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Voice analysis-based machine learning models to diagnose Alzheimer's disease
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Abstract: Objective To identify key acoustic features associated with the progression of Alzheimer's disease (AD) through
voice analysis combined with machine learning and feature selection techniques, thereby constructing classification models
that serve as candidate tools for the early screening of AD. Methods Voice samples from AD, mild cognitive impairment
(MCI) and healthy (HC) elderly individuals were obtained from the NCMMSC2021 AD voice dataset. The voice samples
underwent data preprocessing, followed by feature extraction from the eGeMAPS feature set via the OpenSmile toolkit.
Classification models were obtained utilizing random forest and support vector machine (SVM) algorithms. Significance
testing and feature importance ranking were conducted using Python, and the further selection of the optimal features was
performed through sequential forward selection (SFS). The classification performance before and after feature selection was
compared and evaluated using accuracy and the area under the receiver operating characteristic curve (AUC). Results The
significant acoustic features in the classification models primarily derived from spectral slope, formant, fundamental
frequency, and loudness. The optimal classification performance was achieved with the SVM model following SFS feature
selection, with recognition accuracies of 0.926 (AUC=0.974) for AD/MCI group, 0.875 (AUC=0.956) for AD/HC group, and
0.879 (AUC=0.904) for MCI/HC group. Conclusion SVM model performs better than random forest model, and the use of
SES for feature selection can effectively enhance model performance. Voice analysis has the potential to serve as a valuable
supplementary tool for the rapid AD assessment and screening.
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Figure 1 Picture of the cookie thief
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MCIHC 4 %) 53 28 30 R 85 2%, HE A B2 AL 0.697.
SVM #5E BUFE 3 /4~ 20 51 vp 1 e 30 B i M e L A
JEHE 1T 0.750, AUC {31 3 0.800, H:H AD/MCI
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Z T ,MCI/HC 41 [/ R B2 F1 AUC {E X 5 AI% , 1A B
40.762, AUC{H 4 0.835.
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Table 1 Accuracy and AUC of each RF and SVM model
on the eGeMAPS feature set

20 531 HERf R AUC
RF
AD/MCI 0.778 0.780
AD/HC 0.792 0.896
MCI/HC 0.697 0.798
SVM
AD/MCI 0.770 0.914
AD/HC 0.775 0.871
MCI/HC 0.762 0.835
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Figure 2 Box plots of 2 features in AD, MCI and HC groups
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Figure 3 Feature importance

FT2 EEMETI0HFEREREM
Table 2 The top 10 features and their significance

413 Rk KR Hi4n EEME (L SWIRrS PE
HNRABACF sma3nz_stddevNorm P 0t Mo | 1 0.0541 Mann-Whitney U 0.001 3%*
slopeUV0-500_sma3nz_amean 0~500 Hz 47 3 il P 11933 ﬂﬁ(%m?) 2 0.0442 Mann-Whitney U 0.000 1***
F3bandwidth_sma3nz_amean 5 — LRI T8 3 0.0365 Mann-Whitney U 0.000 6***
FOsemitoneFron.12‘7.5Hz_sma3nz_mean— SERAOL T 27.5 Ha 02K 755 4 00310 Itest 0.034 8*
RisingSlope
AD/MCI loudnessPeaksPerSec Wi 35 e Y 5 (D) 5 0.0273 Mann-Whitney U 0.015 3*
mfccd sma3_amean IR AR A8 3 2R K0 6 0.0269 t-test 4.69e-06%**
slopeV0-500_sma3nz_stddevNorm 0~500 Hz 4175 il N A bR (A7 7 B 7 0.0269 Mann-Whitney U 0.668 8
slopeV0-500_sma3nz_amean 0~500 Hz $i 33 Bl P 3 bR (CF 7 B ) 8  0.0242 Mann-Whitney U 0.000 2%**
mfce3 sma3_stddevNorm IR A R A5 228 9 0.0238 Mann-Whitney U 0.012 3*
spectralFluxV_sma3nz_stddevNorm T CH A B 10 0.0211 t-test 0.560 1
slopeUV500-1500 sma3nz_amean  500~1 500 Hz 5 RJL B 3SARR(JEHEBE) 1 0.0429  Mann-Whitney U 9.55e-05%**
shimmerLocaldB_sma3nz_amean Je PR IR 3 (dB) 2 0.0371 t-test 0.005 2%*
slopeV500-1500_sma3nz_amean 500~1 500 Hz 455w Bl N s AR (A B 3 0.0350 {-test 1.83e-06%**
slopeV0-500_sma3nz_stddevNorm 0~500 Hz 4% 35 il PN A bR (76 B ) 4 0.0336 Mann-Whitney U 0.327 8
alphaRatioV_sma3nz_amean o L) 5 0.0299 t-test 0.000 6***
AD/HC FOsemitoneFrorr'12.7.5Hz_sma3nz_mean- SR T 27.5 Hz [0k 55 6 00259 s-tost 0.168 8
RisingSlope
mfcc4 _sma3_amean FEF IR AR A8 1% 22 8 7 0.0238 t-test 0.001 4**
loudness_sma3_percentile50.0 ]33 8 0.0233 t-test 0.001 7**
Flbandwidth sma3nz_amean 25— PRI AT T 9 0.0231 t-test 0.024 0*
jitterLocal sma3nz_amean JatRELE) 10 0.022 5 t-test 0.074 0
loudnessPeaksPerSec Wi 35 e Y 5 (R D) 1 0.0605 Mann-Whitney U 2.72e-05%%*
loudness_sma3_meanFallingSlope M i 2 0.0568 Mann-Whitney U 0.000 1***
anmp“mdeu’gl;fgfl—sm”“Z—Stddev' 55 LRI IR I S RSO 3 00356 Mann-Whitney U 5.66e-05%%*
alphaRatioV_sma3nz_amean o LR D) 4 00256 t-test 2.16e-05%#*
MCLHC spectralFluxV_sma3nz_stddevNorm T R B 5 0.0253 Mann-Whitney U 0.009 0**
slopeV500-1500_sma3nz_amean 500~1 500 Hz BRTL B NI TERIR (7B 6 0.0246  Mann-Whitney U 0.250 7
alphaRatioUV_sma3nz_amean R A W--1="3) 7 0.0240 Mann-Whitney U 0.002 2%*
slopeV0-500_sma3nz_stddevNorm 0~500 Hz 47875 il N A bR (A 7 B ) 8 0.0234 Mann-Whitney U 0.152 4

