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Application of machine learning in auditory brainstem response data analysis
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(1. College of Electronic Engineering, Chengdu University of Information Technology, Chengdu 610225, China;
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Abstract ; In recent years, many scholars have applied machine learning algorithm to electromyogram ( EMG) data analysis and achieved
good results, but the main direction is gesture recognition, few scholars have applied machine learning to EMG clinical diagnosis. There
are two problems: The amount of data needed is large; Machine learning is rarely used in auditory brainstem response ( ABR) data
analysis. Aiming at these two problems, this paper studies the application of machine learning method in computer-aided diagnosis of
ABR data based on small data set. In this paper, 2 352 EMG examination reports of Sichuan Traditional Chinese Medicine Hospital were
collected. A data set containing 233 ABR reports data was created by inclusion criteria and data cleaning. Then, four machine learning
algorithms, linear regression, logistic regression, random forest and Artificial neural network, are used to analyze and process this data
set. According to the performance comparison, the random forest is considered to be the best one, the accuracy, recall and precision of
this algorithm is 0. 995 7, 0.989 7 and 0. 950 O respectively. In addition, this paper also compares the effect of each algorithm with and
without data standardization, this experiment shows that data standardization can improve the accuracy to some extent. The random forest
model outputs the importance of each indicator, the most important indicator in ABR are L._latency_5, L_latency_A and L_Interval_35,
followed by L_latency_b and L_latency_4. The integration of the importance of these indicators into the upper computer software helps to
improve the efficiency of clinical diagnosis and has certain diagnostic evaluation potential in clinical application.
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Table 1 Types of electromyography examination items

B ZAL 3 HUE (MNCS)
TR P 2645 T HUEE (SNCS)
A H I ( Repetitive stimulation )

e F-% ( Fwave)

H-J St (Hreflex)
W% H 541 ( Blink reflex)
TAJERAF & BV (SEP)

TARIERAF K L AL S TR AR A s & LNV ( SSEP)
A HL R fjh S (AR 815 & FL (v ( ECG-SSEP)
W17 & Hfii (ABR)

W5 175 & HLAE PRI R % (MLR)
ZEN2 IR (SVR)
LS % (PR-VEP)

T3 375 4% R AT HR S 75 & L (G-VEP)

N KL (F-VEP)

T T WLHR ARG A 1 - 300 H o A 2 A AUt
FEH P LB AR PE A, BN ABR $08 [ i 2% &
B A BAR A EHE 2 B HA R REAS U |

B2 FLE W H MCV ( motor nerve conduction
velocity ) B4R 12 Bl P 48 4 e 0 2 4G A, I AR 52 9 10
MEB-9 200 K &) #i Hi 4 MNCS ( motor nerve conduction
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il 2 fi7s MEB-9 200 K 4 i AL ABR £4%
MR, IR TP I A R TE « SR y Bl 1812
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Table 2 Description of fields in ABR data set

Kl B CRE
In/Out_Patient fERERA
Age BEAEW
Sex RS
Do_MNCSF ST A B AT MNCS TR A
Abnormal KA 25 4L
L_Latency_1 ZEMFER 1
L_Latency_2 ZEMFEIR 2
L_Latency_3 ZEMAESR 3
L_Latency_4 FEMIZER 4
L_Latency_5 ZEMFEIR 5
L_Latency_A ZEfMFER A
L_Latency_B ZEMIZER B
L_Smit ZEM A B

ZEAM) T-TIT &) g sk i)
Ze 1=V ] b Bisf 18]
ZE 1-V &) fE]

L_Interval_13
L_Interval_35
L_Interval_15

L_Amp_5 A A V-A PR
L_Amp_1B ZE 1-B 3708
R_Latency_1 FAER 1
R_Latency_2 FHAEER 2
R_Latency_3 £ FER 3
R_Latency_4 FFER 4
R_Latency_5 FNAER 5
R_Latency_A FHMAER A
R_Latency_B £ %ER B
R_Smit A D7 o R

A -1 i) g i)
A0 IV [ B ]
F5 0 1-V Ji] B B ]

R_Interval_13
R_Interval_35
R_Interval_15

R_Amp_5 A A V-A iR
R_Amp_1B ) 1-B PR
ABR

Gain/Analy.

