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Abstract

The insidious onset and complex intertwining of multi-system degenerative symptoms in early Par-
kinson’s disease (PD) frequently lead to clinical misdiagnosis. Computational phenotyping based on
digital speech signals offers a novel paradigm for non-invasive computer-aided diagnosis of PD. How-
ever, current research is severely constrained by two major mathematical bottlenecks: the curse of
dimensionality caused by ultra-high-dimensional features and the lack of explicitlabels for fine-grained
clinical subtypes. To address these challenges, this paper proposes an intelligent diagnostic hub inte-
grating high-dimensional topological manifold deconstruction and multi-scale risk mapping. First, to
tackle the 754-dimensional acoustic features, we discard the conventional flat feature screening par-
adigm and design an adaptive dimensionality reduction operator based on the decay of manifold het-
erogeneity divergence within ensemble decision spaces. By accurately quantifying the nonlinear pu-
rity gain along decision paths, this mechanism successfully deconstructs the “heavy-tailed sparse” dis-
tribution of high-dimensional acoustic features. It accurately isolates a core subset of pathological bi-
omarkers dominated by Mel-Frequency Cepstral Coefficient (MFCC) clusters and Tunable Q-factor
Wavelet Transform (TQWT) multi-scale arrays, effectively resolving the curse of dimensionality. Sec-
ond, to overcome the lack of gold-standard subtype labels in real-world medical scenarios, we recon-
struct heterogeneous cross-domain features into a three-tier, six-dimensional digital proxy space—
encompassing “motor control, neural regulation, and mixed acoustic structures”—guided by prior vo-
cal anatomical mechanisms. Building upon this, we pioneer an adaptive dual-track risk scoring for-
mulation that integrates “core risks and structural auxiliary corrections” and introduces an intra-sam-
plerelative percentile nonlinear mapping plane. Under the strict zero-label boundary condition, this
framework achieves precise unsupervised clustering of four fine-grained clinical subtypes: motor risk,
non-motor risk, mixed, and atypical. Large-sample independent testing demonstrates that our sub-
typing topology not only maintains strong physical discriminative independence at the micro-feature
level but also achieves excellent reproducible stability, yielding macro-average F1 scores of 86.7%
and 81.7% on the posterior validation and independent test sets, respectively. This research provides
a solid mathematical foundation for the dimensionality reduction of high-dimensional acoustic data
in PD and offers a highly biologically interpretable decision-support tool for the quantitative diagno-
sis of complex concurrent symptoms.
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R T OW 78 2 50 1 SRR 5 72 A5 K0 B (01 TQWT B 752 WA b 0 57 S b RN Ak o6 R
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PR IREENE” =2 N GEETAARB /] . BOASCHEI I, ASCIRFE T8 = MR e () 2i £ 2R
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Figure 1. Constructing core feature subset based on decision tree importance weights and diagnostic hub model framework
details
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M mE P AR R RO, B SE AR B T IR R R . EIRG R O TR E,, . STERBCE
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Table 1. Topological mapping of heterogeneous high-dimensional clinical datasets to a six-dimensional surrogate feature space
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J, R Jitter rel, Jitter abs, RAP, PPQ jitter, pulse, period
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or = Percentile (M ;e ) + Percentile (U o ) +&
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M, =M +AdpY. U =U +24p!

o, 4 9P R B T SR ASCHL A = 030, 1 4 X E R A A RS TE, R 4 g e
RU™ % SR

BT M, R U, A2 RIS 4 RO RN REA 5 A RIS SR . A 8 R0 2 O R 1
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Table 2. Topological rules for four-class subtyping based on the dual-risk relative percentile plane
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AN R (Atypical) R <0.30 H RY <0.30 AR RS, sz SALRAT MK RAE
E ) RS (Motor) R" >RV (HHFBRATHIZ) WS S B LR o B 5 M) S S B g 2 £ T

JEIZF MK (Non-Motor)  RY >R (HHHERETFIZS)  PHKE ARSI RN/ THREREESES

4. SKEWEERSH

ARG R LA O bR BT 5 R L SR 2K 7y RPN 2 FE A SR B AT IR T B G it i 5 1
REVPAG . DAL P SRARFAIE 077 126 55015 XIS R S 00 0 JE = ) B T ) 8B S PR A Rz AL AL 5

