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Abstract

Background: Parkinson’s disease (PD) is a neurodegenerative disorder that affects the quality of
life of millions of people worldwide, and its incidence increases significantly with age. PD patients
have gait disturbances, and their walking speed and balance function are different from those of
normal people. In recent years, studies on early PD prediction models have been carried out suc-
cessively, but there are few studies on machine learning based on gait changes for predicting early
PD. Objective: To use machine learning to integrate walking speed and the Timed Up and Go (TUAG)
test to establish a model that can predict PD in the early stage. Methods: The relevant data of 88
patients with idiopathic Parkinson’s disease and 72 healthy controls from the “Gait in Parkinson’s
Disease” dataset on Physionet were used in this study. Six machine learning models, including lo-
gistic regression, random forest, support vector machine, LightGBM, XGBoost and CatBoost, were
established, and Grid Search CV grid search and 5-fold cross-validation were used for parameter
optimization. The performance of each model on the test set under the best combination of hyperpa-
rameters was calculated and the ROC curve was drawn. The SHapley Additive exPlanations (SHAP)
framework was applied to interpret the best model. Results: The random forest model had the high-
est AUC (0.771, 95%CI = 0.652~0.890), but the CatBoost model performed best in all evaluation in-
dicators. Its accuracy was 0.708, precision was 0.727, recall was 0.708, F1 score was 0.695, and AUC
was 0.766 (95%CI = 0.646~0.886). The model interpretation based on SHAP values further revealed
the influence of walking speed and TUAG on the model prediction results. Conclusion: The machine
learning model based on walking speed and TUAG can accurately predict early PD. Among them, the
CatBoost model has relatively high performance.
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1. 5]

1 4= %7 (Parkinson’s disease, PD) & —Fl i WLHI A2 RSB AT MRS, S 4 BRECET 0 N A IS i &=
PD AR I b 5 AR R4 I R B 38 0, 45 % Je DL B ABE AR RS T4 BB 0.82% [1]. AERFIE 1
TR IR, PD NI KB IRIIMAE RGP L —[2]. BEE IR L2 IR, Bt AR )L+
PD MmN — LTt

PD ) BRI FEE LR B, DIAMEE . S8R ML ARG . Hd, BARESLE PD B
B IRz —, T E S R 0 H IS SR I AR TR T E (3], PSR AR ERE . DR
ifHE, NI R DEIREIR, 1K 2 —Fh o8 B 125 15 1k, 1l g5 B0k 0™ = 145 5 [4].
WL, /N 0.8 mis (25 45 SH G I RTIK PD BER T/ A5 [5]. I 74T 7 lik(Timed Up and
Go, TUAG)IEAN—F R B G AT B 1A TR, OB 2R FIRRSE B, T VP4l 5 1 P
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TR KU [6]-[8] 0 1508 8 B 1R W IS R AL, TUAG > 20 #P 2 4E A\ HE 8 PD FR UG 2 2 189 0
[9].

ST TUAG IAAE PD AOTEA h s R G RS %, (ECR 2 Ot 7 s i AE 2 1
PD B, mxSTarSEY] PD HIF-HIRRIBE FEAL . ARG EIE I B A P ATH R TUAG )25
R, BEPlgsA50, @A aE RN PD MR AL . JATA Bl AWETE, Oy PD A FIHIR B A
SR OURT I BB AN 1%, BE 2D HESZ AT S AR TR PR SE B

2. ARMREH*
2.1. R

WEFT 6 G A 545 5 [ T Physionet |/ Gait in Parkinson’s Disease ¥4 #£[10] [11]. %% FE &
TR AT =TT 93 424 KPR R 73 A BN IE S b S E R . BURE AR E
TEFHHLE _EDABAT B BATIERE IR EAT L 2 /0B B RAL AR T R 15 B Z%30R Rk
FENOGIHE B B ERRE THI RS AT & MR AR 3 20 AT 3 S A DS B . A SR I st
=, (EMSFARE VAT K I ETER , ATAT AF AT LAY i)

