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Classifiers for traditional Chinese medicine syndromes of rheumatoid arthritis based on ensemble neural network
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[ Abstract ]| Objective To construct an ensemble neural network model to achieve traditional Chinese medicine (TCM)
syndrome classification for rheumatoid arthritis (RA) and explore the importance of the features and risk factors. Methods An
ensemble neural network model FEN (feature extration network) was proposed to solve the issues such as poor label correlation
and low generalization performance in multi-label classification of TCM syndromes of RA based on artificial intelligence
technology. The FEN model utilized a feature extraction classifier based on deep neural network to extract deep features from
clinical multi-label RA samples, enhancing the discriminative power of RA features. By measuring label correlation based
on covariance theory, the input space of the classifier chain was adjusted to reduce the spread of RA error information and
redundancy. An ensemble learning method was used to mitigate the impact of unreasonable label sequences in the classifier
chain on RA feature classification. Additionally, the importance of main and accompanying TCM syndrome features of RA
was analyzed and potential risk factors were explored. Results The FEN model had excellent performance in a 10-fold cross-
validation, with Hamming loss, one-error, accuracy, and F1-score being 0.003 6, 0.024 8, 97.52%, and 99.18%, respectively.
Compared with 7 typical multi-label classifiers (classifier chain, label powerset, binary relevance, random k-labelsets, multi-

label K-nearest neighbor, ensemble classifier chain, and ensemble binary relevance), the FEN model had better classification
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capabilities. The analysis of feature contribution indicated that the features of main and secondary symptoms might be used as

important indicators of classification of TCM syndromes of RA, and were the main factors affecting the classification of main

and accompanying syndromes. Conclusion The RA TCM syndrome classifier based on ensemble neural network has high

classification accuracy and efficiency, providing important reference for the clinical diagnosis and treatment of RA.
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Fig5 Distribution of different main and accompanying syndromes in 1 683 rheumatoid arthritis (RA) patients
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Tab 1 Feature description of 9 kinds of traditional Chinese medicine syndromes of rheumatoid arthritis (RA)
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Fig 6 Comparison of model performance with different hidden layers
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Tab 2 Comparison of actual and predicted values of traditional Chinese medicine syndromes of RA

- FLIAH FEN Fitiil g Oy A TIE
PFSRRIE PN EIE MBS IE  PORERHUE R AR UE SRS UE  BEFERHUE A AS U il B 2%k
1 1 1 0 1 1 0 1 1 0
2 1 1 0 1 1 0 1 1 0
3 0 1 0 0 1 0 0 1 0
4 0 0 1 0 0 1 0 0 1
5 0 1 1 0 1 1 0 1 0
6 0 1 1 0 1 1 0 0 1
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Fig9 Loss curves of FEN model and average precision and F1-scores under different thresholds
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Tab 3 10-fold cross-validation for classification of traditional Chinese medicine syndromes of 1 683 RA patients

AL HIE DR 1- FFR R HeA ik HERIE /% HIE2/% F1{8/%
147 0.004 2 0.029 7 0.0139 97.03 98.54 99.04
297 0.003 7 0.023 8 0.009 7 97.60 99.11 99.16
397 0.003 0 0.021 8 0.009 7 97.82 98.99 99.32
447 0.003 2 0.019 8 0.009 1 98.02 99.11 99.27
547 0.003 2 0.023 8 0.0114 97.62 98.78 99.27
6 4 0.004 0 0.0257 0.0120 97.43 98.77 99.15
747 0.004 5 0.027 7 0.0117 97.23 98.88 98.99
84T 0.003 2 0.023 8 0.0107 97.62 98.89 99.27
CEi 0.004 0 0.0277 0.0109 97.23 99.00 99.11

1097 0.003 5 0.023 8 0.009 6 97.62 99.10 99.22
M, x+s  0.003640.0005 0.0248+0.0028 0.0109+0.0014  97.52+0.28 98.92+0.17 99.18+0.11

RA: MR KATR.

R4 BEFRENERN RA PEIERIDELER

Tab 4 Classification results of traditional Chinese medicine syndromes of RA by each multi-label classifier

n=168,x=xs

A IWCEREN 1-HER% HeA ik HERA L /% 1 101 /% F1{H/%
ccC 0.0069+0.0007  0.048 1£0.0042  0.0243+0.0023 95194042  97.34£027  98.4240.16
LP 0.018340.0039  0.0739+0.0142  0.0438+0.0088  92.61+142  9566+0.87  9587+0.90
BR 0.007740.0005  0.0572+0.0043  0.0290+-0.0022  9428+043  96.79+025  98.25+0.12
RakEL 0.009940.001 1  0.0408+0.0045  0.0230+£0.0027 95924045  97.73+£028  97.75+0.25
ML-KNN 0.03254+0.0020  0.1653+0.0106  0.0936+0.0043  8347+£1.06  90.03+£0.53  92.38+0.48
Ecc 0.00634+0.0006  0.0422+0.0035  0.0219+£0.0020 95774035  97.58+022  98.54+0.16
Ebr 0.00684+0.0006  0.0528+0.0047  0.0265+£0.0026  94.71+£047  97.04+£030  98.42+0.15
FEN 0.0036%0.0005  0.0248+£0.0028  0.0109+0.0014  97.52+£028  98.9240.17  99.184+0.11

RA: BRI R 5 CC: 4 JEaiiil ; LP  ARZE 4R s BR: 1Bl 5CHK ; RakEL : FfibLk- AR5 ; ML-KNN : ZFRZEK Hr 48 5

Ecc: I AE ; Ebr: B2 0 i SCHK s FEN « 42 A 28 [0 2% i .
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Fig 10 Comparison results of each multi-label classifier for classification of traditional Chinese

medicine syndrome labels of RA
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Fig 11 Confusion matrix of each classifier for traditional Chinese medicine syndrome classification of RA
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Tab 5 F1-scores of each classifier for traditional Chinese medicine syndrome classification of RA

P A CcC LP BR RakEL Ecc Ebr ML-KNN FEN
FEWI HE 0.9889 0.963 0 1.000 0 0.948 5 0.994 5 0.994 5 0.945 1 0.989 4
S IR 0.986 8 0.960 5 0.984 8 0.990 9 0.987 3 0.987 3 0.962 3 0.9919
SR IE 0.983 7 0.953 1 0.956 1 0.961 7 0.9870 0.980 5 0.863 6 0.989 9
PR RH IE 0.987 5 0.9810 0.974 4 0.989 9 0.9859 0.991 0 0.967 4 0.9950
PP IE 0.957 8 0.923 4 0.986 3 0.988 4 0.979 1 0.983 0 0.824 3 0.993 5
SR I B4 IE 0.969 0 0.9570 0.963 7 0.978 3 0.990 9 0.981 7 0.877 8 0.990 4
JFE AN R UE 0.991 0 0.962 7 0.9919 0.972 0 0.990 9 0.995 5 0.9353 1.000 0
A5 BHLE 0.990 4 0.9510 0.980 1 0.9710 0.978 5 0.978 5 0.903 4 0.991 0
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