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Disease Diagnosis Prediction Algorithm Based on Contrastive Learning

WANG Mingxia and XIONG Yun

School of Computer Science,Fudan University,Shanghai 200433, China
Shanghai Key Laboratory of Data Science,Shanghai 200433, China
Abstract Disease diagnosis prediction aims to use electronic health data to model disease progression patterns and predict the fu-
ture health status of patients,and is widely used in assisting clinical decision-making,healthcare services and other fields. In order
to further explore the valuable information in the medical records,a disease diagnosis prediction algorithm based on contrastive
learning is proposed. Contrastive learning provides self-supervised training signals for the model by measuring the similarity be-
tween samples,which can improve the information capture ability of the model. The proposed algorithm excavates the common
knowledge between similar patients through contrastive training,and enhances the ability of the model to learn patient representa-
tions. In order to capture more comprehensive common information, the information of similar groups of the target patient is fur-
ther explored as auxiliary information to characterize the health status of the target patient. Experimental results on the public
dataset show that compared with the Retain, Dipole, LSAN and GRASP algorithms, the proposed algorithm improves AUROC
and AUPRC of the readmission prediction task by more than 2. 9% and 8. 1% respectively,and Recall@10 and MAP@10 of the
diagnosis prediction task by 2. 1% and 1. 8% .respectively.

Keywords Diagnosis prediction,Deep learning,Contrastive learning,Clustering . Similar patients
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Table 1 Dataset statistics
WA % MIMIC-IIT
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& AP K K 12
BRSOk B 2
ICD-9 % 4 # 2437
3 F 3 ICD-9 4 4 4 13.05
B8 ok ICD-9 % 4 % 39
3 & D ICD-9 4 45 # 1
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Table 2 Performance results on readmission prediction

Method AUROC AUPRC  Min(Se,P+)
GRU 0.508 0. 247 0. 256
GRU+G .513 0.258 0.259
GRU+D 0.571 0.291 0.315
Retain 0.534 0.265 0.268
Retaint+G 0. 546 0.271 0.298
Retain+D 0.582 0.310 0.322
Dipole 0.507 0.258 0. 269
Dipole+G 0.520 0.263 0.276
Dipole+D 0.590 0.296 0.333
LSAN 0. 540 0.270 0.273
LSAN+G 0.558 0.282 0.314
LSAN+D 0.574 0. 305 0.303
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3 LW BN AR A R
Table 3 Performance results on diagnosis prediction
Method Recall@k MAP@# :
Recall@5 Recall@10  Recall@15 Recall@5 Recall@10  Recall@15

GRU 0.257 0.398 0.500 0.220 0. 306 0. 357
GRU+G 0. 264 0.416 0.518 0.229 0.326 0.379
GRU+D 0.276 0.430 0.533 0.241 0.342 0.398
Retain 0.263 0.413 0.513 0.228 0.325 0.379
Retain+G 0.269 0.416 0.522 0.235 0.332 0. 388
Retain+D 0. 281 0.436 0.545 0. 245 0.348 0. 407
Dipole 0.269 0.421 0.517 0.232 0.330 0. 382
Dipole+ G 0.271 0.423 0.522 0.233 0.331 0. 384
Dipole+D 0.277 0.432 0.533 0.243 0. 345 0.400
LSAN 0.276 0.420 0.519 0.242 0. 336 0. 389
LSAN+G 0.278 0.424 0.522 0.244 0.341 0. 394
LSAN+D 0. 281 0.434 0.529 0.247 0.347 0.399
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Table 4 Results of ablation studies on readmission prediction
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Method AUROC AUPRC  Min(Se,P+)
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Table 5 Results of ablation studies on diagnosis prediction
Recall@r MAP@#Fk
Method
Recall@5 Recall@10  Recall@15 Recall@5 Recall@10  Recall@15
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