w1 B BAM £ % Hi /N Vol. 11 No. 4
2022 FF 7 H JOURNAL OF INTEGRATION TECHNOLOGY Jul. 2022
5IZH& R

XIVERE, AT, 1589 2, 25, FE TR PEsh 28 B A 2 1B AT PR S 2D 2R (0], SRR, 2022, 11(4): 92-
105.

Liu YS, Zhao XX, Feng HY, et al. Abnormality detection in neurodegenerative disease analysis based on topological
nonlinear and dynamic modelling of gait [J]. Journal of Integration Technology, 2022, 11(4): 92-105.

ETHIMEZL M ESEERNMERI TR TS
g |
AEE' BBEY BBE 5

PGRTCEE T ORAAHLE TR i 430070)
YFrrdlidmibe Eagzshs )i 430070)
P(p ER BRI AR R B R 518055)

o FE OEEEEEE NG, v LASREIN AR E s RGN, AT R, PR
7SR, BEA RURBAAE RGHPIRESARA, 1T T2 R WA AR PR . A
ARG BRI P S M B, & — M JERIE R G AR 3N ) R A 7 vk . AL
RS b, S 55 D AR BB M 73k, B2 N TR 2R IR AT 0 R S5 I PR AT L
o SO AN AT I AR B R, SR R T R N AR R S A A T ik, T A
IBAT PRI I e P A U o %O S R A I RN AR 25 (R A 75 i, KB 25 I ik sl [ 1 910 2 A
NI GARERIFPRAS s Hok, RAZET BRI R 2R R TR, $2HUIRE sz Free 2= W 14
IMEIRAE R TR, KRBT IRINER RS A B, M 0] 5 21 P P AR R R AR s B s
Rl 20 A R 2 4 R DB IR RIS S5 SZ RIS S #8380 R BR8] 5 7 AR 40 AR R P B AR, 1R v or 28
AN, MR DA ILAR S S BN . 6 R U AE . = SR B A £ AR AP A IR AT M
PO R, AT 5 min TS ESATE S (50 25 3w HE) MK, AR I HERR R 4 BN
0.8750(0.914 6) . 0.940 6(0.962 3) F10.958 3(0.961 4) . K, FHFNARLLMESZE I T2 — P 2%
PR IRAT PRSI 7 D AR 7V, 3k T 2038 o A AP G2 AR AT P2 o Ao IR v 2 SR e 4t 17
— T S

xR RELA: WINEES T BFSI T RREEIE: HLERE s R
hESES TP 3941  XEMFEER A doi: 10.12146/j.issn.2095-3135.20211215001

WESHER: 2021-12-15  {EEIBEA: 2022-01-27

EEWH . HEKEFIR IR (2020YFC2007203)

TEE®N: XERE, Wik, PR SREENIE. S50 RFM GBIRES), WA, IR AAPEES SbE Sk, Bl
BT AL S B BE 2 4%, E-mail:  zhaoxiuxu@whut.edu.cn; B#52, Hit:, BT RN BAETT R R . BECR LIRS, BUE GERIVER) . 1§
&, BT, ETFAOT I N TR R SIS, E-mail: yan.yan@siat.ac.cn.



4 MIERE, 45 FETIRINMELE SIS 2R AT VRO 7 AP SR 93

Abnormality Detection in Neurodegenerative Disease Analysis Based on
Topological Nonlinear and Dynamic Modelling of Gait

LIU Yushi"” ZHAO Xiuxu"” FENG Heyun’ YAN Yan™

'( School of Mechanical and Electrical Engineering, Wuhan University of Technology, Wuhan 430070, China )
*( Hubei Key Laboratory of Digital Manufacturing, Wuhan 430070, China )
*( Shenzhen Institute of Advanced Technology, Chinese Academy of Sciences, Shenzhen 518055, China )

