ISSN 1004-9037, CODEN SCYCE4 http:// sjcj. nuaa. edu. cn
Journal of Data Acquisition and Processing Vol. 37,No. 2,Mar. 2022, pp. 446 —455 E-mail:sjcj@nuaa. edu. cn
DOI:10. 16337/j. 1004-9037. 2022. 02. 017 Tel/Fax: +86-025-84892742
© 2022 by Journal of Data Acquisition and Processing

ETZREFINLEREEERRMR
ST

(1. R T RA AL E S =, B 65050052, RRBAH T K245 B T/ 5 A shitk¥% B, B W 650500;3. W
BT R2E AN Ak R 650501)

HOE. IR RS P ARYE B R BT A2 d AR AR 0 TR AT IR AE ST T AR R 09 RS ke RTAR B B
BESRTREARAFTRZEL, HTEREALR T REG TG, FIEH AL 7 1A 4;;:1&-«‘:‘ FAE AR
AR S AREF T A TG S R R BATIRA AT 5 FF R 69 ol b W AR ROE B R AT T R R 4,
FRBREF RIS RGP TR EEAFLELE, AT LIFHE BAFL M 69 £ T, 4% Classifier Chains 3% 69 4%
KEAL %474 KA (Multi-label K-nearest neighbor, ML-KNN) ff ik k&, 32 sh —Fb B4k S 4555 3 ﬁ—ii‘
A B4k % A7 4 Kk AR SE 3% (Layer chain ML-KNN,LCML-KNN)., LCML-KNN Jf % #4472 4R1 45 & %) &
A gk 8 5 — B 69 TR AR B AT Bt 5 AT 34T I R 45 A H AL B 09 AR 25 7’54’?%&%4@5&\%:—%%&
AR 5 #)dr, LCML —KNNJ@?%NxQ%%%FﬁTﬁ A 6 A B, M BB S AR ALY A T HAE LS. &
A K HIEE L5 IR &K S ARE TR AT £k, 4 RIBE T LCML-KNN Sk 69 A A iR
KEIE: SHFEF IR GRG R B4R o S ARE KETAR

RESES: TN XHER AR ARG : A

Layer Chains Decision of Trauma Treatment Based on Multi-label Learning
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Abstract: In modern trauma treatment, reasonable and accurate pre-hospital assessment based on the
injury and making corresponding treatment decisions are of great significance for reducing the disability and
mortality of patients. To improve the shortcomings of manual decision-making and achieve accurate and
reasonable standardized trauma treatment decision-making, after in-depth analysis and research on the
treatment decision, this study uses the multi-label learning method to divide the overall treatment decision
into sub-decisions, and extracts judgment factors corresponding to the sub-decisions as a label sets. Next,
to better consider the relationship between labels, this paper combines the chain idea of the Classifier
Chains algorithm with the ML-KNN algorithm, and proposes a multi-label learning algorithm by improving
the MLL-KNN algorithm, named layer chains multi-label K-nearest neighbor (LCML-KNN). The LCMI.-
KNN algorithm divides labels into two layer chains according to the characteristics. After the prediction

label information of the first layer chain is output, it is uniquely encoded. And the transformed lables are
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put into the second layer chain as new features for prediction and judgement. The LCML-KNN algorithm
not only better takes into account the relationship between the labels but also expands the feature dimension
through the label conversion. The experimental results with various existing multi-label learning algorithms
on two trauma datasets verify the robustness and superiority of the LCML-KNN algorithm.

Key words: multi-label learning; trauma treatment; decision making; layer chains division; multi-label K-
nearest neighbor (ML-KNN)
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Table 2 Relevant statistical analysis of data
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Table 3 Comparison of experimental results between LCML-KNN and various algorithms

Bk Hloss Average _acc Average pre F\-score AUC

BR 0.012 9 0.957 7 0.978 3 0.978 9 0.960

LP 0.013 7 0.956 4 0.977 1 0.977 3 0.957

cC 0.010 7 0.964 9 0.980 7 0.980 9 0.968
RAZEL 0.009 2 0.9711 0.988 4 0.989 6 0.979
ML-KNN 0.008 6 0.972 4 0.986 0 0.9919 0.977
LCML-KNN 0.007 8 0.980 4 0.992 7 0.988 2 0.983
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Table 4 Comparison of experimental results between LCML - KNN and various algorithms on the war trau-

ma dataset
Bk Hloss Average _acc Average _pre F~score AUC
BR 0.016 9 0.946 6 0.959 1 0.960 1 0.947
LP 0.017 6 0.943 7 0.956 2 0.957 1 0.943
CcC 0.014 2 0.953 8 0.970 8 0.969 2 0.956
RAZEL 0.0118 0.960 2 0.973 4 0.973 8 0.967
ML-KNN 0.0116 0.961 3 0.9729 0.974 5 0.963

LCML-KNN 0.010 1 0.968 2 0.9790 0.976 4 0.971
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