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Construction and application of gait data diagnostic system for Knee Osteoarthritis
based on multi-classifier fusion model
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Abstract; The diagnosis of Knee Osteoarthritis (KOA) is an important information to guide clinical treatment. The purpose of this
study is to construct a KOA dynamic aided diagnosis system based on multi —classifier fusion model. Based on the gait data of
healthy subjects and KOA patients, the system integrates machine learning sub—algorithms to build a multi—classifier fusion model to
realize the construction of a dynamic KOA diagnosis system, and uses clinical gait data to verify the performance of the system. The
effectiveness of the multi—classifier fusion model was evaluated by classification Accuracy (ACC) , and the performance of the KOA
diagnostic system was verified by F1 score. The results show that the classification accuracy of multi—classifier fusion model is 97.
83% , which meets the design requirements of KOA dynamic diagnosis system. The F1 score of the system verification is 0.970,
indicating that the system has a high reliability after balancing accuracy and recall. The system constructed in this study can provide
clinical reference for the later treatment of KOA, and can also be used for the auxiliary diagnosis of musculoskeletal diseases.
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Table 1 Extracted features of gait data
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Fig. 1 Implementation structure of the multi—classifier fusion model

WEFEE I 6 AR IR 7 ik il Sr 22 70 e 2 il
R S R 173 €/ S N RS Y & oy R iR D |
ML TR AL R AT RITIE DI,

(1) AR HER
AP SRALI .

BWRUT 21,4 0 o,

R
p-k-D (w]_) Hp(g =, %) =

R
max P~ (w,) [[P(6 = o,

I<ksm

x)  (4)

AT PRI SRR K25 A 43 2 A LI S AR
REEAEK, b — MRk T REE: X & —Fh
B TR A 2R i A L, R — A T
TRk BRI R ST E AR R,

FIPRL SR

TEFR LS N ) ST b | i — R AN 4 2
AT Y5 SR 5 Sl 0 M 2l 25 /N DU P A5 3]
FPEEALI]

LR T4, 2 0> o),

(1 - R) P(w,) + ip(wj

x;) =



22 s

i 2 S I I VA

14 3%

max [(1 = R)P(w,) + 2 P (0),1x)](5)

(2) HAEPFLER
5o WP

max}_ P(6 = o, x,) = max max'_ P(0 = w,|x,) (6)
/N

min_ P(6 = w, x,) = jmax min’ P(6 =w, |x,) (7)
s B .
medfllp(wj‘xi) = max med’ P(w,|x,) (8)
E2AEv e SIWIIR

34, - max, > an (9)
FEHEST 2207 R AR Al A AR R Rt ) 3 o o A R
BhR LA AV ECE AL
14 RSt
RGBT T RS A ) 58 e A P B
A%, SR THE A Python 1 H AU PyQtS T H AU %
5 B A AE ] Python F1 MATLAB #4F
BEAL R AT BE H1 9 A5 BV BRALHLR KOA 12
WA PR AT AR, 15 A P 210 T I0 AR
HHSEAE BANS W S5 R, R UEATE I MR A
FAMEUIIHE ; KOA I2W Huim 1 4 12 2 4 J A8 il
BRI T A B 2 W 2R R A KOA,

2 BRGERSHMW

2.1 HIEWMAELER

M Vicon ZIEHE R G T 0 16 miBLALR T A
1B B2E SR B 23 A2 B 20 A R oAb AL
AT T 46 HABEAE, L ICC F o Ak HUBCHE | Al
ATSEPERBUAE T 0.8 L I, BRI & ()~ 25 5
TN FELSE A0 PR B B A,

2.2 HHERENER

TSFresh 454 63 Fhist[a] 5 4RAE 7 3RS B0A
THHLT #7948 2 B R AE |, 17 s 1] e 1) £ 4
JEE R B SR 5 B, I8 P v 37 3 s T 2 A 2
BRIAE , FLHRHL 36 524 AMHRAE

FIHRBUL S HRE P4 N Z 3 E 1Y 16 SKis 3
“FRHR PRI 160 25 B RHIER A PCA HE1T7RE4E
PCA XJ 47 1E B0 M 4 5 11538 T 45 4> 3 504 5 1)
(tniE 2) BT 23R MR E R B EITE S
BAEAE E BE B E, 2 F o EcE o B,
fRRETT 25 0 0 R TCIk i BAT AT M5 8, 5 24 3 i/ 4L
Bl 45 B RS 250 1, F o BENS R B 2 A B g
B 5 B, IR 2 m T 0.7 AhsiE, W%
P 2 B = R A B R T 10,
1.0
09
0.8
0.7F
0.6
051
04r
031
0.2 [q

0.1

Y
-5 5 15 25 35 45

fi R Iy 22

B2 XTHERNENBEAEZRY

Fig. 2 Explanation of variance function for dimension vectors
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Table 2 SVM training results using PCA for dimensionality reduction
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Fig. 3 Multilayer perceptron training results
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Table 3 Classification accuracy of each classifier
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Table 4 Comparison of the diagnostic performance of the multi—

classifier fusion model and its sub—algorithms
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