"Corresponding Authors: zhaoxiuxu@whut.edu.cn; yan.yan@siat.ac.cn

Abstract The complex system of human body can be observed by observing the change of gait rhythm.
The dynamic characteristics of the time series of stride interval during walking can effectively reflect the state
change of human system, which can be used for abnormal gait detection and related disease identification.
Time series phase space reconstruction of human gait sensor information is an effective modeling method to
characterize nonlinear dynamics of the system. Geometric modeling and statistical analysis of phase space
are typical analysis methods for abnormal gait recognition, which are widely used in clinical research such
as neurodegenerative disease detection. In this paper, a topological nonlinear dynamic modeling method is
proposed to identify abnormal gait in neurodegenerative diseases from the perspective of spatial topological
analysis. Firstly, a phase-space reconstruction method based on time-delay embedding is used to transform
the wave time series of gait into an abstract phase-space state point cloud. Secondly, the continuous homology
tool based on computational topology is used to extract the topology description information of the space
where the state point cloud resides. Thirdly, the topological nonlinear dynamic characteristics of time series
are constructed by using the continuous situation graph based on topological description. Finally, a machine
learning recognition model of abnormal gait was constructed by integrating the topological nonlinear dynamic
characteristics of the time series of stride interval, standing interval and swing interval of left and right feet in the
gait cycle as the input of classifier. The results showed that the area under receive-operator-curve was 0.875 0
(0.914 6), 0.940 6 (0.962 3) and 0.958 3 (0.961 4) in the 5-minute continuous walking data (50-step sliding
window data) of abnormal gait in patients with neurodegenerative diseases of muscular sclerosis, Huntington’s
disease and Parkinson’s disease, respectively. Therefore, topological nonlinear dynamic modeling analysis is an
effective gait detection method for neurodegenerative diseases, and provides a new idea for neurodegenerative

disease detection and wearable data analysis based on gait analysis.

Keywords abnormal gait; topological data analysis; time series analysis; persistent homology; machine
learning; nonlinear dynamics
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Fig. 1 Gait diagram of muscular sclerosis
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Fig. 2 Gait diagram of Huntington’s disease
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Fig. 3 Gait diagram of Parkinson’s disease
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Fig. 4 Schematic diagram of normal subjects’ gait
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"

L

@
*®

By 1

| B

— O-MRBILRA
— WAL

>

>

B8 #hih=E o AR AN BB AR

Fig. 8 Topological space analysis and topological imprint extraction
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x1 ETRGHENIT G

Table 1 Experimental results based on raw data

ALS 5IE% HD SIE% PD HIEWH
Tk RFIE NB SVM RF NB SVM RF NB SVM RF
(%) (%) (%) (%) (%) (%) (%) (%) (%)
7 JE 0 1 ) 75.71 81.73 73.56 90.94 92.19 90.63 87.71 83.75 91.67
i JE A W ) B 81.73 86.06 84.62 96.25 89.69 91.25 87.08 88.75 86.67
BB e HEAE 2y 18] B 78.85 70.67 75.96 87.19 83.12 85.63 88.33 93.33 93.33
i A% 2y 18] B 80.77 69.23 68.27 92.50 85.63 89.37 92.92 90.00 92.08
75 JE 3k ST 6 B 83.17 72.12 75.24 91.88 85.94 88.75 86.46 79.58 82.92
TGS ERG - 88.70 91.34 86.06 91.88 87.19 84.38 88.96 81.67 79.58
LA B RHERE & 87.50 83.17 82.08 94.06 90.63 92.81 95.83 93.33 95.80
ETEHT EYBENIHRER
Table 2 Experimental results based on the re-expanded data set
ALS HIEH HD 5IEW PD HIEH
ik RHAE NB SVM RF NB SVM RF NB SVM RF
(%) (%) (%) (%) (%) (%) (%) (%) (%)
FERA RIS 74.95 75.27 80.99 85.79 85.43 89.23 76.26 77.37 81.24
B A 0 1 72.78 76.34 82.02 84.86 86.02 91.01 83.49 84.88 85.90
BARE JEESNERE  71.90 76.49 85.84 85.02 83.77 90.49 86.19 87.02 91.80
FESh ARG 73.95 77.89 84.96 87.31 85.10 90.62 85.41 86.19 90.11
FERSE LIRS 72.18 71.96 71.37 79.97 81.00 84.44 78.10 80.58 85.79
A it 37 T g 76.70 78.92 80.91 86.63 85.37 92.09 82.81 80.38 84.51
ZAM B RHERLE 80.20 82.90 91.46 89.33 91.01 96.23 89.92 93.11 96.14
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LG SRR UV R T AR — 4
BHRRAE, 288 7 2SR A 2 A b IR
YEZN ) 2R AR o TERFIESR I I RE R, K4
F LR NE DL SP IR AR AT T, R A
SR R R 28 20 (8] g LA K% 3t <7 6] B AH 25 4 IR AT 72
B, ERHEE B RBOLREY, aFBE s
FERER. R —HFEELE, BAXTTIEEH
b T REAT R L P, WS R 3 PR, i
* 3 AH, fE ALS B 5 EWZAE LMK
UEEIVE S S8/ SR P S U (VY CERST - 7P U (BN, s
SR AEH 71.42%, WEART AT 87.50% Y
WUHER% . 7 HD B 5 1E % 2 #H DS MR
S, AR R R R s, (EAR AR T
77.78%, LEARSCTTEER B HERA R I ZAR 16%.
7t PD B 5 IEH ZXE LEMEN S, AR
08 BORI S (10 A 2 VR RRAE A I &5 SR, SRR
ILF] 75.00%, SRS 95.83% WIRBIRA A
BORZERR . BT, FEARE . BORIRE 3 PRk
PERFAER EE AT A, AR P A I, BRI AR
R I i, (AT ASCHT A ) PL JE4 1 RF
fEo 2R BRTIR, fERT ARG MR IEM 7 8 P AR
il AR ABONH BRI .

