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Abstract

In recent years, studies have found that about 90% of people with Parkinson’s Disease (PD) exhibit
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some forms of sound disorder in the early stages of the disease. In this paper, the speech signal
feature data of 252 subjects were extracted from the most advanced speech signal processing
technology from the UCI machine learning repository, and the PD voice signal early warning model
was established by using Logistic Regression, Decision Tree, Bagging, and Random Forest. It was
found that the Baseline characteristics, FMCC and wavelet transform had obvious significant rela-
tionships with PD. After comparing the mean squared error, it is found that the false positive rate
of the Decision tree prediction model is about 0.10, whether it is a long-term prediction or a
short-term prediction, which can classify whether the subject has Parkinson’s Disease with high
accuracy. The prediction effect of Logistic models is significantly inferior to that of machine learn-
ing, mainly because of the particularity and complexity of the data, not just the model itself. The use
of statistical methods to carry out early warning analysis in the early stage of subject monitoring
can prepare for prevention in advance and reduce the trouble of frequent medical treatment.
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MA<EARWE[1] [2] [3] (Parkinson’s Disease, PD)& —#i WA RGARMESIN, EHFEANZN, FHK
R 60 % i ti, 40 % LA NEWFRMEFEMERMERA N \tagit, HE 65 & UL AR PD 1 HE
R RKLE 1.7% KIS ML AR EF AR, A AE] 10%0 56 Kkt . PD B3 HIFFEY
InsEE 7 E N AMEICHT T RSN & B A, 52 R e R I i A e &S,
RE I HEAT B9, ek AR 26

ILAESR, R ILRL) 90% LA_F- IR MA 4 A5 (PD) £ 38 TE 5 1) - AR B Lt Bt 2 1) 7 5 B
BRI PD I FRIZ W T AR AR ARSI 52 3 R Ak 1) 0 R B SR 1 A RS . AR SCIE AR
Bgi ik J7E (Logistic [FIAN)FINLES 7 2] 73 K IT LR FEM . Bagging. BENLERAR) 22 AIXHE & 15 5 @5 R
SRR, TR AR, BB R R AN 5 R 0 AR G G TR RIS 2 3] 9 2K 05 R
VB {5 5 B0 R L A O AR P, BT HE SR IR 2 SR R IR, 3R B R 1R T R T
B,

2. IRBFN
2.1. Logistic [E]J3
Logistic [B1JH[4]F R H T — 43 KM, 1&H T A SCHE S RE S5 5 8 . Logistic BIEBEAL AT Bk

y=Xp+¢
y=N(uc'1) Hhu=E(y)=Xp M
g(n)=xp

Horbty = (0 2p0eesy, ) BRBAR, X = {x (1= 120 m j = 12,0 m) R FERAIRE, BULRIENN
e IRMISLIE A3, g () FRNIERE AL
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XF WA RAR & y, S0 2 Bernoulli 434 Bernoulli(p), W3 A HKIMEICHN = p - Hrbr, {E1E
SR[0, 115G S PR AN R R, BRI AL XA AR KIS B MO LU R — A2 logit &%, B

g(p)zlog[ﬁj, R BN Logistic H: 1og[ﬁ]=mo 5 HE B
S AR IR B g (p) =7 (p), WAEAMBIILF Probit B ' =Xp.

(1T Logistic HUII Probit BURIBUMASES B, — R LT BUNRIST . Mok A28
Logistic BIRPIR S, JEA A 3, = (v, x0,0,3, ) o =12, AR FIACIUR A H RS
RINBHE B = (BB B,) -

log(L]:xiT,B,i:LZ---,n; 2)
1-p,
e/
pi: T ’i:172>""n' (3)
1+e%”

2.2. RER

WM [4] (Decision Tree) (73 IS &L B I 0 2K071k 2 — . B — MR E:3, Frigiig ]
WAETES S [ FEA, BNFEARACE LRSS, Hix sk nn 23 emie r), aims k45,
YIGRIF B — DA 432528, 125 2828 T DAXT B AW AL IR AT F500 625 HE IE A ) 4328 . VR SRR S 7E L0
BRI R AENE R A SRR b, B SR SR R SR B BE S E R TS T 2R, B —fpEn
FIRER, R S — S TR BEAR & I HLAS 25 ) DTk R AR
2.3. Bagging

