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#3235 A : Huang S H and Wang J F.2022. Brain MRI image classification incorporating smooth group sparseness. Journal of Image and Graphics,
27(03) :0885-0897 ( FIMAE , F 4 R\ 2022. it A K- AR AL (0 0 MRT 54325, v [ (K1 42 KB 241,27 (03 ) :0885-0897 ) [ DOI: 10. 11834/
jig. 210367 ]

B\ F B 4B 7 B AL B BRI 0 MIRT 1143 3¢

w24 R

ERRM R FHEF S5 E BB, TN 510642

B E: BE FURKIEIIE (Alzheimer’ s disease, AD) & FH I BFRZ — IF IEm AR R g, LT IE o B Rk
JE4R ( magnetic resonance imaging, MRI) EUKIR 5 AD ¥ &6 B B , 45 B F4F AD #131 Je iof SR JBORE G T it AR 7
FBL EEHIIELE AD BBk, ik, 4 T 3T B 41 L1/2 #6150 £k (smooth. group L1/2,SGL1/2) J
%o HiE AT AL L2 NS N AR B, R RS L1/2 75k b 8 AR 0 00 4 X (R 45w
T BRBGE T, T T4 LL/2 5 P EUE T IR A SO A B S . SCLL/2 5 I RERS TR AR FR A JERE FE RO T,
T XY (R A, RIEE Y207 B, 51— AN HE hinge BB ( calibrated hinge, Chinge ) 108 b i 32 57 1 4L
(support vector machine, SVM) H1f# hinge RR%L, & WA i SVM ( calibrated SVM, C-SVM) Fl T % 105325, fli4b T 43
- 1 BT (AR AS A ) T 432 0 TE B — 0, o — BBk LA X A O REAR RERG UEAT AP0 4328, BBR 5 Mb AL 9L
ERYIEMME T AR L, SCLL/2 SRS HE SR ) i HLAS 45 19 43 SRR AD (PR I EA B 1 43 28 PR R, 43 R ol
B9k 94.70% , G5 ARSCHE LAY ALRG BT 0 2B SUE T AL R R AN AL N AR B A8 A, SRR AD Y E B2 Wi
HTEWSE,

SRR B R PRI BRIE (AD) 541 L1/2 FRgn (E Ak s B S R5 1] SEHL( C-SVM) 5 5 R ARG LR 5 28 A1 5 260 P A i

Brain MRI image classification incorporating
smooth group sparseness

Huang Shuaihui, Wang Jinfeng "
College of Mathematics and Informatics, South China Agricultural University, Guangzhou 510642, China

Abstract: Objective Alzheimer’ s disease ( AD) is one of the most common irreversible neurodegenerative diseases. The
main clinical manifestation is cognitive impairment, which usually occurs in the middle-aged and elderly stage. The diagno-
sis and recognition of AD is constrained of the inefficient experience and mis-diagnosis of clinicians. If the onset stage of
AD can be targeted in early diagnosis, it will yield relevant interference and treatment measures to the early stage of AD. A
high accuracy automatic detection algorithm will help clinicians to prevent and treat AD. Method Structured magnetic reso-
nance imaging (S-MRI) is used to extract gray matter density characteristics of each subject after pre-treatment. A group

L1/2 sparsity method based on smoothing function (SGL1/2) is illustrated. This smooth grouping sparsity method is based

Wo#s B #3:2021-06-01 ; & B H #:2021-09-26 ; FED 7~ H #§:2021-10-08

# WEEE . AR wangjinfeng@ scau. edu. cn

EETIE )N 8 el 8 9250 = i 0 B (201902010081 ) 5 )7 7R 48 BB 1R 5T H (2017A040406023 ) 5 ) M i B 52 31 J) 51 H
(201804010353)

