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HADM_ID: 163968 SUBJECT ID:91150
History of Present Illness:

78 year old female with PMhx dementia, GERD,
remote DVT and remote VA who was admitted
with submassive pulmonary «-.

Brief Hospital Course:

+++initially stable on floor but required ICU stay
for hypercarbic respiratory failure ««-
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276.2 Acidosis

':: 496 Chronic airway obstruction,
not elsewhere classified
518. 81 Acute respiratory failure
530. 81 Esophageal reflux

1 MIMIC- [l $ 4 4R g i 7 B
Fig.1 Coding example of MIMIC- [l dataset
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Table 1 Results on MIMIC- [ top-50 test set

[

(B Micro-f1 Micro-auc P@5

Model (%) (%) (%)
CAML™ 61.4 90.9 60. 9
MultiResCNNH?1 67.0 92.8 64.1
DCANFY 67.1 93.1 64.2
MSATT-KG# 68. 4 93.6 64. 4
G_Coder™¥ 69.2 93.3 65.3
Joint LAAT! 71.6 94.4 67.3
MTAE 72.6 94.7 68.0

Note:bold indicates the optimal value of each indicator
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Table 2 Results of ablation experiment

7k Micro-f1 Micro-auc P@5

Method 0 %0 %0
MTAE 72.6 94.7 68.0
no co-occurrence 72.4 94.7 67.5
no contrastive learning 72.1 94. 6 67.3

Note:bold indicates the optimal value of each indicator
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Auto-encoding Model Based on Multi-Task Learning for Interna-
tional Classification of Diseases (ICD)

ZHANG Yi, TENG Fei" " ,HU Jie
(School of Computer and Artificial Intelligence,Southwest Jiaotong University, Chengdu,Sichuan,611756,China)

Abstract: The task of International Classification of Diseases(ICD) automatic coding is to assign disease codes
to electronic medical records,and each electronic medical record is assigned one or more ICD codes. Most of
the existing methods consider the relationship between symptoms and diagnosis in clinical texts,while the re-
lationship between diagnosis and diagnosis and the relationship between symptoms and symptoms are not
considered. In view of this situation,for the relationship between diagnosis and diagnosis,the coding co-occur-
rence task is constructed,and the multi-task form is used to make the prediction result independent of the se-
quential relationship between labels,and the propagation of error prediction will not be carried out. For the
relationship between symptoms and symptoms,the comparative learning is used to obtain meaningful repre-
sentations and learn the consistency of symptoms in the same clinical text. Through the combination of the a-
bove tasks,the framework of ICD automatic coding model based on multi-task learning is constructed. The
experiment on the MIMIC-1II dataset shows that the proposed method has improved the Micro-fl index by
1. 0% ,the Micro-auc index by 0. 3% ,and the P@5 index by 0. 7% compared with the excellent model.

Key words:ICD encoding; multi-task learning;code co-occurrence; contrastive learning;natural language pro-

cessing
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