Al:0.5 um/lms
A2:0.5 pm/lms
Bl :0.5 pV/lms
B2:0.5 pV/lms
Cl:0.5 pV/lms
C2:0.5 uV/lms
D1:0.5 uV/lms

D2:0.5 pV/1ms

B2 — (i Ali ABR LA RTRG A4 i P
Fig.2 A typical waveform of ABR inspection report
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Table 3 ABR normal and abnormal report statistics
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Table 4 Comparison of accuracy of ABR

results by different algorithms

Hiks BEAR AL BT R R B br Ak 5 iR R
EeqElE| 0.1330 0.141 6
Logistic 19 0.854 1 0.9915
ANN 0.603 4 0. 695 2
Rl AR 0.780 2 0.995 7

HI e 4 AT, Tk A E AN IR 2 S AU bn e AL
HER R RIEAC T Logistic 171195 BEHLARAR A 1A R
WEAE 5 SERITFE TP A HERR T 2R PE MR BT 5T, Fe A St
PRIEAL A B0 T, BEBLAR MK A9 HE 1 R 8% 5 T Logistic [l
H, 29755 0. 4%, (BAEEA BAEAREIL T ST, BEHLAR
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H SRR A SCOFFE T PR SR AE TLAS 38 SRR 50 v Y
HERRR 2 5 N BEAL AR AR A2 i 1] 05 19 1 40 52 L IE
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Table 5 Comparison of cross-validation results between

random forest and logistic regression

FEHLARAK Logistic [al )4

SESUIGIERER BE2EhnfEfl BEhREL  R2EAREAL B 2ERRMELL

MR ORMERE ERR RERRE
1 0.787 2" 1 0.7917" 0.957 4

2 0.9149 0.9872 0.9149 1

3 0.893 6 1 0.893 6 1

4 0.847 8 1 0.869 6 1

5 0.913 0 1 0.911 1 1
FH41E 0.8713 0.9957 0.876 1 0.9915
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Fig. 3 ABR data feature extraction based on random forest

WE 3 fs  TEIA B Z AR TS, AL AR AR HR
HYRAE(EA A B 25 5, TESCBRIm RZ Wb, AR 8 4
TEFPEBIFRFAEXS ABR A5 Ar 925 R 1A .35 52, #icn] LA
AP T& . AR EAL S R AR S A I e Al (E
L_Latency_5 L_Latency_A . L_Interval _35 L_Latency_B
1 1_Latency_4 FKIHZ R EZ M ILIETEIR, WRAHE
JEMIANRER 1) 27 ABe/ B 7 BL; 2) do_MNCSF
FE (5 ABR —&H# AT HIHE P &t S R A ) R
2 ABR £ #r th d5 B S BOK Il L Latency _5
L_Latency_A . L_Interval_35, L_Latency_B #1 L_Latency_
4 XS RAWA —E R,

R FE B R HET X TG RIZ R B A AR A 4
SAEM . W BEATE RO AR 5 |, 76 T2 S5 8T,
] PUEE S e L_Latency _5 . L_Latency_A | L_Interval _
35 =AMEH5, SR G AL L_Latency_B Al L_Latency_4 M
ANEIR, 5 T2 HAR AR . AR T AR OR 14 12
W RCR AT DU AR B 2% %l N 3017 B Y7 i B iz



5 4 3

B > T P 375 2 v (S 28 o b ) B 5 -39 -

REWME VR ARG HATF Rt 238 R NS % &
MRS PRGN 6 PR,
*6 FRLEFYR
Table 6 Models effect

BEDLARARSCPRACR  BHREISCPRaR ANN SRR
0 1 0 1 0 1
0 192 2 193 5 156 37
1 1 38 0 35 34 6

F 60 M1 KR SLPRAG A e, R A B AR
ST A 0 R TE B RGBT T Yy
0 I 1 RRTER YT A TS DL T, i A TR o7 ~) AL 28
ST X O A s N IE R B R BGOSR 6 T LU
H , Logistic [m] U5 0 BE AL AR AR 0 BRI A TN T
RZk

TR Y A PE B AT AT AN R B — B4R A, B 1A
JHHERN R (Accuracy) 4b, H HBIIEF 4 913K ( Recall) #F
1% ( Precision) (5] Hoh ,192 Z IR BB ARic R IE
2 IR BEALAR AR R Ry S H . TE 38 A BhRid
WA, A 1 ALK T, PR )
PRI BEHLARAR  ANN F1Z 45 (] 9 A9 R % A3 13 K
R bR IR 7 TR

R7 BEHIFRHK ANN FZ 450 TR R T EE

Table7 Comparison of random forest,
ANN and logical regression
ALK ANN Logistic
MiRGES 0.995 7 0.695 2 0.9915
A & 0.989 7 0. 808 3 0.974 7
LIRS 0. 950 0 0.821 1 0.875 0