Supported by : Guangzhou Key Laboratory of Intelligent Agriculture (201902010081 ) ; Science and Technology Planning Project of Guangdong Prov-
ince (2017A040406023 ) ; Science and Technology Planning Project of Guangzhou City (201804010353 )
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on the common group 1.1/2 (GL1/2) method. GL1/2 method can aid Group Lasso method to select high correlation feature
group without sparse the selected feature group, so it can remove some redundant features in redundant group and surviving
group simultaneously. However, this group sparsity method has the difficulties of oscillation and convergence because it
contains non-smooth absolute value function. The selected SGL1/2 method uses a smooth function to approximate the non-
smooth absolute value function of the traditional GL.1/2 method. The sparse model becomes a smooth model, which can
quickly converge to the optimal value. Meanwhile, these regularization benchmark need to group features in advance at the
group scale. In order to obtain scientific grouping of human brain features, a registered anatomical automatic labeling
(AAL) template, which registers the original AAL template into the standard template, so that the obtained AAL template
has the same spatial distribution as each pre-processed targeting image. Based on this grouping template, each region is
regarded as a group. All voxels in each region are targeted as the features of each group for group sparing. In respect of
classification method, a calibrated hinge is opted to substitute the hinge loss function in SVM ( calibrated SVM, C-SVM).
C-SVM can make the points near the classification plane more inclined to the correct side of the classification. We select
four classification methods, which are support vector machine (SVM) , calibrated support vector machine (C-SVM) , linear
classification and logistic regression. C-SVM uses a calibrated hinge loss function to replace the hinge loss function of tradi-
tional support vector machine, and then classifies the features of AD and cognitive normal (CN) control group via a simple
classification function. The analyzed results illustrates that the classification accuracy of C-SVM reaches 91.06% . We
select C-SVM as the benchmark, and the SGL1/2 group sparse method is integrated based on registered AAL template to
form the main classification method. Result The key demonstration is selected from the “ADNIl: Complete 2Yr 1. 5T”
dataset of Alzheimer’s disease neuroimaging initiative ( ADNI) for training and testing, and compared the classification
performance with the classification model combined with GL.1/2 and SGL1/2 group level regularization methods. The cali-
bration support vector machine classification model has a good classification effect on the recognition of AD based on SGL1/
2 group sparsity method. In the control group of AD and CN control group, the classification accuracy reaches 94. 70% . In
order to show the generalization of the model, we also selected Cuingnet data sets from relevant for classification literatures.
The results also confirmed that the illustrated model had qualified classification effect. In the control group of AD and CN,
the accuracy rate reached 91. 97% . In terms of the features of each group segmented by the registered AAL group template,
the C-SVM model is used to classify, and the classification effect of each group region is obtained. We select six regions
with the best classification effect, and compare the results of the targeted illustrated model. Conclusion The demonstrated
SGL1/2 group sparse classification model is based on AAL grouping template proposed in this research. The priorities of
inter group sparse and intra group sparse are evolved. The high correlation features of high correlation group are selected in
all human brain regions, and realize the accurate location of high correlation brain regions with AD, which provides a
benchmark for the automatic diagnosis of AD further.

Key words: Alzheimer’s disease (AD); smooth group L1/2; calibrated support vector machine ( C-SVM) ; structured

magnetic resonance imaging; inter group sparsity; intra group sparsity
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BA] /R % ¥ BRAE ( Alzheimer’s disease , AD) ( Matt-
son ,2004 ) J&—Fh B T R A 48 4 g A8 T 3 B AN
A AR ZR IR TP, TR R E TSR R B
P, BEX A2 o A A B AR R R TR],
B AINFIIEH (cognitive normal ,CN) B2 AR T
AERAS (mild cognitive impairment, MCL) F1 AD 3 Ffi
BHETE AD WA S B TP T B — 289897 AD 24
Y H B AR b S S 1 AL, PR, S

AD FHIZ W, X AD i W75 WP AR A 3 2 0 E
MVEHT BURBBeth T80 RIS 87 3, BEA:
ukﬂ“m“ AD 2 S SR T 28 % R LS8k (H 3%

AW BER, ALRCRART , 0 5 5 i R F
(Sakkalis,ZOll)o Pk, B AEL X 3 AD & J B Bt
SR Bl R B AR TR AN AD RYE ED IR,

¥ R 36 Pk A 1% ( magnetic resonance imaging,
MRI) ( Frisoni %% ,2010; Feng 55,2021 ; Lee %5 ,2019)
S WL AE YRR S, B ORI AT AL
XN B i RN 72 A A g B2 SR O B i s
[] 73 B A A I 25 AT ARAG BE 0 255 — R AL A (Lin,