2.2. BIETAALIE

IEHEE S+ demographics.xls SCHF, 3t 166 AT AN R, KERA T BRI AL EE £ 1) UPDRS.
UPDRSM #iI Speed_10 %541 . XJ T~ J AR LL GBI ) #4545, 40 Height (3, 1.8%). Weight (3, 1.8%). TUAG
(13, 7.8%). Speed_01 (1, 0.6%)%%, K K L4l (K-Nearest Neighbors, KNN) 523047 2 Eifith. SR)m, 3
T 3 bR dEZE M TR S E A, R EEATEOE . R4, JH 160 45 HIAH S BN
W,

23. BRI 58T

KH T Python3.12.4 fE N E BT H, HFIH T pandas2.2.2, numpy 1.26.4, scipy 1.13.0, sklearn
1.5.1, matplotlib 3.8.4, seaborn0.13.2 %52 M FYRERIEATEIE S W AVE R . BT A BIAS I FE Pycharm 353
FoEHAT . BEIE SR ) 24 (70%) AR AE (30%) . &2 5738 %5 1] I (Logistic regression, LR). BEHLAR
#(Random forest, RF), SZ#5 k& HL(Support vector machine, SVM). LightGBM. XGBoost i CatBoost %
INMLES IR . SRE, fHA Grid Search CV W% 21 5 $7 28 L I6IE(5-fold Cross-Validation)33 1
TR () A S A G
2.4. BEEIVEMN

THEREB MG T RN ERPERe, WiErfiZE Accuracy K fifi % Precision. 74 [21 % Recall
Al Fl-score 5. [FIS, 2] 7 AR HI 528 TARRFIE HI 28 (ROC) 1155 28 R THI R (AUC) K 3 B A5 X [|] LA
PO AT 1 RE
2.5. EEVRE

T RN FR RS BTN AT 9 AR AT 3 BE AN TUAG X R ZRS F0 25 5 () e ik, Fedi 151 N T SHAP i,
N T BBV B AR AR R T (Y DTk S O, FRATTEE— PRI SHAP FEFR LRI TR TR, AR BURFAE
HEMEHF B, @R TR SHAP (B ANHE AT 35, R & ANFFECE AR F S0 B Tl 25
M) PR A o) B AR
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2.6. Giitori

G433 T Python 3.12.4 K H.G0 11455 % statsmodels 0.14.2 ¥ & . iHERRHYFFEIES DA, P
(X£8)FuR, HREEBRAMAAEAR T RE; &S MR TEILL M (Pos, Prs)&ox, 4RI ELECR
FARRFIREES s THECR R AR R IR, ANIWECR A 2. SR &Kk E S 0.05,
3. /R
31 AUEBE—REELEER

LGN 160 #3217, Hrh 88 4 PD &z, Hr, Bt 96 A, ~FH4ERS 65.31 £ 855 %, BMI Ny
25.47 [23.58, 28.02] Kg/m?, TUAG K] >4 10.38 [9.02, 12.06]#>, Hik L4178 A 1.13 £ 0.20 m/s. PD 41
A RN R R AR R . o0, BMI 5507 T 22 R T Gi vk 55 (P > 0.05); TUAG i [B] A1 3 1k 247 4
tist, ZRAS¥E (P <0.05)., W%k 1.

Table 1. Comparison of general data between the two groups

=1 RARE—RIFRHER

=R A (%i)(ii%ﬁ) (<gim?) (szﬁgnm wﬁy%gH“mwmr
PD 88 56/24 66.35 + 8.82 25.86 + 3.51 11.1210.13,12.83] 1.04+£0.18 2[2,2.5]
fidt B i} R 72 40/32 64.03 +8.10 25.45[23.58,27.83] 9.38[8.42,10.42] 1.24+0.16
){Z/t/Z 1.0772 1.721b 0.448¢ 5.472¢ —7.081°
P 0.299 0.087 0.656 0.000 0.000

T AFROR P2 H, PR tE, RN Z . BMI= RS, TUAG = THIHENZATENNK, Speed= HIEDATIEE.

3.2. BIRBVENR SR TmE g

CatBoost fi U 7E L MEREfR bR LRI 1, WiER{%(0.708), F5H1%(0.727), #F=(0.708)F1 F1 15
43(0.695)%%, Ut B 'E 7E BE AR TR HERF P 1E A5 S0 PO AS T FE DA % 8 -0 K5 1 2R R0 73 [ 38 ) T AR Ui
(IR BENLARARLE AUC (0.770) TR R, X ARFEHFEARMEE ) LA IH. WE 2.