e

FlamplitudeLogRelF0_sma3nz_stddev- i
Norm

WA 84 A X T A1 140 X SRR X L

hammarbergIndexUV_sma3nz_amean Hammarberg 5% (Jo 75 B ) 10 0.0194 {-test 0.005 2**

0.0222 Mann-Whitney U 0.000 4%**

#E*FIR P<0.001 5 ** KR P<0.01;*3F 7R P<0.05
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45 21 1 28 55 SFS RRAE 1E £ 5 A FRAE , (81 4 24 RF Al
SVM 4% 4 51| 28 52 SFS A BE £ J5 A5 AL BB Y A8 1L
FERZ I RO R P2 )1 K7/ S o i e =57 P 2 3 s

R RN, 20t SFS ik f5 , AD/MCIZ 1) SVM #52 A!
PR B 10FFAE , RE AR B O N RRAIE , Hor 6 M FAIE
&4 3 AD/HC 24 }2 MCI/HC 4H 1) SVM £ I 1 RF 45
RILE B 6 A 4RAE , Hodh AD/HC 41 2 M HRIE &
MCUVHC 4 4 MFIEE A . A 5 /R X S RFAE AT
Al L2 Gk AD #H IR AT ML, 55 A, JEHAH X S8
1€ RF 157 12 SVM AR AL 3 421 53] rp 25 A B8, e 1
HWAE AD 43S TR 51 0 BB )

