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Abstract: Based on analyzing and comparatively studying the two algorithms of machine learning,
namely , the artificial neural network (ANN) and support vector machine (SVM) , the modeling ., data
classification and prediction for magnetic resonance images (MRIs) of the neuromuscular disease,
(duchenne musular dystrophy, DMD), were carried out. The conclusions of the study are as
follows. The outcomes of the two algorithms indicate that between the two kinds of DMD MRI
images(T1 and T2),the T1 image has clearer texture feature. Therefore, patients could just need T1
scanning for MRI examination. If the model parameters are selected appropriately, the two algorithm
models could produce very excellent classification prediction outcomes respectively. The sensitivity,
specificity and accuracy rate might reach as high as 98. 5%, 97. 3%, 97. 9% and 96.9%, 97.3%
and 97.1% respectively . The machine learning method could be used as a non - invasive detection
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technology in the treatment of DMD MRI images and it is expected to provide an objective and

effective diagnostic method for clinical.

Keywords:

artificial neural mnetwork; support vector machine;

Duchenne muscular

dystrophy disease; magnetic resonance image; classification prediction

LA 22 2 AT AR AR R 22 it A
TR RERBE RS 2 1122 B 38 SCAF R s, & 3
P REHOR M B A5 7 ) B R R A Al
SHLRE DS K 1 Ty s B0cds v 34 LR A, T REXT R
SRFEAT I Y 27 2 . ML ) e N TR BRI 41
N Z— AR EGE LT B N TR RERI R A

XIHLE 2 > R SEE 2 T 20 42 50,60 44X
VBFIHIL I A5 5 2 ) i 48 SR BRI 38
KIENE EH LA~ LA ] Rl AR
2 > R G I RAE SO B T R B TR
24 3] KA 2] SR A 5 T

TEMR Z Bl A% 5 2 J7 e DA T 28 0 2%
(artificial neural network, ANN) F1 3% £ 1] & #l
(support vector machine, SVM) £ H ¢ F M. 20
70 80 AFEACA A 48 T ST ANN (1) I I A5 HE Bk
(back propagation, BP)™!. Fi| /fj BP 2.3 0] {fi ANN
PR IR 2 ST REA IR B R 4R G i P L
FERERTHTAEA AT B0 X Fh L TS A L2
27 ) Tk Hea 2 3 N TR i Rk A
20 20 90 4R, JAHZR IR ) T 45 A FE Pl
> B RTRERL, o, e B SRR R AR SRR = AL
AR TSR FRIE 3 I A 78 52 bR ] 7 TG 4 3845
THE R,

Ry 12 B K PRI A > O g AR
It A543 A ANN(duchenne muscular dystrophy)
I SVM(magnetic resonance image) X P f 34 1 , 3%
T2 LA 5 DL DMD (1) MRI G $di 7t
AL IR RN & P G SR B D R A .
51D R I A HGE Y RIS H, PR 34 RE X
NI T R 43 2 B0, AT A S DMD TG A1 A il
M ZERIR R

1]

juf

oE mf
o>

1 ANN F1 SVM 23 kb3

1.1 ANN EXR#EEMTIERE

ANN G rp 4% s AT SRS HE T R BR T
AT AR A AR I L 2 s e R
AT A B A TS RS AR

0%t 50 B AT R e Tk A RO e A A

mE 1 JeR.
A1

2=

B1 #HEMERRLIERT

Fig.1 Processing unit of the artificial neural network
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