4.1. XRBEERERERIERR

N T A TSR UF AR SCHE 0 s 4R R AR R T B 4 55115 3 BRSSP P iz A 5, AT TR )
SO IR AT AR W) B AR 4L FE 5 R AR 0 b 5 2% 1 B S o E MR (R0 4 205 (P D) e IR 75 27 ik v S 4w
ERIT . A AR T 2 R 2 R o8 fa/ AR R Il PR X

1) a4 2 ROBE B AR 6 vh e O 2B 4 1)

% H UCI ¥l#8%% > FERY Parkinson’s Disease Classification Dataset. 8 252 &%\ # (188 % PD &
64 ZAEFNIR, RN 3 IR E). LRI 7 EIA 754 47 SRR, RIUBESI N T Mg /R (51 R
H(MFCCs) 5 A Q Bl F /N B H(TQWT)REF o 1X — i imy 4T 2 WA 38 A S ARG itk B 4 1L SIB%
AL TUAR 5 4RI MERR AL T A PR B e

2) HLE W P S S B O R 4R 2)

1% H UCI JE ) Parkinson Dataset with replicated acoustic features, 2 80 42l E (B A 3 IKFH)-
EREIR T 44 YL R PR 22 m (W Jitter. Shimmer. HNR A ARZRVEFERR). HAZ OB AE T A VR IES:
KAE AR [R] 43 A (Non-TID) 2 o Dy B0 e B 52 0 845 >R 1 s ik % (Data Leakage) 5 i LG Fa B, 483
TS S “ 32 1 20 B B (Subject-level Isolation) ” o FUAT &, #52iX & 4% 40 8:2 K40 ATF R EE(176 1)
LS RER 45 1), FAETFRE NPT 2T 2 H R A8 XIE. Rl — B HF KA K& E AT
Iy BTCRARE R — 4 A RAE I L 5 BHE S EU MR AE 3 il TE, AL BB 15 B
54

3) 2 U AL AR 1) B S 4 5

H] 1) B A WML R SR SRAT 55, A SCKFTRT IS N i — A A ARBR R AR R, ADCHT 1 1 P 28
SRR EE2 . BRI 221 172 PD Rl (BE 48 1:181 4l Hdla 4R 2:40 1) o4& 5 2 5 — (W brifE
ez 6], ACE ROE A T 208 5 e B R BN, BEAELRUE R 08 X — S AT T,
WRA T B IRFEARRI &Rt 25 he, AR ERKBE 7 RS B .

42. ZHREBEZEHXFBG TS

TE 56 PR 20 S A6 I PR ACHE £ (1 5 3l b0 $h 0 55 SHRERUE WU )5, AWl 221 200889 (PD)

iz B E LR EEE 1 85 181 4, BdE4E 2 B85 40 BHRF BRI/ gE = AARBEUFE [ . FE T

JITRA S FS) 3 B XU KRG, B SRR 4T, AR 0 4 Jmy KA 0 73 L 45 Rk AT 1 ™% B SE T A 40
GUUFERRY, A 221 A2 BE N RRE A E T, R R0 fi, &2 40.7%) 512
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AR (82 i, (HLLLY 37.1%) Mk T i EZE MM AR BELRDUES, —H G E R T 77%0050
Mo AHXFIM 5, EE N B E T R A3 B, (5L 10.4%) LR RRAE IR AT 14 48 57 6058 ) A g 7R 77
(6 1, Lt 11.8%)a T dt, J& T/ DAk,