7% 3 33 SFS 4F#EIE 1 R 19 RF B SVM R 2! £ 4B HH4E

Table 3 Features of the RF model and SVM model after SFS feature selection

RF 2] IR KU SVM 411 AR KR
FOsemltoneFror'n'Z7.5Hzﬁsma3 SR T 27.5 Ha 02K 155 FOsemltoneFror‘n-27.5Hzi SEURIE T 27.5 Ha 102K 15 %
nz_meanRisingSlope sma3nz_meanRisingSlope
F i F 27.5H . - - NV
OsemitoneFrom27.5Hz sma3 FEAIXT T 27.5 Hz 123550 mfccl_sma3_amean M IR BIRAB S 2R 4
nz_stddevRisingSlope
mfce3 sma3_ stddevNorm HEE R AR AR 3% 225K mfcc2 sma3 amean HE IR AR 48] 3% 22 %k
mfcc4 _sma3_amean IR 2450 3% R %K mfce3 sma3_stddevNorm R A 245 33% 2R %k
Flamplitudel.ogReIFO_Sa3 s ey i b X A4 mfced_sma3_amean BB A R
AD/MCI nz_amean AD/MCI
. e g e F3bandwidth_sma3nz_ S e s I
F2bandwidth _sma3nz_amean 5 AR I Y amean o = FLHR I )77 58
slopeV500-1500 sma3nz_ 500~1500 Hz Ji 2 [ P4 Ao 4 slopeV500-1500 _sma3nz_ 500~1500 Hz 5283t [l PN (938
amean ESESIEIED) amean RER (A A B
mfcclV_sma3nz_amean IR0 2450 3% R %K mfcclV_sma3nz_amean MR AT B 3% 2250
mfcc4V_sma3nz_amean MR A R AR R B mfce3V_sma3nz_amean FEER B0 %4813 22 80
_ — mfecd4V_sma3nz_amean M IR TR AS S 24
FOsemitoneFrom27.5Hz sma3 LRI T 27.5 Hz 12F- 355 FOsemitoneFrom27.5Hz SERHIN T 27.5 Ha HO°F 55
nz_stddevNorm sma3nz_stddevNorm
e S el s A FLRF AR T 27.5 Hz B2 35 %K loudness sma3 amean UIES
nz_pctlrange0-2
1 =
loudness_sma3_percentile50.0 M) JBE oudness&s(r)nri?_stddev ) B
AD/HC AD/HC T R B
mfccl sma3 amean HFJR AR A8 i 2R %0 ammarbergindexy_sma Hammarberg $54
nz_amean
Flbandwidth sma3nz_stddev- S SR 5 slopeV500-1500_sma3nz_ 500~1 509 Hz /ﬁiﬁnﬁ] N R
Norm amean RER (A B
slopeV500-1500_sma3nz_  500~1500 Hz 45415 il N (1 1 slopeV500-1500_sma3nz_ 500~1500 Hz #5505 il P4 43
amean KAFE) stddevNorm R CH B
equivalentSoundLevel dBp B equivalentSoundLevel dBp SRR Y
spectralFlux\I/\'IiosrrrrIllﬁnzistddev- e (AR mfcc3 sma3_amean MR B 2
logRelFO-HI-H2_sma3nz_  JETXHECHIXT 3L 42 H1 A1 H2 slopeUV500-1500_sma3  500~1500 Hz 4 5 i [l 4 1) 1%
amean Z ) B ARFAE nz_amean RER(LF B
MCIHC tralFl 3_stddev- N MCIHC - o (et
spectralFlux_sma3_stddev: e spectralFluxV_sma3nz_std PR
Norm devNorm
logRelFO-H1-A3_sma3nz_  FETXPECHIXTILM7E HI Al A3 logRelFO-HI-H2 sma3nz_ FETXIECHXTILAIAE H1 A1
amean Z A YRR amean H2 Z [A] A R#E

Wi B2

loudness sma3 percentile80.0

spectralFlux_sma3_stddev-

92 L
TE UL
Norm H

FRAE VEFE T 1Y RF FI SVM AR R 45 S 011 5% 4 FR .
GEPL LR 2k B AR Ve, RE A RILE 3 /1S40 1 4 v ff
JE K AUC {HEH) iR SR I A 0 25 42 T, i ff 32 240
it 0.840, AUC {H ¥ # i3 0.900; H: # AD/MCI 41 43

e BE T Al (MER FE=0.926 . AUC {=0.934) ;3 41
W SF ¥ e R N 0.883+0.040 . F- ¥ AUC fH M
0.922+0.011, AR BB B U4F . SVM AL 43 25k
Al 28 RRAE e BRI 1 R IRV A B R AR T, 3 A 531 1 o
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Figure 4 Accuracy and AUC of RF and SVM models after SFS feature selection

T & AUC {248 53 0.870; oy AD/MCI 20 43 254
REf AN, WERH BE S AUC {28814 0.920, H AUC {i 5
15 0.974; 3 420 51 F 14 E 3 JE 8 0.893+0.028 , -1
AUC {H 4 0.945+0.036, & (R 43 2P RE AL T RF #5550
HAS = A 2, AD/MCIL 4] Al AD/HC 4/ RF .SVM
L TR ) A [RD (L FE G S A1 5 P, SVM RS AR Y
AUCHETEX AL h T o 2R R A3 501
FIMEREAR T , SFS 1] LUA &4 # i A AL PEfE , H SVM A
RUA AR PERE L T RF ALY

F4 ETEZESFHEN RFREA SVM 15 R £ 28 A 1 B A
AUCHE
Table 4 Accuracy and AUC of each RF and SVM model based

on significant voice features

20 31 TET i AUC
RF
AD/MCI 0.926 0.934
AD/HC 0.875 0.919
MCI/HC 0.848 0.912
SVM
AD/MCI 0.926 0.974
AD/HC 0.875 0.956
MCI/HC 0.879 0.904

31t iR

3.1 EEANMERRFENNA

T8 o3 BT B AR A 5 o O A 40k g 1 H g8 )T
17 o Tracy SEUBGHIE T N F1E & (55 LGl
SRR AT LA K 0 e 4 AR A8, o AUC Sy

ik 0.88; Rosen-Lang ZE"IGIE T W (H 3 & b ASH (AR
THE 25 55 7 2 S RUHE o o 59 AR 55 22 4 N2 =2 (8] (1)
Geitaes s, oEmuk B0 B A R AT 8 42
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