http ://aammt. tmmu. edu. cn [t ZEZE R K2k, 2023,45(6) 579

DOI:10. 16016/j. 2097-0927. 202212025

ETHRAFBIFENHES ST B 45985 1Y A BRiE a3

M, AR, KT AET A 400038 TR, KA B K (4 S EE K ) R BIPEE REN DS
B

(EE] HIY LT8R A5 S B B 45 2% (stacked supervised autoencode , SSAE)
FRY , 5 LE 2 = i I8 (lung adenocarcinoma, LUAD) TS TRIMAYRE Sy o Jjik  WSCER Jeeie ik X 20 K 3% ( the
Cancer Genome Atlas, TCGA ) $it4fa JZ2 I 5% sk 41 7 45040 (65 475 BIREACHN 25 481 ASJE[H) , % LUAD 3%
HEAT AR AT J3 RO PR 22 53 338 00 A, 7 15 A4 SSAE BEALA: A7 AR AR (random survival forest, RSF) 7l
DeepSurv , i F— 2014 $8 4% ( concordance index, CI) Fl Log-rank 4% UL P {H AL 25 7 2k fE . &% FH
BT RSF(CI=0.54,P=0.15) 1 DeepSurv(CI=0.55,P=0.10) ,SSAE #4587 ¥ 50— tE+5 4 (Cl =
0.58) FIHAK ) Log-rank #55 P {H(P=0.05) , TEEAF/ T b, mife 4l MR SE2H 0 LR A7 25 Jm T B 25 22 5
(HR:2.841,95%CI; 1. 907 ~4. 232, Log-rank ;36 P<0.001), A {E0 ik B T IGFBP1 ANXA13
MUC2 \CIDEC |NTSR1 DSG3 45 21 A~ FiRBICERME 22 e 5L . 8518 AR T BEAE ST, A T4 2 B
PR SSAE RIA A3 = LUAD FUfS B (B8 ) o TR EE 2% 2] R4 2= WF 5% 1 28 SUR& AT A9 A AH G 112
Wr RIT UG DRSBTS o

(RG] W 5 e e s TUS B0 5 Cox [T 5 A i

[HEESES] R394.3; R730.7; R734.2 [ X#EREH] A
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[ Abstract ] Objective  To build a stacked supervised autoencoder ( SSAE ) model based
on transcriptomic data, so as to improve the prognostic prediction of lung adenocarcinoma ( LUAD ).
Methods Transcriptomic data (475 samples and 25 481 genes) from the Cancer Genome Atlas ( TCGA)
database were collected, and the survival prognosis and gene differential expression analyses were performed in
LUAD patients, using SSAE, random survival forest ( RSF ), and DeepSurv methods, respectively.
Concordance index (CI) and P-value of Log-rank test were adopted to evaluate the performance of each
method. Results SSAE had a higher concordance index (CI=0.58) and a lower Log-rank test P value
(P=0.05) than RSF (CI=0.54, P=0.15) and DeepSurv (CI=0.55, P=0.10). There were significant
differences in survival outcomes between the high-risk and low-risk groups in the survival analysis ( HR =
2.841; 95%CI. 1.907 ~4.232; Log-rank test P<0. 001 ). Biogenic analysis identified 21 representative
differentially upregulated genes, including IGFBP1, ANXA13, MUC2, CIDEC, NTSR1 and DSG3.
Conclusion SSAE with omics data significantly improves the prognostic prediction of LUAD. The cross-
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fusion of deep learning and omics research provides a novel scheme for cancer-related research of diagnosis,

treatment, and prognosis.
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