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Abstract: In the early stages of Parkinson’s disease, patients develop symptoms such as difficulties in pronunciation and un-

stable articulation due to a decrease in the flexible coordination ability of the vocal organs. To analyze the speech ability of

Wks HAY. 2023-04-28; &M HY): 2023-06-21
HETH : VLA SR EARRE (A SRR J RS H (21KJA520003)



o512 #

B A5 BT ZUEE S SRS AR B AR R B A )5 ik

%

the subjects, the experts design a multi-type corpus, including sustained vowels, repetitive syllables, and situational dia-
logues, based on the aforementioned physiological phenomena. Existing researches on Parkinson’ s disease speech detection
mostly rely on single-type corpora, which can evaluate the coordination ability of certain acoustic organs in the subjects but
cannot comprehensively reflect the subjects’ vocal conditions and are susceptible to factors such as the collection environ-
ment and individual differences. To address the aforementioned issues, a multi-source speech information fusion model for
assisting Parkinson’ s disease detection was proposed in this paper. The aim was to fully utilize the multi-source speech data
obtained from diverse types of corpora, extract comprehensive and rich pathological information, and counteract the influence
of non-pathological factors. The proposed model consists of an encoder module, a decoder module, and a classifier module.
In the encoder module, multiple branches are employed to learn the specific information from each individual source of
speech data. Through a multi-head attention mechanism-based fusion branch, finer-grained information interaction is
achieved, enabling the learning of common information present in the multi-source speech data, thereby comprehensively ex-
tracting the pathological information carried by the multi-source data. The decoder module assists the encoder module in in-
formation compression and redundancy elimination. The classifier module detects Parkinson’s disease based on the output of
the encoder module, while also aiding the encoder module in learning compact representations of pathological information.
To further ensure the extraction of specific and common information, the model imposes orthogonal constraints on these infor-
mation components. Multiple comparative experiments were conducted, based on a self-collected dataset containing
340 speech samples. The experimental results demonstrated that the proposed model outperformed the models based on
single-source speech data in terms of accuracy, sensitivity, and F1 score for Parkinson’s disease detection, with improve-
ments of 6%, 3%, and 6% respectively. Moreover, the effective integration of common and specific information enabled the
proposed model to achieve more than a 2. 8% improvement in accuracy compared to other information fusion models.

Key words: Parkinson’s disease; speech signal processing; multi-source information fusion; deep learning
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Tab. 1 Self-collected Parkinson’s disease multi-source speech dataset information statistics

B P it
ZIAE G PD HC PD HC PD HC
ZIRH N 49 8 19 9 68 17
SEIAES RSt % 69.3(9.5) 66.5(7.2) 69.8(8.2) 65.3(6.8) 69.4(9.2) 65.9(7.0)
RS 43T 46~88 58~77 56~84 53~74 46~88 53~77
S I HE S ) R BT 2% 5.9(3.6) 0 5.4(3.1) 0 5.8(3.4) 0
HY 43 1~4 0 1~4 0 1~4 0

I AR Z IR B - (1) DU R B 7 35 17 4
SEICE fal 5 (2) IR AT BB S AT A
R E B & Hi/pakala/. BN B BYTE S 1D SR8 5T
B A 340 NREAS , DL 48 kHz SRR . wav &
FEfitio B RETCIUG , HAE I BE 55 N B2
R 5 A O™ AR TR
4.2 ZLWHEE

AR S i python 1 5 SEBL, 8 1 2 41X H
ST N A A R IR R PR RE o T A S ER
FE4 T ITR N A REUE R LT, S A5 R
T3 KA, i FHHER FR (ACC) U (SEN)
FF1 43 B E R S 5645 5 0 PEAk v 0

THE A 2R 3R 7R HEBA DX 40100 4 AR R85 R RN
FAARE R, AR AR LE R 0 3 ) 4 s A 1A R
P10 B AR 5 SR T PR R, AR A =
AR TR .

TP + TN
ACC = TP + TN + FP + FN (20)
TP
SEN = TP + FN (21)
F1=%(2+FP+FN) (22)
TP = TP

Hor TP F7R 43 S IEB A 6 AR HE AR, TN 0K
SIS IEA R AREAS R, FP b (g B AFEA 12
T3S IUMA S B R A A B, FIN R K A 46 AR A
AR A ANFEA 108
BEAY N SR8 AN 2 s .
4.3 5x/BFRESELERMERELLE
SRR Z PRI SRR R A TP AR T S
Y5 BT LRSS S I SRS T TP ERE LA
Z: 5 B AR E A SRR  BEPLAR AR (RF)
SCHE ] AL (SVM) DA K T 5 2 ] AR 25 1 ) 2%
(Siamese-net)' ', SZHGZE RN 3 7w .