N B 7S AN [F) B IR 4 R 72 W A B (R B A3 AR 22 5, AR SCRIER TN 3 B IIAE LR iHEE
FESERE . fEDUSRIE AR, AR 26 4, S 11.8%)&ME——NEXUPIZ O YERE 115 2 BURAR 5 (1R
o RZNEHRZFER I P 2R A, RSO 30 R 7E /S A B 2= (8] op () A7 B AT T Sl L. ik 4 B,
AR BB OTRIR( T, S) ERRRHE I AL T2 sh BN R # 20 0.7 M2, TEEIZ3)
R OFRPR(N,) PR TIEE s G B E 2 0.8 Mnez, M HIERA S MWERR(Q, C, T)mIuE
W AR o X — - AT RRAE R B, AN LR Y £ A T ) 8 JULAE oo B B A PP X Ao 22 T 8 R L AR
[ERRE: BE G E PSRN 6hZ AR IRAT MR S RAE, J& T % 75 B A B 2 R e ik Y
EAFE RIS, ASMBIRRER 5500 7 B R 2 [V 0% R A R\ 1) Bl oy 0 R gk — 2B 30AiE ;. BTy
AT B YR A 2 IS IRBIA R AT EAR AR, AAEAEAE B TR N B R AR A 1R I 1) R

Table 3. Distribution matrix of four clinical subtypes of Parkinson’s disease under heterogeneous acoustic datasets

3. RUEFHEE THERFNLIERIT R 5 HEER

R RAE S b BE B JEIZ BN AL A REH N EitE Bit
BAREE 1 (R A ) 71 75 16 19 181
BUREE 2 (EEMEE) 11 15 7 7 40

E=0587 82 90 23 26 221

Table 4. Comparison of standardized six-dimensional pseudo-indicator means across all subtypes

4. FEWRRE NIRRT E LI ETTEE

DI J, S, 0, N, C T,
b EiY N5y 0.22 0.24 —0.04 -0.21 -0.00 0.03
eiz zh B R -0.24 -0.29 -0.11 0.26 0.01 -0.04
RE 0.76 0.93 -0.23 0.47 0.01 -0.01
AR -0.47 -0.50 0.06 -0.54 -0.04 0.04

IR A A AL 1WA B AR L H SR T 37 55 e P R R T S R R B A VR,
M TR IE A ST $1 0 M XU X6 SR ML R ARG e o 2L 1) RE 808 7 T 0 ) SR AR W 6 S AR Bk
RIRIIRRFE 25 (]I, A28 RIS T IO, RS MEDUE B b T £ S U AL AR LR AT YR I T 17D

4.3. BLEFRESMRRSFHERT 247

1) R%CARFAE TR EE IR 3 T LM A AT

TESRFAEZE BE ) PPAl o, BB HER T 20 ALIRAZ 0o 75 22 R AE J 30 H AR v PR ) BR U (P L 5) e
Hor, Mg /R P15 R B(MECC)FER I H 4axf M AMAILH, B8 T B E MRS AIRT 9 5. Fenl 2 A &
JEE L std_delta_log_energy (FUHEAE 0.0175) K% HATA K =B BN A RHIE std_delta_delta_log_energy (FLEE
{H 0.0135), MALEHRIKS M EFIE T EEESHRESEN ZIAZES, X T a5 50
(R /N i 7P 7 B A B e S IR T (R R S A8 AL B AN BRI R AERE . SRTIT, 72 ZOWUARFAE 15 (A 1K &R
THOTHRE B (VR 32 6), v Q PR 1/ NE AR He(TQWT) A4 i 1 R 4 Jy S W ) 4 00 W SRS A R TQWT
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(I MARRFE B FE A AU 51 56 10 (tqwt TKEO std_dec 12, AUE 0.0087), {HiZ KM 153 NG REIE
P EERERURL”, BRTTTTRR 1 RiIA 56.68% 14 R BLEE , I MFCC 211 26.22% o X FR AN F1)“MFCC
BRI IE A" 5EMRE B “TQWT 2 73 #rEMEFIREA " TR R T B AR IRFE S (8] oAb TQWT K &
It 456 Teager-Kaiser g5 H T(TKEO), ¥ 17 [ THUME 5+ o 75 7 il 55 5 B 51 R AE Ltk e
BBs 1M MFCC W) = 21 i) & 75 2% B 1) 2 IZ BT o K S URFIE AR I IR P b B, S 531 PD I
o 17 O 2 B AL 77 7 1 R B A AR A

