (95%CI. 0.75 —0.81). The Log — rank test of the Kaplan — Meier survival curves indicated that the
survival difference between the high — and low — risk groups classified by the AutoSurv model was statistically significant (P =

0.013). The AutoSurv model outperformed the DeepSurv and Cox — nnet models in predicting the prognosis of patients with
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cervical squamous cell carcinoma. After quantifying the mRNAs and miRNAs that significantly influence the prediction results

using DeepSHAP, multiple variables associated with the prognosis of cervical squamous cell carcinoma were identified,

including POLR2H, FN1, FYN, UBA52, and RPS27A, among others, which were enriched in molecular signaling pathways

such as DNA damage repair and NF — kB. Conclusion

The AutoSurv model can accurately predict survival risk in CESC

patients ( C — index: 0.78 (95% CI. 0.75 — 0.81)). Combined with the DeepSHAP method, it provides valuable

interpretability analysis, identifies key predictive variables influencing the prognosis of cervical squamous cell carcinoma, and

reveals underlying biological mechanisms. This provides a scientific basis for clinicians to develop personalized treatment

strategies and offers a research direction for targeted cancer therapy.
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Table 2 Basic information on TCGA — CESC patient

TH (nTzrallgs) (anS9tS) X'z PME
AR () 48.3+14.0 46.9+12.9 0.916 0.648
R n(% ) ] 2.289  0.130
White 134(80.7)  69(72.6)
HoAty 32(19.3)  26(27.4)
PR n(% ) ] 0.500  0.480
stage_i 112(67.5) 60(63.2)
stage_ii 54(32.5)  35(36.8)
HEFFRE (%) ] 0.592  0.442
a3t 126(75.9)  68(71.6)
BET: 40(24.1)  27(28.4)

2.2 AR i) TCCA i) CESC 24124
P53 A AutoSurv , DeepSurv il Cox — nnet i J5 i

IR BRI PR gt C - index 1 1 4F .3 4F 5 4F
AUC #EATVPAN  BARZERIC B T 38 3. = AR
£ 11 KM AR A4 DL K B g 4 it ROC fif 2 4333l
B 1 (AutoSurv ), & 2 ( DeepSurv ), & 3 ( Cox —
nnet) o B EKASE ROC {1 4 FH T 1F Al A B 7E AN [A)
BEDTI ] A (205 1.3 .5 4F) i Fi0i e 14 , o 4k
NHFR(AUC) A B A LR 45 I T i, A Y B AL T
— IR AR AR R B TR kA A
BERIMEE . AutoSury FEAIFE CESC 4L 1% C -
index 4 0. 78 (95% CI:0.75 ~0.81) , F B R4y H1
BIRET, 7E 1 45 3 £ S 4Ry AUC {EH 43 5]y 0. 84
(95% CI:0.81 ~0.87).0.78(95% CI.0.76 ~0.85)
0.77(95% CI.0.75 ~0.81) ., Log — rank 56 /) 2% 5%
HAG 22 L (P =0.013) , KB BRE G5 A7 20X
given SRR 2 858, Hom KBS 2 5 2% - AutoSurv
1 CESC ZHE4E | iR UL T DeepSurv A1 Cox — nnet
BEA BARGR BN « 6 F 7 HE 1 7 T8, AutoSury B
A B C - index 14 I ] 5 AUC {8 ; 76 XU 53 )2



PRACTH B B 2% 2026 4757 53 #5514 #]  Modern Preventive Medicine, 2026, Vol. 53, NO. 14 - 2679 -
RESI 7T, e KM &y AR A e B oy B35, sUBE RS R ERE . B AL S S AR W 15 S i

DeepSury B KM 7712k (J6 2A) R AEAT 2K 5

AN B 2 (P = 0.413) 5 7 il

I = i i S TP

AutoSurv 7E R} [EE#1E ROC i<k (& 1B) 3 H

R3OBBIHNERE AL 4SS

Table 3 The evaluation results of the models predictive performance
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