$o745 /530 /2022 %38

wEInE, FER / A FBABRLIINEE MRI BI&H %

2000) , EAFFE AD 51 A A G 25 A FE 82 A8 4k
IRAR T Bl H T2 W AD BFR R R PEAS ( Bk
5L¥ %,2021), MRI 43 b 45 #J MRI ( structural
MRI, s-MRI) Fl1Z) & MRI ( functional MR, f-MRI) ,
ARSCHEGE s-MRI, % MRI 1T 5, BEAZ I IG5
W H LN T RS B R AEZE R, O HLIERG h iF 2 4
TE5 22 AT 55 FEA ARG, B BAG /A 8 4E JE 1) R
PE o XTIE, AR SEEE RN I, vT A% A i 4
2E5#) (de Magalhdes Oliveira 55,2010 ; Liu 5%, 2013)
(VARFE AT 34T, 3 o 7 12 3 3 K 1> 45 4 1) i R
JE4 b s B AE R, I 2w LS5 1 9 F8 i 140
518 IR IOE T AR RFAE , LA S mT L&k
B LR A i R A A T C M B A 2 A I
S i R vl ey 1 L R 7 e T g S s S T 8
KM TS5 F P A AH | DABRECEE S 4 BEAG R AIE
I3 o AR R AR R R o A TN X
B, w0 116 AN X IR E B 30 S AR HERBLA (anatomical
automatic labeling, AAL) ( Tzourio-Mazoyer %5 ,2002) ,

BRI A IR R FE AT 7 AR — A BRAR Y i
P BT RRE A B (Fung AT Stoeckel ,2007 ) 1%,
RIS A (B o 45,2017 ) BRARRRIE B0 F 4
JE MBS 4R S o0 A L, IR e A BT B R 5 X
LR

A b B FEEET RHRFE AT 4020, DARRIE 2
R A HEATHRAE , SR TR AE 4 1) 0 A i A 228 BUAH 56
FRIELH . A% 98 415 i 1E W 4K 7 125 (group lasso, GL)
& LA A GO0 1Y — Fh i 51 77 15 ( Yuan #71 Lin, 2006 ;
Meier 25,2008 ) , A] LA Xt 4 i 151 41 2 47 4 7,
Br—S U RO AL (EANREXT 20 AR IR BEA TR 5, R b
ToiE R BRA N —LETURAFAE B XTI R, 4 L1/2
R IE N4 ( group L1/2,GL1/2) ( Liu % ,2016) i
10 GL A 2H N A AR R T i B dsk i i S5 B
ROREY L1/2 JERGHAT il 41 L1/2 B i A AS
AT LA ZEBRITA A 4L, 38 R X 36 B2 1 2 P9 4R A1
FRUHEA TR B, DT 326 BBCEE Ry o0 () R, D4R T T
WERf M, XA LA R R, B TS —14
A1 B 4 %0 {8 bR, TEBUET R ol 25 IR
TRXEU S,

A SCA FHSE- 8 A 2 L1/2 F 65 1F 0 4L ( smooth
groupL1/2,SGL1/2) (Li %§,2018; Alemu %§,2019;
Fan 45,2020) 77k B IR Sedl L1/2 Jrikh & A raE
ST ) A48 X (L B B3 ) -1 R BIGE T, R L1/2 T

P BUE T EIR 5 IR SO A Bl S, TEARBE S,
YO FH 22 55 AR AR B AT 1 AALL16 ARiAR
()45 454 DXIRAE Ry 3 LSS, LG e i A T 1 o
7 SR BRI 45 M K AR 4 45 A T
ICFP LA - SE I G L e AR A SOk
TCVE IS A A AL BRI 23 1 A4 A X 38 45 24 i — 41,
b E Az T A IR R ARE . [RIETE T SGLL/
2 454 C-SVM X R4 (R AE HEA T e 36 R 232 1 D
56 GL1/2 Jid b & A 0 A SF- W 190 46 X ok 5 1) °F
T PREGE T , R GL1L/2 7 3 P BUE T T84k ¥ Al
SO R

(b) PRI
BT AAL BEHbpfEfl o e

Fig.1 AAL template standardization process map

(c) FRifE 5 B A ALBEHR

() AALKHR

((a) AAL template map; (b) standard template map;
(¢) standard AAL template map)
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G35 o A TRIARE S [H] 43 A 9 AAL B4R A 32 3 R T
PR EAT 72 0, Xof B AT 52 X5 PG A AR ] 5 371X
SR HOAS I DR, XA 7 0 T AR G b R 52 1K
A 22 S DR AIE B 5Y A RO R AE S
I

(c) FRifE I B AALASAR

(d) A A ALK X E 7

B2 PR BRI DXL AL i B 722 4

Fig.2 Image preprocessing and feature extraction of brain regions( (a) original MRI map;

