543 55 1 B E 2R (A SRR IR 9 S0) Vol.43, No.1
2026 41 H Journal of Xinjiang University (Natural Science Edition in Chinese and English) Jan., 2026

—MATORBER T RN BIREZ BRI GE

WAEAS ', IRARHR 2, IR, BT A0, R AR
(L AT BRPF24BE , BT 15057 8300015 2, AR MG (5 BLBR T, BFAE 258 AF 830046
3B RIAE B2 TAR SHOR B A 58 KT 830054; 4 LAY HHAPHURKE SHORBE, A 155 A5F 830017)

O X ESCEEE RN A S8 B R SR A T R I R SRR AN R S BOR AL 1 RS2 BRI, A S
H—F 0 2 B SR TSR IO 9 B4 £ F 48 40 J7 75 (Self-attention and Generative adversarial network based Mortality
Prediction, SGMP). %%, £ Xl REFIELE AL 43 H iS5 (Variational Autoencoder, VAE) 3 7E25 Bl 254 H R
ML S AL A 2 U A THE , 45 6 T BT M 24 (Generative Adversarial Network, GAN ) XTI 255 AR AL SR AE
FAIRES . AR ARYEHE AR B A ORI A T AR S BRI Z A AL . B n R G U BRI R ROR
(Synthetic Minority Over-sampling Technique, SMOTE) #1744 345 , i Ff 22 2 BN L (Multilayer Perceptron, MLP) i
PRACT- AP . BT S — W PR g0 i SR B EA T IR IE , 5 Rk W SE TR AT 55 v, AH L HABASE Y, SGMP 7
ZA b AR, 5208 TARRAE M2 T A 5] 0.902.

KEEIR): SETRHON ; 2 EAfAN (M) 5 3R IHLE] ; A T4 (GAN) 32853 A 2 fith &% (VAE)

DOI: 10.13568/j.cnki.651094.651316.2025.04.26.0001

FESFAS: R541.6;TPI83  EKIRIREG: A  XEHS: 2096-7675(2026)01-0061-009

SISTART: SKHER , SRSk, SEON I, e S48 BRSO s AR AR T AR A B 22 A A VR LT ] R
AR ABLARR R 3E3C0) ,2026,43(1) :61-69.

E W 3| : Zhang Yanan, Zhang Linlin, Guo Yuanbo, Bi Xuehua, Zhao Kai. A data multiple imputation method for
mortality prediction in patients with heart failure[J]. Journal of Xinjiang University (Natural Science Edition in Chinese and
English),2026,43(1):61-69.

A Data Multiple Imputation Method for Mortality Prediction

in Patients with Heart Failure

Zhang Yanan', Zhang Linlin'*, Guo Yuanbo', Bi Xuehua’, Zhao Kai*
(1. School of Software, Xinjiang University, Urumgqi Xinjiang 830091, China; 2. Center of Network and Information

Technology, Xinjiang University, Urumgqi Xinjiang 830046, China; 3. School of Medical Engineering and Technology,
Xinjiang Medical University, Urumgqi Xinjiang 830054, China; 4. School of Computer Science and Technology,
Xinjiang University, Urumgqi Xinjiang 830017, China)

Abstract: Aiming at the problem that the imperfect data collection mechanism of diagnosis and treatment leads to data loss
and the poor quality of existing network feature extraction leads to the limited performance of clinical prediction models, a
data multiple imputation method (Self-attention and Generative adversarial network based Mortality Prediction, SGMP) for
mortality prediction of patients with heart failure is proposed. Firstly, the self-attention mechanism is used to dynamically fuse
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multiple sets of candidate estimates in the potential space of the variational autoencoder (VAE), and the adversarial training
strategy of the generative adversarial network (GAN) is introduced to optimize the representation learning ability. Then, the
candidate estimation results are effectively obtained according to the mask matrix, and the multiple interpolation of missing
data is realized. Finally, the synthetic minority over-sampling technique (SMOTE) is used to enhance the data, and the multi-
layer perceptron (MLP) is used to predict the mortality rate. Based on the diagnosis and treatment data of heart failure patients
in a tertiary hospital in Xinjiang, the results show that: in the mortality prediction task, SGMP has significantly improved in
multiple indicators compared with other models, and the area under the receiver operating characteristic curve reaches 0.902.
Key words: mortality prediction; multiple imputation (MI); self-attention mechanism; generative adversarial network
(GAN); variational autoencoder (VAE)
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Figure 2 Changes in evaluation metrics under different numbers of candidate estimates
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Figure 3 Comparison of evaluation metrics across different classifiers
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MIWAE™" 0.700+0.090 0.749+0.036 0.828+0.038 0.868+0.026
PMIVAE"? 0.498+0.030 0.198+0.256 0.556+0.011 0.606+0.013
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