Table 2. Performance of different machine learning methods
= 2. TEINERE S FFIERMERE

WLER5 S Bk TR i e F1 134> AUC
LR 0.625 0.629 0.625 0.608 0.727

RF 0.688 0.690 0.688 0.681 0.771

SVM 0.667 0.671 0.667 0.658 0.747
LightGBM 0.667 0.709 0.667 0.635 0.736
XGBoost 0.667 0.678 0.667 0.652 0.750
CatBoost 0.708 0.727 0.708 0.695 0.766

VE: LR = Z#MEH, RF= BENLERM, SVM = iFMENL, AUC = iz N,
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FERFE ST I S R AU 5 Ja DV EOUNS B R SRR R, A2 1 XF R ROC hZk(JLIE 1),
Tt RS A B AUC HifE .

Receiver Operating Characteristic (ROC) Curves
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Figure 1. ROC curves of different models in predicting PD
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Figure 2. Explanation of the optimal model. (A) Ranking of the importance of
different variables based on the mean SHAP values; (B) Ranking the importance
of variables and demonstrating what impact the variables have on the outcome
2. RMERNEEE. (A) £F SHAP EHENAREZEEENHS;
(B) WL EEEMAFHR AT ENHE R/~ E MMM
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3.3. EF SHAP SRR

TEE 2(A)F, SR FEKIEFH4E5% SHAP ERATHT, 20T SR T PD 7= A= 5 f R 25 2 A
FOMER I TTEREE . MK 2(B)M y FE R T SRR E N, K TERTE M R R B RS, K
TR B K. x FIEROR SHAP {H, A T &R AN B SRS A pr i M sTik K/, b R
FH RTINS R e R, SRE I R R AR TIN5 SR T et GBI 2(B), ARSI b SN
BXF PD T = AR g . hah, B AR S T AR B R GG, e RER S, B ERREE, W
LACIRERYIBINITE 255 =it = NER iy Rith- 2Ll FIf S0P
4. ¥ig

ZHE T BB AT TUAG 4531, 4G bLass: )5k, @ — A Rets T PD (s
A, SO FH RO R SRk B Physionet 1) “Gait in Parkinson’s Disease” i J& ' 88 44 45 A& 1A 4= A%
SRR 72 AR RN R B OGS . R T SR SR AR EIA(LR) FENLARAR(RF).
FHFAEHL(SVM). LightGBM. XGBoost #1 CatBoost. F:1, CatBoost #%7E fr A P4k T b - R It
HAERIZEH 0.708, ¥5iZ AN 0.727, A HZ A 0.708, F1 43554 0.695, AUC 4 0.766. M4k, FET SHAP
X RN AR R, BT TUAG J2 RN R R F 45 JL i B 2 D K

Z TUE 78 O E S5 AT E A TUAG /& PD A 81R5 1 S ZEH8 FR[5] [9] [12]. PD & HIBATH i@
RS T IR AR, FFFERI, PD A NFPATR AR T ERE TN, HEERENE, B
ATt — D T . TE—TEEXT PD B MU 7T, RIS 1 PP AT IR 2008 1.0~1.2 K/
BB, T IEH ZE NN P BB AT 3 iIA R 1.3~1.5 Kb, [N, PD BERI TR 2, el
TR AT RE 2 MUK IR BN« X W] BB M0 4 %00 BB IS S B FR g A 0¢, 3 8UBAT7EAT & I HE DL OR$F
Fasg IR [13] [14]. B4, PD BB AR RIS KARE[12]. L [15] [16] RS ATk i s
[17]. DATIHES PD W™ EFRE VI, BB ™ i, AT H AR . 4% Hoehn-Yahr 43 AR
e, WEIUIIA B AR S AT R W AR T R A [18]. BEAh, PD HHSRIFRAE 2t — B i i
AT EE[19]. A Z3PiaTT vl ARG B s sk, $em B AT 8 s M 2P mIE F sia 7 A e vy
R FECPATIH L FFE[20].