(b) preprocessed gray matter map; (c¢) registered AAL template;

(d) localization of AAL brain regions on gray matter map)

L2 SEERET
% FF 0] 3 ML ( support vector machine, SVM )
(Cortes Fll Vapnik 1995 ) J&— Ffrii i W5 B 2% > Jr +X

PR AT o0 M) L e RS A
FLIRXF A I REASR R ) B R B A T, SR )
BUR AT R RS B R BRI A7 45 6l 2o SR i
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/MU TR R T e A w,, FIRE SR D, |
HART

. 1 n 1
%w0P17bopl} = argmln n chossﬁm(u)z + 2 /\1 Hng
=1

(9)

u =y ({w,x;) +b) (10)

A, ||wl? Fom iR A BT I, B AR 5 4F b

75328030 43, K30 BE AT AR B A~ FRAE 2 ST

1, A, R—NEERM S, TR R KABEE . A

{85 w BIZ4ER SHRE 4 x, BZEBORII] |y, %050

FLSAREE b w25 . 1540 10 B T BCHE 4 % pR ALY

SVM BERYHA BT 43 S PERE , (AR T IS )50 7

BRSO A R

KT —FP AL UE hinge ( calibrated hinge, Ch-

inge ) 14k PR LAY SVM ( calibrated SVM, C-SVM)

LN A FERRE S OB 1 BE il T 58 i AD

M2, BERIA d R B &l 3 frn, C-SVM
KM Chinge 1E 40 2% pREL, BARH

Llossfun(u) = L"Chinge(u) =1 - M

2 + abs(u)
(11)
Tighs ki
R ARG

FRIFEASAR Frifetk SVM
C-SVM
e 5 i
ki B

— | o

| SGL1/2 VEAR RS

K3 ERRkmRR

Fig.3 Main flow-process diagram

Chinge PRELI A HNME 4 F7s . M u > 0 B, u il
K, Chinge $RHE/N; 24 w <0 B, u #/)N, Chinge
SR PRI AR R pR SR LA 70 2 - T
A2 FIN L 68— BN A 2K 25 40 2 R T Ak
PRI A R A — 0 B R A 2 e AT ) 4321
TR 1 SRR % o DT D S0 A~ T AR R A 1Y)
AU 235 SRR [v) T3 A R TERA B —

WA, X T E 4l SVM B RDR U, AL 2 — D &R
B H G SR AR T (Sun 55 ,2018) , AT
GEVEIU B B — s 4/ AR, A I i 4

1
N (e S

40 =30 20 -10 0 10 20 30 40
Kl 4 Chinge 512k P& A &

Fig.4 The distribution chart of Chinge loss function

AR R PR T o0 R — A K BRAE L 4%, 4
e 22 i R FPas AT A R | i H.
X BBORBAT ZREET LRI REREAR . AL,
TP EEA RO, FERE 5 AR AR SCR AT
BCHER) AALLL6 AEAR A S o A A AR, LA i X Sk A
KU BEAR AR AR, 4545 SGL1L/2 IEMIMERAY C-
SVM 2R X R B i S A e B0 Lol

1
fSCL% = ;ﬁchinge<yi(<w’xi> +b) )2 +

R RSP WAVCSIINEY

RREE S T RS E SVM A SGL1/2 1Y 4% AR

A, REASTE IR 2 2R 14 ) B, 2 380 R Ml R O

DIl OGS R 3 B ARG R AT Rt L XA HE

TR AR PR ECE A SGL1/2 IE AL AL A3 fr n]

B Scr, BERLR AT G REAE AT B0 T WA 7 i
HEFTAS /MK, P AR W/ NI TR SR fige 1) 2 2% B

2 UK SH

e AALL16 BB A 23 2B, LA DX I8
I 5 A ZEAE M RRAE, 45 A SCLL/2 1R MK
C-SVM 73 JE 5L R, 3f 28 3 14k B B ADNI ( Alzhei-
mer’ s disease neuroimaging initiative ) F i £E il 1 22
SCEAESEAT YN RATIN I, AR IBOM i 73 SRR, I8
FHZ G ZEEE RIS H A 50 S 64T J BT 45 55 Tt
XF H o3 AR DL MR Y )2 AL PR RE
2.1 HHEHIALE

i FH ) B X0 1 ] 2R e B ol 28 A5 4
( ADNI) %4 % ( hitp ://adni. loni. usc. edu) , ADNI
AT XT GOk H 26 BTN &R 50 20 M, 3%
H 2 D 2L 4R 5 (MRI) | TE L & S 2 43
f#i ( positron emission tomography, PET) | HiAth A= ¥ 45
AW LA R i PRANR 2200 B2 VP AL AR 25 G 2 5 ] LU
FHF B B B DA 5 (MCT) AL BT /R % 6 RS
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(AD) B,