% 7 AT LA H, ANN R824 R0 2
K0 RAR SRELARAR 2 48 E 22 BE R K, BEDLAR MRS
FIMEE R ANE RN G R AR, B s T
R, BEAR Ligistic [BIHPHER A BRERE S T
97% ,{HJ2& Logistic [T AHS i KGR, A 2 90% . [HI
ASCN R FE/NEEAR B ABR F0HE fl B I TR 32 W7 4 S B L
Fvh, BERLZR AR B T Logistic 1077, i 25 75 i 7
1) 3% e U AYSE vk = RN

FEAF R AR A BL S F A rh %) T3 — 1 ABR fifx
WH WA T B E D 12 A SIS A Re I T 45
FRR A DL TR HE N K 9 B O T R SR T
T EA R AR SCRT ST ARSI K 27 I8 A A T L
TEHL 5 A i A7 LA K% B8 B 3 PRS2 R 8 B AR B s A AE
BetE I A M B B T ABR A2 19 [R] i A T T 5832 36
PRAL A, BERE T B N RS BB S w . Bk
mk 8 FisR,

x8 ENSHETUBTTARE
Table 8 Changes in number of selected points
and estimated time savings
HRAAKR T HRAABRL 5
BT s R 12 5
T 45 A A i) 30%

4 T i

4.1 #IE

— 71, TR D, B AL
I, A ABR EdE U Z5rb A5 21 1) B HLAR RSB 1 14 BB 1A A
RRAFET S 0], AT LA | bifi 5 008 45 MBS A 384, .
FRAEAL R BENLAR AR T AL Y 1t B s it — 20 4R, B 2=
FRUEAL T IR MER SRR IEAE A it S . 55
— 71, TERI AR BN I DL T, A 5500 A AR A AR K
AL

P T Bl 7 ) PN 0 e v 1 = B B B, — 4 PN BRI
JUL FEL A A 5 o X A sk T [ PN Sk = S8 A8 T R T AR
AL Rl AR S D T TR T T T R e
it [ BT WU RS A AR AL T UG 4 25 el H brksr
DN, B AR BB/ e LA f TR B 2 > Wi 2 2% i 1) 22
Ko BIE, 2R A RS, B RSS2 2 R AE AL
FEL P 00 K B Ak 38 7 T B s P T IR B 2 > Tk
4.2 RFKMARFME

ARUSEA K B 58 7 1) W % = AR 4 ABR UL HE &1 4%
P R T AR, AR R B R SR A A% e 4k ) 1
HRT, X — o P 2 R A Ay B A AR IR 1) 4 i T ik 8,
RIS BFTER AR N R A et b . S5 G A Ui s
IHEMTE — 2 N, i DB — 58 8 R 4
T 21 H BSR40 5 A N UL FE TR A 1% B [, 2 5
e A RS A A58 BN E= Bess A\ e it £, 7853 F R 97

AR SCiE o SR ABR LA BB | 37 858 44
AT RS R A R A SRS T 4 Rl f sy > B0k
P T AR A 3 % 4 Fh AR Y HER R R R LA, R
HIBENLARAR A TE ABR LR B B0HE (932 I vh 0 T 2k
[ U530 Logistic 57 . 1T H. B8 2R 1AL 2 32 5 v 1
FHEREM AR EZ —, HIK, KIS ABR I K12
W) 2518 B RAEBFS PR ep | B SRR AR 2 L_latency_5
L_latency_A Fl L_Interval_35, H:¥X J& L_latency_b 1 L_
latency_4, R, Al A SCA5 H ) 4 AR (8 B B 4538, %ot



. 40 -

LSRR R e o

5 34

A A AR A2 T e A b (S AL B R
NS BET I REY | BEA A ARG £ PR AR 5 B T3
T HUCRFAE 1% i, DT i vog A £ 003 5 ) A £ I AR T
T, K AR AR 22 A A 2 R0 DU 4R B FE G A, AT
IR T A R i AR H A,

ARSCEBIFTE S R R W, WL~ T 76 KR 42 48 A o0 B

LI A R 29T AR 10 %2 AR B T —Fh 80
B SELB AT 1], ST, 258 SRk s - V0 12
R B TR T 4 XI55,

B30

(1]

(2]

[3]

[4]

[5]

(6]

[7]

(8]

MIOTTO R, WANG F, WANG S, et al. Deep learning for
healthcare; Review, opportunities and challenges [ J ].
Briefings in Bioinformatics, 2017, 19 ( 6 ), DOI.
10. 1093/bib/bbx044.

DOHERTY T J, STASHUK D W. Decomposition-based
Methods and
normative data in five muscles [ J]. Muscle & Nerve,
2003, 28(2) :204-211.