Table 5. Top 20 core acoustic features for Parkinson’s disease detection based on importance weights

=5 ETEZMNENBEERESZ RN Top 20 #UHFE

RHIEA R HEPEAE RHIESE)) He4
std_delta_log_energy 0.0175 [MFCC] [01]
std_delta delta_log_energy 0.0135 [MFCC] [02]
std_6th_delta_delta 0.0121 [MFCC] [03]
std_8th_delta_delta 0.0118 [MFCC] [04]
std_10th_delta 0.0103 [MFCC] [05]
std_6th_delta 0.0097 [MFCC] [06]
std_11th_delta_delta 0.0095 [MFCC] [07]
std_12th_delta 0.0092 [MFCC] [08]
std_9th_delta 00.0091 [MFCC] [09]

tqwt_ TKEO_std_dec_12 0.0087 [TQWT Features] [10]
tqwt TKEO_mean_dec 12 0.0083 [TQWT Features] [11]
std 9th delta delta 0.0080 [MFCC] [12]

std 7th delta_delta 0.0073 [MFCC] [13]
mean MFCC 2nd_coef 0.0068 [MFCC] [14]
tqwt_entropy log dec 13 0.0067 [TQWT Features] [15]
tqwt_entropy_shannon_dec 6 0.0066 [TQWT Features] [16]
ddplitter 0.0064 [Baseline Features] [17]
std_10th_delta_delta 0.0063 [MFCC] [18]
tqwt_entropy shannon dec 11 0.0062 [TQWT Features] [19]
std Log energy 0.0057 [MFCC] [20]

Table 6. Summary of cumulative weights and contribution ratios of core acoustic features for Parkinson’s disease

F 6. MERBSRURHE: SREXFTNESTBELE

K44 P (Category) R AR RHIE A5 FIRE TR o b
TQWT Features 153 64.3% 0.3802 56.68%
MFCC 33 13.9% 0.1759 26.22%
Wavelet Features 34 14.3% 0.0698 10.40%
Baseline Features 7 2.9% 0.0230 3.43%
Vocal Fold 7 2.9% 0.0144 2.14%

DOI: 10.12677/aam.2026.158342 161 I3RS


https://doi.org/10.12677/aam.2026.158342

EXW] 4

gk
Intensity Parameters 2 0.8% 0.0035 0.52%
Bandwidth Parameters 1 0.4% 0.0028 0.41%
Formant Frequencies 1 0.4% 0.0014 0.21%

2) RFAEZS [ TUAR BE 5 H S AR B

WK 2 (FHRMEH BTN, Top-10 A% CRFAE R AR S MR BESE 7 1 308 2 (RIS AT AR R ALE R A7 A 1 BE 1Y)
JA L2t (Local Collinearity). 141, std 6th delta delta 5 std 6th delta [ 2 /RibAHSE ZEFIE 0.94,
PORTEAR R ML G BT BN, B R4S — P EMIURE . HEAREIE, RERHME
N BB AFAE J) S B AH S N 245, IX BeAZ O RFIE S H PRI TR RS (class) Z [ 34 Fa 58 ORAF 1 5 35 (R S7 1w R 4 il A
FNEFH R RBAENHA S AGAE 0.26~0.36 Z[0])o X MNGETH2JZ TG JTEDUE 1= RIAEAEAAAE B [F) 28087 (1) AIE
e, 1T BIAZ O S SRR AR KSR BE AR S R E R A ] BARHIE B

3) AR AR A K R A i 43 A B IE

Wil 2 AT TR, 4R IE B S A 2 B H R [ B B A i K 22 43 A (Right-skewed Long-tail
Distribution) %4 K070 75 FAFAE AL E M IS T 0 Fil BT 1) 43 A 0 3B (Peak), 3 BB AT T 29 Sk 3 i
JR AT “ORER” BOTCROIRES AR BHE A 10 21 A% SR IR AR U 5 8 1 35 B Geit 22 )=, Il i
X AGER, MR T B A ) BB K R X 38 Tail Region, AUE >0.0100). iX—43 4 i SN AE R
VR ZEAIE 1 i 4RI R P 5 A0E R W) 5 A 7 1k (Sparsity ), 58 2 B AL HUBAE 1 AT SCHRBUK Top-20 4% 00 5 2
ZRIER T SRR “ARRAKE” o SRR I — W U R X7 T e Bibie, i
THRSIRPRI ST AL 5, 5 Bl B G R e SR A4 T RS AR, TR DR 1 B AE LS PR
ST e R S R Rk .

