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Abstract: The research on speech-based Parkinson’s disease detection has the advantages of non-intrusive, low
cost and non-invasive. The current publicly available speech datasets for Parkinson’s disease mostly originate
from single-language speech, which has the characteristics such as insufficient data capacity and small
differences in the pronunciation characteristics of the subjects' mother tongue. The Parkinson’s disease
detection model trained on a single language dataset will experience performance degradation when faced with
cross-language speech data. To avoid the impact of language differences and improve the detection performance
of the model in cross-language scenarios, the ideas of adversarial transfer learning and feature decoupling is
introduced and a Parkinson’s disease Cross-Language Speech Analysis Model (CLSAM) is proposed in this
paper. Firstly, the model cascades a multihead self-attention encoder and a multi-layer neural network to form
a feature extractor module, which is used to decouple the original Fbank speech features extracted from the
pronunciation characteristics of the source domain and target domain into two vectors, namely domain

invariant pathological information representation vector and domain information representation vector.
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Secondly, a dual adversarial training module with inconsistent target tasks is designed, which explicitly

separates domain invariant pathological information and domain information. Finally, domain invariant

pathological information is extracted from cross-language speech data for Parkinson’s disease detection. This

paper verifies the effectiveness of the proposed method using a ten-fold cross-validation method on both the

publicly available MaxLittle Parkinson’s disease speech dataset and the self-collected Parkinson’s disease speech

dataset. Experimental results show that compared with traditional machine learning methods and existing

transfer learning algorithms, the proposed model significantly improves the accuracy, sensitivity and F1 scores

in cross-language scenarios.
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SIS B PE R L AN RS BT 7

MSERG SRR, A SCHT IR A R AR B T Ay 5t
N S AR R L REAR BT L E R B A AR
o MAJAHAET, PrifEia RSon R 1 iEs2
FEIISEMR, SEAFH O B T I BN A FE (S
Boo BT T GEiH N CR FHMMDHE I 24T 2 5+
O3 A B ) R AR (IID AN, DSAN), Stz
R B PR g ey a2k T 2 i Bl 2R AT B N
>, HINE S HATEE . MDANN, CADAN
T3 FERF LG AL H T I R RS A5 B AT AR
M By B R /12 AHELT TFFNR A L SRR
SRS AN T 47057 >0 (R 3045 31 25 SR S BURDX 55 /T
FERSRHIE, AR B E X HUIE 8 57 > SR 2%
Hiffi4e “PrERK” WHEGEE. SEFERSEED
BERIDSNB UL, AR S AR A A AN [ B o Y A
HArME BT Z R AW, i@ 5 T 5: >] fe
T HTT R 7 1 7 NS 715 B B .
3.3.3 HRASCIY

Nt — DR T TR AR PR BE, AR Al v i
SIS I Fr SR b S BB VE ], AR R
UH AT 2 PR BEAE DL RCRRAIE 1E A2 249 RO AR Y
FITTRR. SIS B TELR S R NIRRT o

* 5 5EBFIRBMMEEELLR(%)

® 4 SEGEHNERTE IERRMREEEER (%)

R Acc. Sen. F1.

CLSAM 86.69 85.98 84.71
RF(s) 79.86 77.41 78.88
RF(t) 78.62 77.32 77.26
RF (s-t) 76.81 75.25 74.75
RF (t-s) 76.38 75.36 74.46
RF (st) 79.15 78.35 78.18
SVM (s) 79.52 77.53 78.35
SVM (t) 77.34 77.61 78.15
SVM(s-t) 75.72 74.46 74.26
SVM (t-s) 75.35 73.45 72.86

SVM (st) 78.95 76.86 75.68

Y Acc. Sen. F1.
CLSAM 86.69 85.98 84.71
DAN 80.83 81.86 81.56
DSAN 83.65 83.82 82.61
DANN 82.78 82.98 82.81
CADAN 84.10 83.22 83.56
TFFN 85.64 84.58 83.89
DSN 83.60 82.84 83.15

*® 6 JHRELSIE(%)

it Acc. Sen. F1.

CLSAM 86.69 85.98 84.71

CLSAM (A8 W E X HiillZk) 82.78 82.98 82.31
CLSAM (A EHFHEIERZZH) 85.23 83.74 83.15
CLSAM(HAHSICZR) 85.96 84.85 84.17
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