Bagging [5]/2&— /Nt H A A G 7k, v s el 5 in] JEA 28 8. AR ST A
HIE & 15 520 P A R AR 8o e MR, b AL R Bagging 4328 R ACFEZ M) @ . Bagging 432 7& — /M ] B
I T I W INHE T B NINZRFEAR R 2 UOR BIRAEE, BRSNS, — 00, ok — 2R A 1R
o X FRE—NEFOWIE, Bk A B E] A ANTGE S, SR, IR R D HIR A 22 B0 JE R 1
TR WA B T — 2k,

2.4. BEHLFRK

BEALAR MR 2 25[5] (Random Tree)5 Bagging 43 2S3EH AL, 72 MR 46 2088 vb dh B — 5 £ 2 2 i
1 E BEFEA . (HY Bagging 702K X HET, NN SENA RN EZES, FEHLZIERE LA
ANRTELZEYRESIF D BE. MEFENEUEHIET mtry JEK . BV XA EENLE R D H
LER AT HFTZENMES - HBRTEFHSS IR, iU GE —SRATE
ToiE R B AR R, AR SR NS B A s B R E B, R B At OOB A8 XS iE
R
25. BIRIRE

AR TR ZRMSE), E XN:

1 ¥ N2
MSE—H;(%_%‘)

RMSE =+VMSE “)
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3. ¥iRHEA
3.1. BIEKRESAHEM

ARSCHHER AT UCT MLEs 2 SIAAEE[6] [7], JEEA IR i G515 5 A B R HREEY 252 4 2R FE 1)
BEE SREEE, s B STnT s, o] DU T A SO AR T AR A . AW 78438 F i 8ok B £
WA AR R R 2EEE B R 188 4 PD H3 (107 & B AN 81 & Lctk), HHTE 33 %5 87 £(65.1 + 10.9)
Z e XFHEZH 64 22 @ FEAMAR(23 4 BYERT 41 Bk, FTE 41 2 82 X 2 [)(61.1 £ 8 + 9). 1E4
PR R, I E N 44.1 KHz, TEERAERE S, MBASZRAE PR C & /a/ R s ks, B8 =
Wo BEMIES(ESIEFER] 8 DRI M 754 N JUERhrA &, ZHURTEMBEI T % 1 Fin.

Table 1. Table of explanations for secondary indicator data variables

T 1. ZRIEmHIETERRER

— e ARbR e =y
A4 ik AN
Baseline Features FELRRFIE 23
Intensity Parameters TS 3
Formant Frequencies H IR 4
Bandwidth Parameters RS 4
Vocal Fold RS 22
MFCC Mg IR R 5% 2R 4 84
Wavelet Features N AR i (R RFAIE 182
TQWT Features TQWT $HiE 432

3. TEEEM

B TASCIE SR RN, HiEE 580 BA R, SOARSORYETE &S E
Bl fe g MBI A S IR, R0 8 ML, JFXTX 8 MR IGEE AT IR R, S AR N H
PEVLRAFAEYE, DB A G AR T MU S O 2R e B AR AR 5 A5 2

BEAbEIE Logistic [1JA. PR . Lagging MBEHLARMAI, 73 A%} 8 ASHEH HdE it 4728 B B 2k
OI8O B o X L At DU vk (A B 2 A K, FE R R A
R RER, k2, SBARAERZNARE, £RIEAEE, FXARSCHIEEE 5 HEE Stk
LRASAL S /KB (B0 AR BN/ PR e = R B AL, A S AR X 0 U M e R A S R R P RS
EAFAH ST TN AN BT AL AL

4. IRENEIT S S
4.1. Logistic 2B B 5 5747
R A A ST T A B A B B 2k 1, A 754 MR &, 756 ASWLIAE o % T BT 228 5211 Logistic AR,
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AR R W E A B E B RAKCE IR Z 0], Logistic [FIAR JEATCEIEAT o AR SCE & 2048
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WON IS pt ZEIXTR][0.01, 0.99] Al T — NI ZRIH%E o B 2% T4 U E Ik pt = 0.2744 I, 8 logistic HE 4 il
MR BB e, HaRZEHFERM 031 24 0.28, {H Logistic 18 Tl ks B AT R %