4.4. BAZETHLA SRS RRE

1) WA R RELR & RAL VA

KR 5 TE I 221 4 BEFEARBG 25— 7S eRERRAE 210 o, 5 308 SR T4 (B U A2 1) 4 SR VT iy
SRR T PR o AR ZR/RAESE LI R 0 R A IRIET, 4R 25T EIER AIE S 90.3%, ZTH F1 7p
BN 86.7%: 1EEEARZSHMSHPMAZINRE L, HEFRRIRYERFE 88.9%, 114 F1 738Uk 81.7%.
X A A R R 1, AR SRR I SOOI DU SRS S AR R (TR A
AW EF RS ARE B, (R JE S s (] b B R R AE AT 1, IF AR R AR AS
FREBLH T SR A S B ILRE ST -

Table 7. Classification performance evaluation metrics of the diagnostic model on cross-validation and independent test sets

7. WHTHRBRAE R XAIE S MR &R ERY 9 KM REIT AR AR

15 A IF 28 28 ) TEF % (Acc) 5 % (Pre) 112 (Rec) F1 43 %(F1)
Panel (a): 32 XHiF£E (Cross-validation Set, N =176)
123 44 XS (Motor) - 88.2% 92.3% 90.2%
k23 24 X% (Non-Motor) - 93.3% 97.2% 95.2%
1B A H(Mixed) - 87.5% 77.8% 82.4%
AT (Atypical) - 88.2% 71.4% 78.9%
£ 7 B (Macro Avg) 90.3% 89.3% 84.7% 86.7%
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i3k
Panel (b): M7 AL (Independent Test Set, N =45)
12324 XK (Motor) - 94.1% 94.1% 94.1%
k1Z 3 24 K% (Non-Motor) - 89.5% 94.4% 91.9%
B A A (Mixed) - 66.7% 40.0% 50.0%
A LA A (Atypical) - 83.3% 100.0% 90.9%
LR (Macro Avg) 88.9% 83.4% 82.1% 81.7%

2) RHIDFERIGE 5y i 25 W R P AT

it AT AR R (1 v sFe s 55 40 2 1% 45 #4) (Miisclassification Structure), A SCZ5 4K 3 (7R
RS2 7 MV RFR T TIRE ST . 4R R, “iEzhl” 5 “Jeigsh Bl XK I 4a%
R MRS INREE F1 930 HIEIE 94.1%5 91.9%, #HHFEI>94%). XK ZRHER L LENET -
R 1 J R LR e L X U P L, RN YEARIE S A R A AR BT T T BA IR R F A T T
R, AR 100.0%01 56356 A 81, IE BB A Bt ) 28 e = SRR AT 1 R 75 R AE (T B AEAR .
P2 Ny Wb By e mi e T IR A B R AR (RS A [F1 3R 5 2 40.0%), 450 FEA 2L (A1 51— (1) “32
R B CARBHAL” FLERANRESEE 3 FTR). X RIRILR AR S S i AR A R
“YRET” ZRJF NP ™ B HE 1 & 1B N (Superposition State), HHHEHREES K F TR IR ILA
B, SERFEID R BA WA KRR SR, SRS, BT RN T B SR, ROESK T A
SO W T Gy TR D R B PR