BOE S G, STASHUK D W, DOHERTY T J. Within-

subject reliability of motor unit number estimates and

quantitative  electromyography : initial

quantitative motor unit analysis in a distal and proximal
upper limb muscle[ J]. Clinical Neurophysiology, 2006,
117(3) :596-603.

STASHUK D W, PINO L, HAMILTON-WRIGHT A,
DOHERTY T, et al. Interpretation of QEMG data[ C].
Proceedings of the 2007 General Meeting of the American
Association of Neuromuscular
Medicine, 2007.
ABDULHAMIT S. Classification of EMG signals using

and  Electrodiagnostic

PSO optimized SVM for diagnosis of neuromuscular
disorders [ J ].
2013, 43(5) :576-586.

YOUSEFI J, HAMILTON-WRIGHT A. Characterizing
EMG data using machine-learning tools [ J ]. Computers
in Biology and Medicine, 2014, 51.1-13.
PHINYOMARK A, SCHEME E. EMG pattern
recognition in the era of hig data and deep learning[ J].

2018, DOI.

Computers in Biology and Medicine,

Big Data and Cognitive Computing,
10. 3390/bdcc2030021.

SRAALL, FOLH, E kAR, G5, 5L T R A B Y S Ik
OCT FERAYASALBER PRI T ] AL 7D 5 (A=A 41,
2019, 33(10): 112-117.

ZHANG X H, WANG G L, WANG H R,

Calcified plaque segmentation of coronary OCT images

et al.

based on the theory of neutrosophic [J]. Journal of
2019,

Electronic Measurement and Instrumentation,

33(10) . 112-117.

[9]

[10]

(11]

[12]

[13]

[14]

ZIEMNIAK T. Use of machine learning classification

techniques to detect atypical behavior in medical
applications [ C ]. Sixth International Conference on It
Security Incident Management & It Forensics, IEEE
Computer Society, 2011.

KR, e 2Ok, AHUE BE DR 7R B2 7 HE S HLAR
U T[] A AL 3R % 4, 2017, 38 (10)
2373-2380.

ZHENG Y, JING X B, LI G L. Application of human-
machine intelligent collaboration in the field of medical
rehabilitation robot [ J ].
2017,38 (10) ; 2373-2380.
S P, HhiFEsE, VR A BT RO U Y
HOSCES i BRI T[] L I SRR A I
2017,31(7) :1081-1090.

SHI Q R, MA Z L, ZHOU ZH, et al.

identification methods of Zhong cheng drugs based on

Journal of Instrumentation,

Study on

electronic tongue and pattern recognition [ J]. Journal of

Measurement and Instrumentation, 2017,

31 (7): 1081-1090.

T IE Ak B REE ORI (0], FAh T
WA, 2017,36(9) 1 114-117.

HU J T, YANG M.
detection patch [ J].
Technology, 2017,36 (9) . 114-117.

AR B A e M 225 2 03 23 JUL VR TR DI R o 22 i 2 B
S2H. JUH PETRLE AAS DU Al PR 38R (—) [ AT,
TR BB L & 5 2 hE R R
W R E R oy s ERER A 5 — i =
Be. o e A B o 2 ML HRL IBT 451 DR L A P27 ) BE R
Cam[ C]. hEME BRIl Lok 2 52 i E R
HBE AR RE R HE LR A 2 B Rt ERR A
— WP BRI - v R B AR B2 2y 2012.

EMG and clinical electrophysiology group of Neurology

Electronic

Intelligent Bluetooth heart rate

Foreign Electronic Measurement

branch of Chinese Medical Association. Consensus on

standardized detection and clinical

EMG (I) [ A].

Committee of Chinese Rehabilitation Medical Association,

application  of
Electronic  diagnosis  Professional
rehabilitation medical education professional committee of
Chinese Rehabilitation Medical Association, the First
Affiliated Hospital of Nanjing Medical University.
Materials collection of EMG and clinical electrophysiology
class of Chinese Rehabilitation Medical Association [ C].
The First Affiliated Hospital of
University ; China
Association, 2012.

AR B A e b 225 2 03 3 JL VR TR DI PR o 22 v 2 B
2. LR RS AR G il PR IR (=) [A DL

Nanjing Medical

Rehabilitation Medical



5 4 3

B > T P 375 2 v (S 28 o b ) B 5 - 41 -

[15]

[16]

[17]

(18]

[19]

[20]

[21]

(22]

R B S G R B P E A BE A
R B R Ll 2 e it R A — R B
Be. o e A2 B o 2 ML FRL BT 451l PR L A P27 ) BE TR
L4 Cl. hERE B2 Wl Z& 5l 2 (P B
B R RE B HE LR A 2 B R ER R
— B B e - i AL BR 2, 2012.