4.2. REW I REBNES S5

PSR 13 S AT A S, AW 30 NS R E K Bt
FH) Gini ARG AR 40 F B SE 2, HEAT 4R 4 A5 J U

Yop(-p)=X -2 p =120 )

HAr ™ p =1, p FoR A AR R T i KAL), FHTERIE N E %, M4 Gini
RAE BT 0. HERATE IR TR Frieeroqn /0 i o 3501 A0 Gini KA 5 745
¥ Gini RAEEEARZER A, — 4 A0 Gini ARAERERHZ A %A T4 SO E R H B & A T4 4 Gini &
Sl TR A8, 3R R R I 1 s

std_delta_delta_log_energy<0.006336

>=0.006336

1
121640)

tqwt_entropy_shannon_dec_13>=112.6 tqwt_TKEO_std_dec_12>=0.005223
<1126 <0.005223

] = ,_L‘
() [ (s}
tqwt_entropy_log_dec_33>=4322 tqwt_TKEO_std_dec_19>=0.1808) id>=23 tqwt_medianValue_dec_31>=0.004331
<4322 <0.1808 <23 <0.004331
o o ()
878, 744 [ lersg,
tqwt_entropy_log_dec_21<-10.97e+3 mean_MFCC_10th_coef>=-1.12 tqwt_7th_delta<0.037

>=-10.97e+3 <112

>=0.037

tqwt_entropy_log_dec_38<-3507

<7.442 <0.001022

Figure 1. Decision trees for data classification

E 1. BHE s LKENR R

IZH R @RS AR, Il AR AR, 13 BB A AR, IIZRIHRZE DN 0, TR %N 0.10,
HALE Logistic SRS RE G tHVF 2 . TR, FRATHERAZE class broysh A, FIFIIIZRET 1 R S SRAEAT
T, A4S 2 FEC mAE ).

4.3. Bagging 5 2$RB BN S50
Bagging 73 &Ik - R SR [ L Al AEAT I, 422 [ fi] o/ S80I AN 22 S8 Jir D SR 45 % 5 A 00 X 0 4

DOI: 10.12677/5a.2023.122028 271 Gt 5 3


https://doi.org/10.12677/sa.2023.122028

B R

T3 BT RFM RN, fFEH R @HMERET, RS RER, IIgRRiRE
N0, HIARIRZEN 0.21, MELRIEW 7 HRE R — % .

4.4. BEHLARM T KRB 5 040

BENLARM S Bagging —HE, HGZIET M I — R4 G Tk, FENLARM IR AN BT, 178

SR BRI TN 25 SRS AR BT DS 42 B 2 B 2 R 2 AR I, IR 2 FEE. IS
HAE R T R E T BB 20 2505 SN OB RN, AT RGEI RS treesize(Vf3 3. & 2 /2
FORITA R AERIERREN A FEVURARREIUS BUF I R EE R, IIZRIT iR 220 0, WS
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Figure 2. Histogram of all nodes (left) and number of terminal nodes (right) of a random forest
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4.5. MELS 5

4T X Logistic [B1JH . PR . Bagging MEEHLAR M FAALEAT /04T HUAL,  ASORHE B 5 5 Sl it

AT 28 SCIRAIE, 1 FH B8 Fold()ok~F 4y % MRS AR Bt 2 8] (1) 7K F-

Comparison of 4 methods on errors for predicting Testing set and Trainning set of Luo Classification data
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Figure 3. Four ways to cross-validate a bar chart with ten folds
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M B3 Hr R, Logistic [81VH. Yedibt. Bagging FNBEHLAR AN GRS I Rl B2 A I ZRAS 35 2 2
WN: 0.16, 0, 0, 0. FIMEFHIRZESHIA: 028, 0.10, 0.21, 0.12. HEATLUAIMH, FEFiHEHRR
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Ho 1M Logistic [H] VA =43 AR ALLE b AL 1) TRMNE £ 20 BATMAS AN, RZERFIT R TR 3 5.
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ISR TR Logistic [ K =70 AR GBI A% o 75 L6 AL AR 2 25 1F, LTI ) A SRz i A
AR 2 > BT R SRS T . Bagging TRIINATBEHUARAR TN, 5 550 2 A8 VI ZREE /N FIUI PR RCR AR HLAS
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