#2 MSFAEBIRIZHE
Tab.2 MSFAE Model parameters setting

I 45 S5 F S ZHUE
X_vowel 320
X_pakala 320
{5 Bl &R Q, K, V [ B 4 i 64
G R AR Z L E ) 2
AR FEA T A 2 R 45 1-3 [55,55,64]
R SR AR N 45 1-3 [100,200,320]
M4 R R A [32,16,2]
FRAE S LS 2 16
9 30
23R 0.001
HEFN 36
fltfb#s Adam
Dropout 0.1

R3PS R TERE LA

Tab.3  Performance comparison with single source speech model

Model ACC(%)  SEN(%) F1(%)
MSFAE 92.68 86.51 90.21
RF(vowel) 83.86 81.41 83.88
RF(pakala) 86.62 83.32 84.26
SVM(vowel) 83.52 77.53 79.85
SVM(pakala) 84.33 79.23 80.26
Siamese-net(vowel) 77.81 66.67 75.79
Siamese-net(pakala) 79.70 71.29 76.79

ML Rp T LB R, T ZHIESN
MSFAE #2 B 4% L B RS 35 BOE 76 45 8 bs B AT
KBTI SR EERIGUE T, 2 BE e 4G
G 2B IEEHE R B Z 5 RENE S8 I S R
I e 5
4.4 5HMEEMEERMNERELE

AT X MSFAE A5 1 2 K H At 1y SC fr $2 X W15
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Tab. 4 Performance comparison with other information

fusion models

Model ACC(%) SEN(%) F1(%)
MSFAE 92.68 86.51 90.21
TFN 89.86 87.81 89.44
CPM_NET 89.35 83.65 84.52
Vilt 88.65 83.76 84.24
MKL 86.92 74.85 76.79

SIS EE FE T FRATT IR £ 5 2 A~ A
AE B A AR A bR, 7E MER R o R
2.82%.3.33% 4. 03%.5. 76% H 42T}, TE AU E $5
B b5 e TEN AR RUA T, o o A asi A
] INF F1 43 BOR 5 Hofth He A i Rl A 4R T HR A
FEF, AT L R 254 T 22 B ) S5 5 8 R
FRA (RS SC80 T S 4T A9 {5 B Rl 3
FAe BT, @k 220 A 5 2 ke 4
B P 22 R AE DA R A1 SO I8 LA S MRS T A o
4.5 HERSLIE

SR it — AR 5T T SRR B PR BE AR T 3 A 7
S0 A I TR Y PR B, E A SR A A 2Pk
W SRR AR | A R B 1 7R 7 AL A 0 A 8 A A
PRI vk . SEBR RN SS RN S R o

xS HBR

Tab. 5 Ablation experiments

Model ACC(%) SEN(%) F1(%)
MSFAE 92.68 86.51 90.21
MSFAE(without fusion ) 83.62 80.32 81.62

MSFAE(without feat_group) ~ 90.27 83.15 89.91
MSFAE(without spec_feat) 87.22 79.71 82.31

HH S 3645 B AT RN AE B (] 2 IR E
{5 B Al AR BT (MSFAE (without fusion) ) , PERESZ
B AR B 5l = X Z2 5 AR

FRRLS  ATERRIRTE ¥ 285 RAE A S BRI B i
SR BEHAT T 9%, J0E S 20 S s 1) HAR
HIE 4R o BERLTE B R RFAE 23 41N (MSFAE (without
feat_group) ) , H T8 2 X I iy A KCHE %) B8 4004

AR BIUA 256, ARG | ATE Z AN {5 8L, AT
FHAMBBL R R VF T B . BEORIAE SRR PRI & HiE
FeA 5 B R AE 2% 2] B P i) (MSFAE (without spec_
feat) ), PEREUL IR B T H A PERE T B, FLIR KR RHE
Rl AR Y T2 A 2 () i i R A 22 T e 1Y)
IAE R, BIE S R A R BRI,
RERS IR AT BT E B R A 5 B A R T

5 #ig

AT — i Z YRI5 5 B RS B e T
BRI R O vk A AR 52 A RE T 1 ]
Al o R Z 25 BaE 77 I AZ K A
FER BRI B 2 DR AR AR 3 B A
R T AR BICAR AN, ik 0 22 YRR Fil 5 o e o
s BBl 22 S 4, RS IR AR
AEEMIEAEE IFSIAELRAR, AR ZE
DR TR B R AR I, SEER AN A 7R A SO
A MSFAE A58 5 BAR A5 B JERAB 0 LU 55, 75
FA TR LA B E R PERER T, ARG
SR AR R L, P S A R A I < AR A U AT 55 b
AR TR SERD b AT — LR 2
DR B A 2 U B0 B A AR A DN 7 48
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