A — P B TER T RE PSR
Al ZTTER AL TP M R ANRE, T
o AMRFAE B AT B A 00 BT H0 T O3 (R R, B
PLIX S 4RAE A5 1F v NDDs W 7E IAEWhr &2
—o MO, BEVTHRMSZINE SRR
PRt rszm, Fik, SRAHPIELESISR

L[ 77 32 R AR L i (R B A0 A8 R AIE 11 72 ) A5 14 DA
FAEZEVERFE . 3R 1 WA, RS E LS UIINN
R, B REEE, WA EL A
B I EAT P EUAR B hr 25 5, A% 07V 1R
YRR R T — DI

ZELRTIR, AR EE T RN R D)
= NP2 Rl LU =R

(1) BT DR AR ESRE, HE T A H
B B 1A 25 A R R A2 A B 2 TR R B RS

(2) PREUFFAERT, R —Moi IR FMRAE, DR
BT ARG FR AR 2R B ) S R

(3)fE ALS. HD PLJ PD 4338, ARSCT7ik
PR I dEs R, BT AR S )

R

5 HZiLS5RE

ASCHEH T — PP TR ANREAE 2 7 (1) 570 0
AL 7%, ST T HHIMFIEAE NDDs 5
M, WF9 T ALS. HD. PD HEHIE A
INRFIEZ 5, A3 T 5 TP SR MR B L
L), SELT NDDs 58 5 A RS HE
K. TEXF ALS. HD LLK PD B3 DA
£, IR T 91.46%. 96.23%. 96.14%
MAER R, R 1 JE AR P A o A
HEE I RAERE T, K R0 R R R T,
G PR YRR 52 b (1 20 35 A5 B A4 4 7 — Rk
) L

*3 HERKEEIEZ M FHELS R

Table 3 Comparison of nonlinear characteristic results of the same data set

) ALS SIE%H HD 5iE% PD HIEWH
i NB (%) SVM (%) RF (%) NB (%) SVM (%) RF (%) NB (%) SVM (%)  RF (%)
AR 71.42 71.42 57.14 44.44 66.67 66.67 62.50 50.00 62.50
AN 42.85 57.14 28.57 66.67 66.60 33.33 37.50 75.00 37.50
A 71.42 71.42 57.14 77.78 77.78 62.50 75.00 62.50 62.50
A7 i 87.50 83.17 82.08 94.06 90.63 92.81 95.83 93.33 95.80
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