Symmetric Correlation Analysis (Top 10 Biomarkers)

std_delta_log_energy 0.26
1.00
std_delta_delta_log_energy 0.32
0.75
std_6th_delta delta 0.35
std_8th_delta_delta 0.36 0.50
std_10th_delta 0.31 -0.25
std_6th_delta 0.32 -0.00
std_11th_delta_delta — 0.42 Wk - —-0.25
std_12th_delta 0.28
—0.50
std_9th_delta 0.34
-0.75
tqwt TKEO std dec 12 — -0.15  -0.17 -0.11  -0.23 -0.14  -0.09 -022 -0.18 -0.15 1.00 [EVKZE
-1.00
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Figure 2. Correlation matrix of core acoustic features and global distribution of importance weights
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ENRRIE L 2 Emmme | 1 g Y L
15% 31% 94.1% 0.0% 0.0% 5.9% 70
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AETENEIRES U 0 AEEFNEIRER - g i U 0 50
p— 14% 0.0% p— 0.0% 94.4% 5.6% 0.0%
oR oR
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20
10
—— 4 2 0 15 —— 0 0 0 5
19.0% 9.5% 0.0% 71.4% 0.0% 0.0% 0.0% 100.0% 0
(a) X IIERIEAERE (b) IR SRR ERERE

i ENBEHTINEREA, EBEESHER, S8 ETANAY, THlZELEIRL.

Figure 3. Confusion matrices of the four subtypes on the posterior validation set and test set

F 3. MET R FIEIEIEE KRR B
5. Wig

AR A A 4 AR 995 (PD) I PR 18 512 W7 i 8 i 4E R AIE TU AR 5 0 2 W Q0 TR PR A W R AZ oS, 2
— Bl A B AR IR AR S B S RO B T R T X . BB VR B TR PR
RKFALTT R U1 T o
5.1. FEEMBERILEN

1) AELE Sl 38 35 IS A B R AR L . TRBE B = R 28 R ERR 4R R PR, B 5 N TS
V) S R P T U R AE R S LA o T A JE JE AN 4L B (Gini Tmpurity) FRF &, 878 1 s 4 R 24 AR
CHEEMB A ZHUEIE RO T A, R S SRR A I S ] B A B R S S AR 1 A
48R (U0 TQWT 5 MFCC).

DOI: 10.12677/aam.2026.158342 164 I3RS


https://doi.org/10.12677/aam.2026.158342

EXW] 4

2) B WOZ A R INESE BRI LESER, R PR R 0 A R SR B NI
FARELAIA], RN I S PR, A “RJZRFALIR I 5 R MR R L T M L
LENIZIR ML

3) RERRIGAIFIOER LB BRI B m LR G PD B8 2 RGURA . MRS LR
T o AHECTAR R IRS, A ORI ER (M ARXT B 73 (0 (Percentile) WS T I 7E JoAR A PR T 5L I T RS #E (1 4L 57
€, AT MNKER 23 FL 380K 81.7%, #iE 7 H 5B S I 5z b ig

5.2. MRERESNABF

I 2 S 30 OS5 K BRI PRI UE AR 2« 7N AR 2 [B] JOSUEI AR AN B R A A, AN ] el e b 0, B ¢
SRR eI R (W G5 JE B e oy B BE I A 50 8 )« 2R T A FF IR AE FE G Z S hRifE, AR B 4G
AR EAE CRRAERIE ) R AT ST, R RS ET BE PR I R B B () R A E

FRAS KAL) o050 Ve BN ZE R S B = AR FEARFEARF 72 12 T (Cross-sectional ) I A5 S AR R, G AR Fil
A8 3)) 7724 (Temporal Dynamics) 7 #7. PD J&3ZS B FE, 2 miE A T0 vk e 5 21 ) 553 MV 234 [ s 2 7
ARRIBNAS NI (A “ AT [ AR R Ak, B — XU ) “URARL L),

53. RRITIESIGFRELRE

BRA S KAEN P A M A TERI R R BR ], SIANZ R AMBEVHES T, %6
BNAS S [H AL EE(DTW) S50 P45, A8 3 R 7 IR A B (R AL IR T o 3 — 20 5035 TR IEHEAT W SR 4
R, R 4 P S A B A Wb E ) (Digital Biomarkers) 14 %

W AN G e MR E . AR TIER ARV R AEDIBRTUR G H IR, B s i 2t 5
(Edge Computing) #4677 . A kAT H 23 0 e App, i@ AR B RSk EAE A s, BRI A] SEi
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