SEEGBEEL ADNI 123 FF ) ADNIL ;. Complete 2Yr
1.5 T BB/ B4 (Wyman %5 2013)  MRI K% Ky
T1 JIALEY 1.5 T MR E%, Jedk 88 511 #k A AT
AR A 55 AD K 145 44, MCI 3 209

4 F11E 5 % B (control normal , CN) 4 A% 52 157 4,
FEVES AT, AD 1 65 44, Lotk 80 445 MCT
PE11L 4, otk 98 44, CN Bk 65 44, &k 92 4,
Jride 2 A TR L AN 1 R, Horh MMSE #oR
A AR 2 (S5 ]

&1 ADNIHIEEWARSHIBERGEIT
Table 1 Distribution of ADNI datasets

R Bt AR AT (M + J7 22 [ R ]) PESI AT (M5 F %) MMSE (#5918 + Jr22[ {6l )
AD 145 77.4+7.8[56 -91] 65M/80F 21.1+5.1[2-28]
MCI 209 76.1+6.3[55-91] 111M/98F 26.4+3.1[8-30]
CN 157 77.7+6.1[60 -92] 65M/92F 29.2+1.0[24-30]

FE [ 165 P BB 235 R R e 4 S B A1 23 A1 i LA MMSE (B3 A Y

K H SPM ( statistical parametric mapping) ( 5 ok
B 4F,2003) X MRI EHG A& IO K PR 3R FRAE BEA T
THA, e Rl SPM i BRIAS 5L,

J3Ah  ARBFFE 3% B Cuingnet %5 A (2013) ) Cu-
ingnet Bt 42 2817 ) 4K , LI B ARz A PR RE

FERX AR 509 252875 # K H ADNI, 4%
162 5] CN 137 ] AD .76 ¥ 75 18 > H Wi N
AD 1 MCI ( MCIe) F1 134 ) {3 £ 52 & 19 MCI
(MCIs) , Cuingnet %% #& 4 09 %8 1iF 4 & 0 3% 2
Fim

%z 2 Cuingnet HEEN AR HIERSIT
Table 2 Distribution of Cuingnet dataset

eSS R AR A (KM + J7 22 [T )

ﬁ}‘?"]éj\ﬁ‘ﬁ(M% ,F:ﬁ)

MMSE (¥{8 + FZ[JEF])

AD 137 76.0 +7.3[55 - 91]
MCle 76 74.8 +7.4[55 - 88]
MCIs 134 74.5 £7.2[58 - 91]
CN 162 76.3 £5.4[60 - 90]

67M/70F 23.2 £2.0[18 - 27]
43M/33F 26.5 £1.9[23 -30]
84M/50F 27.2 £1.7[24 - 30]
76M/86F 29.2 £1.0[25 -30]

TE [ ] 65 BB 23 5 A QR RO AR S BRI 2341 i [l A MMSE (B3 Y

F T ) AN () 8 25 4 R /NAS — | FEXT R
HEATRAIE B2 BRI 75 2R AT BAL 2R, AR5 SPM
BAPEAE MATLAB ~F- 53 X 32 30 1) sMRT R K
T AR A B AL BRARAE | BRAS A [ DR i DX 3 14y
JERBUWE I A58 i s ARRAE . X 454> sMRI (]
GEHE WAL PR FE AN 5 FR . B X BUR LT
AC-PC # # ( Talairach #1 Tournoux, 1988) , AC-PC
NI %4 (anterior commissure , AC) J5 %k 5 £ )5 i
4 (posterior commissure , PC) {if 2% H 5 A FE LR, PR
AC-PC £k, TEG T AR E {7 Wt J2 gk i 5% vh 22 DA 2
RHEEL  TEIRPEAE D, SR R A IS B E b
L, B M2 MNT (montreal neurological institu-
te) 5[] 22 5 RPATE I A Mk P 2R A 2 i A o
AP SR BRAR I ZH R R, SR I R R
AL , TC A A RS 2 3% 9 B 1 Colin27 #5%