EMG and clinical electrophysiology group of Neurology
branch of Chinese Medical Association. Consensus on
standardized ~detection and clinical
EMG (11) [A]. Electric diagnosis Committee of Chinese

Rehabilitation Medical Association, rehabilitation medical

application  of

education committee of Chinese Rehabilitation Medical
Association, the First Affiliated Hospital of Nanjing
Medical University. Materials collection of EMG and
clinical electrophysiology class of Chinese Rehabilitation
Medical Association [ C]. The First Affiliated Hospital of
Nanjing Medical China  Rehabilitation
Medical Association, 2012.

B ARRR, 9. O EE R 98 e W M T B
AL AR Lo 51 R R E PR AT [T].
AR TR, 2016, 35(2) :148-154.

HUANG ZH H, LIN L., WANG T. Linear and nonlinear

component extraction

University :

rate and stability analysis of

auditory brainstem response induced by maximum length
LI
Engineering, 2016, 35 (2) . 148-154.

daffE R, FIES . AR EAE 5 00 A RS - S R4
B[] IR, 2017,40(9) :271-274.

MENG W L, WANG SH N, HHT feature extraction of
signal [ ] ].
Measurement and Instrumentation
271-274.

KIM M, SHIN S Y, KANG M, et al. Developing a

standardization algorithm for categorical laboratory tests

sequence Chinese Journal of Biomedical

Journal of Electronic

2017, 40 (9):

human pulse

for clinical big data research:; Retrospective study[J].
JMIR Medical Informatics,2019,7(3) ; e14083.

ADAM T J, CHI C L. Big data cohort extraction for
personalized statin treatment and machine learning[ J].
Methods in Molecular Biology,2019,1939.255-272.
BUCKLEY J, JAMES I. Linear regression with censored
data[ J]. Biometrika, 1979, 66(3) ;429-436.
KLEINBAUM D G, KLEIN M. Logistic regression[ J].
Statistics for Biology & Health, 1994, 68(3) :497-507.
ZHU X, YAN H, JIAN W,
application of the improved algorithm C4.5 on Decision
tree [ C ].
Measurement, 2010.

JIN C, DE-LIN L, FEN-XIANG M. An improved ID3

et al. Research and

International Conference on Test &

decision tree algorithm[ C]. International Conference on
Computer Science & Education, 2009.

[23] TEIXEIRA A. Discriminant analysis with binary decision

tree ( CART: Classification and regression tree) [J].

Oral Diseases, 2004, 21(1) :1174-6.

MESQUITA D P P, GOMES J P P, RODRIGUES L R.

Artificial neural networks with random weights for

[24]
incomplete datasets [ J ]. Neural Processing Letters,
2019,50( 1) .2345-2372.

[25] KAMIYA N. Deep learning technique for musculoskeletal

analysis [ J |. Advances in Experimental Medicine and

Biology,2020( 1213) : 165-176.
fEE T/ T

FM R, 2015 4T AR B TR K22
@ A r, B AR L T AR R A
— WEFEA: , FEWTFET5 o8 A Y BE 22 T AR Bl
g,
E-mail . 307841726@ ¢q. com
Li Zechen received his B. Sc.

from Chengdu University of Information Technology in 2015. Now

degree

he is a M. Sc. candidate at Chengdu University of Information
Technology. His main research interests include biomedical
engineering and machine learning.

FEWIAT, 2017 4F T UHR v 12 25 K2 4R
P mt A, B R A B 24 2 A L BF 5
A, EBWIFETT [ R A
E-mail; 654020899@ qq. com

Tang Yuqi received his B. Sc. degree
from Chengdu University of TCM in 2015. Now
he is a M. Sc. candidate at Chengdu University of Traditional
Chinese Medicine. His main research interest includes internal
medicine-neurology.

X GEAFE ) , 2000 4F T 8 PR
ARG L 2E A7, 2003 AF T H PR A AR ATl
3 2% £7, 2000 4 Tt FRHE AL A 1

- S B R AR B TR R O, 32 B F
“ FIT NI P RBIBRE S FIAFES
Ab3 PERAL S N T RE R

E-mail ; opentony@ cuit. edu. cn

g -
- -

Liu Tao ( Corresponding author) received B.Sc. and
M. Sc. from Chongging University in 2003 and 2000, Ph. D.
from the University of Electronic Science and Technology of China
in 2009, respectively. Now he is a teacher at Chengdu University
of Information Technology His main research interests include
meteorological satellite remote sensing signal processing, radar
artificial intelligence,

signal processing, image processing,

software design.



