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Intelligent assisted diagnosis method of knee osteoarthritis based on multi-label deep forest
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ADbstract: Objective: To construct an intelligent assisted diagnosis mode! for knee osteoarthritis (KOA) using a multi-
label learning with deep forest (MLDF) algorithm and explore the advantages of the multi-label method in the traditional Chinese

medicine (TCM) data set. Methods: Based on 1 421 clinical samples, a classification model was constructed using a MLDF
algorithm and compared with five other multi-marker algorithms on six evaluation indexes. Multi-label algorithms Rank-SVM
and ML-kNN and single-label algorithms SVM and kNN were used for modeling and comparison. Results: The classification
model built with the MLDF algorithm outperformed the comparison algorithms on all six evaluation metrics. The AUC for
KOA was 0.8122, significantly higher than other comparison algorithms. Rank-SVM and ML-kNN showed higher classification
accuracies (0.7446, 0.7787) compared to their corresponding single-label algorithm (0.7641, 0.7570), and they also outperformed
these single-label methods in most evalution metrics. Conclusion: On the TCM data set with multiple syndromes and clips, the
performance of the multi-label classification algorithm is better than that of its corresponding single-label algorithm. The diagnosis
results of the MLDF algorithm in KOA are in good agreement with the confirmed diagnosis, and it has good promotion and
application prospects.
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#1 PARCE LS ZARICEIEEO N PR AT
PEM DR kNN ML-kNN SVM Rank-SVM
MiRES 0.9176 0.9279 0.9299 0.9394
RULEES 0.0736 0.0720 0.0730 0.0605
I-HEREE 0.4084 0.4295 0.4514 0.4084
HHER 4.2971 43330 5.0450 4.4330
HeFigke  0.2087 0.2063 0.2720 0.2020
SRR 0.6113 0.6167 0.5312 0.7143

3. MLDF5BP-MLL, ML-ARAM, BR. ML-kNN#IRank-
SVM SFpZpric kb WaR2, A SR s i MLDF 33
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W bR MLDF BP-MLL ML-ARAM BR ML-kNN Rank-SVM
R 0.9542 0.5354 0.9191 0.9263 0.9279 0.9394
BUETES 0.0457 0.4645 0.0808 0.0736 0.0720 0.0605
1A 0.3521 0.8732 0.4429 0.4084 0.4295 0.4084
HER 4.0774 7.6739 4.5021 4.2971 4.3330 4.4330
HEFpP ik 0.1582 0.6455 0.2248 0.2087 0.2063 0.2020
SR 0.7394 0.2937 0.5883 0.6113 0.6167 0.7143

#3  OMEZHRICHIETIEIE10 M RIE _ EIMAUCKTHE

Frid MLDF BP-MLL ML-ARAM BR ML-kNN Rank-SVM
KOA 0.8122 0.5526 0.7241 0.7556 0.6889 0.7746
SEFG 0.9685 0.4857 0.9267 0.9473 0.9485 0.8943
SR 0.9859 0.5288 0.9220 0.9435 0.9485 0.9401
IFF R I3t 0.9991 0.6268 0.9597 0.9677 0.9642 0.9577
)55 0.9957 0.5104 0.9172 0.9513 0.9523 0.9471
PRV I 0.9981 0.5552 0.8371 0.8981 0.9757 0.9859
BT 0.9978 0.5239 0.9096 0.9263 0.9762 0.9823
L34 0.9926 0.5378 0.8596 0.9028 0.9652 0.9647
SR 0.9934 0.4338 0.7587 0.8518 0.9561 0.9788
FrELT 0.9800 0.6499 0.7272 0.7410 0.7011 0.9683
SR 0.9723 0.5405 0.8542 0.8885 0.9077 0.9394
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W 0.0149  0.0022  0.0037 0.0169  0.0394
WAL 0.0170 0.0016  0.0014 0.0058  0.0220
I-FERZE 0.0194  0.0099  0.0095 0.0204  0.0250

FEFHE 00299  0.0049  0.0022 0.0319  0.0202
HEF4 0.0234  0.0162  0.0093 0.0348  0.0451
THIRGRE 0.0286 0.0119  0.0037 0.0233  0.0352
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