PD 5K TUAG MIHAHT 7 AN TRIE 5 B K TR A X A I7E RS & . 4778 FEaS R
AR EESIE RO P AT BE 1 RO BE9] [21]. 1% ARETERL TUG M- 24 ) —fiAE 10~15 #h2
], i PD B RESid 20 #b, HEHEK, X5 PD HBE M AMERRS[3] [22] [23]F1 T fE 11511
[24] [25]FH A 0. HI# EERI N PD BEENE T LRSI ol e HILENEIRZE . BN, &
BT Z IR R A sl s fEATELFE S, PD B AR tHIUDIRAR /N PR E « D46 25 55 vl
SN T A7 E B EEFIR R o AT AT A AU, R 5 U R R RGO s ek,
B2 TUAG WA — AN EZIATY, PD MBFHTER: B Al e 2 T 200 2 AT IR B S iR 2 34, IR H.
ARES IR PR AR . 538 RN PD A 7EREAS TUAG M A2 b 75 20 2 1055 ok R FE & 14
P-4 .

WL 52 2] J5 R Re i NS A4 10 22 4 FE A Th AR O ME RS 2, T3 = T i vk i . F 2
ZH N84 1 J77 R 0 PD. Makarious 25 25 p5 #R I 2 A EH (Wit i 24 IRIR N DI 8eit2 . #E5d
SEEVGE PD TN A SE I [26]: Alex Li 255G 5 A5 M S B 7E A ML A5 2] 75105 1 B AR [27]: Hong
Lai %555 8 TRV RE LU AN [F) @ A5 SR T PD T F¥1 520 [28] ;- Anisha Vaish HF 5 & A FH 85 20 4T
TN BRI RE ST SRR A KR BRI @RV I 1) B ARV VS sh B T
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AT B L2 W PD [29]. AHEFUINE TG PATH BN TUAG, I L& > S desr BT PD i
R AN [R5 45 SR 4% 57, Jiayu Zhang 258 5 o A& 1132 45 (3] )3 Al XGBoost 71 5 Le A SR N R ILEL LT,
AUC 73 7li&%] 0.94 F1 0.92 [30]; A MBI 5T b S Im) S ATLAE R A ABE A rh BRI 1A #AE 1 2. (0.84) AT AUC
(0.93) [28]; A KM 7T H 3 F 5 A 50E IO AN R B VE R R 7E 0.60~0.85 Z [AIANEE[27]. AHE TR AW 9T,
BT AT TUAG FIRERIMERE AN (MERA = 0.71, AUC 0.77), (HAWFR L TR ESITHEEM
TUAG XPH/MRFE R & TIREU bR, @0 T IR IRER(EMEEARE DY, 7EFE 2. TSI TR bR S
BT, WILTGN PD #E RS, #7817 T ATEZ T T AL L . Ak, B Fi A CatBoost F2Y (1) R I
T HAME R, IXFRILEALTE PD FHA T (7] R, B2 ) ik B B AR o Rl AR AL FEAS T4l
BEEERS, CatBoost AL IPERE S A A, XXFT PD R ITRIJC A EE, FONE Y PD B (1 Ll &
B

AT FEREAAE—CRRRYE. B, FEREAR. TN 88 k5K HEIH & A il 72 4
g B HECE OB, AR ASBCE A b, AT BB T L A TR 26 1A & AR08 AR I A R E RO O, R A 284
PRZACRE T . FOR, BOARAEREA R . AATebs EEEPESITHE . TUAG WHARH. A OgitE 55
BRI JUAN T, B2 AR SRS EE, IR 25000 . R4 I PRIl $ds (R S5 A (5 B4
(I 2 A TIRE TN S) . R RBEBIES, ATRELILAR 012985 PD MR IBES B, PR 7 R
TRPERE I — B4 . BJa, BEFANAE AR EE AR B EAT T INGRAINR, A A F ST A S s S ik
ATIAIE, TGV YA LS SR [R5 iz Ak Re ) Ange e

5. &g

ABFFCUER T B AT BRI TUAG 45 M4 2 =) v ] DLAT I 4 %95, JC /2 CatBoost £
REHLH T BTG /. X —RIUA PD RN T 90071, A BT AT 1 22 AR
TR A5 2
&k

PSR R B H bR, ST, BEASEE, 5000 A, R OUR., RN AT
TARBATESE SR R, Gt 2P, Kl RISHI SRR, RAR, BYHHTR BT, st
PITCRER R 5, N OCEREART.

FEE e
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