#2 ( Aubert-Broche 55 ,2006) , LAAKERCHE I i i . =5 43
BEAR 0 2s B . T M 3 S5 R AT 49 R0 3R UM Jo 1]
8 IR IR R EE A AT VA — A 55— R BT
2.2 EWEE
SCUGIRIEE AL R G 8, AL PR A Intel (R)
Core(TM)i7-8750H CPU @ 2.20 GHz(2201 MHz) ,
32 GB N, @i MATLAB2019a HEATAH 5652560 135
7o TESEHP Kb B i) ADNI B 4R 201 3 4
thtéﬂ 439 AD 5 CN,AD 5 MCI L& CN &5
o IRV Sy 1 skE SR I it A b A L, A K-
Tﬁscmﬁﬁ/zé(wu 45 2010 James %5 ,2013) , F-1E
BAEII ks K EHoN 10, BD 10 9738 LEF, R
FHHEHR B (accuracy, ACC) | 4% 52 3 T A/EFRAE il £k
(receiver operating characteristics curve, ROC) T [

T #X ( area under curve, AUC ) | R #{ & ( sensitivity ,
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(a) JFRUAMRIEG:

(b) AC-PCHZ i

(c) TR (d) 23 FIRIEC i

K5 EEpAb SR

Fig.5 Image preprocessing process

((a) original MRI map; (b) AC-PC calibration; (¢) skull removal; (d) segmentation and registration)

SEN) H#51%: (specificity , SPE) 8% ( precision) |
A 03 (recall ) | JL ] ~F 4 {6 ( geometric mean,
Gmean) F1 F1 438 ( F1-score ) 258 b5 Xt 4325 P g
TV, TESEPR AD 32— 2s il 9 4 g O .
AR AD 28 (RATFRR A IEZS) H AU oy i
2, BIS EOEZE (true positive, TP) ;45— L B2 IE
AD ZE (LA FR 57028 (H B0 Sy £ 2, B A 41 B 26
(false negative, FN) ;75— SCHE 1 S H FU A 1E
2, AEMBEZE (false positive, FP) ;57— SE ] J2 T
& H U Ry 228, Bk 2 (true negative, TN)
FRAEX 4 Aot PR bR B R
Fre = TP + TN
TP + TN + FP + FN

2 rank. - (TP + TN) x (TP + TN + 1)

x 100%  (13)

_ 2
e = (TP + TN) x (FP + FN)
(14)
X, Y rank, FoR A IEREARMT SEZ A,
TP .
Jrecal = Ssen = TP + FN x 100% (15)
TN .
fspe = m x 100% (16)
TP

fpr?cision = TP + FP x 100% (17)

ﬁ}l\\eavv = m X 100% ( ] 8 )
2 X[ cision X
fFI — f‘prE('lblOn f‘recz)l] x 100% ( 19 )

f‘prevision +f.»e<-,an
2.3 LHERERSH

IR SVM 53 R FH A [R] 95 2K ok 5500t 55 4
AYENPERERISEIR | AR IO B 4R 43 S R BT 1Y
B 2 J5 %) AR 4 90 ) GL, GL1/2 S A

SGL1/2 S HEE A i Y0 B0k BEARRAE 16 43 A 14328
PERE PR s i J5 (8 FH 456 SGL1/2 S5 A i 3¢
PRI AL C-SVM ) AF L SeF 5 PRI 3 it o) 8 26 47 4
2 IR 280 R s 75 X Cuingnet BRI T
M
2.3.1  AIEBCEER R pRBO o A B P RE SZ 1)
TEHR R P45 % R 12 B 40 2K pREK hinge #012K
PRIELHI Chinge 512k PREIGHEA T XT LE | 361 3 T AN [R] 45
JPRELR SYM ARG IR B (0 4 2 v, 7ESL
PasEr Xt AD 55 CN X RELDEAT HLAS, 25 R 1L 3,
FLAFE ), Chinge PRI EL A 451 2 R S0CELA 07 48 1)
SYRBOR . C-SVM [ HER 2 E53K 91. 06% , 55 hinge
VEJ A 55 eRBURIBREE SVM AT EE , 2025 uimff R4 w5 1
2.65% , [R)Bs) / F e Pk 43 2519 90. 40% 3% 4 [l )5
(4 83.77% ., MRIGULLE R, AR SLHG B £E LA Chinge
P REL C-SVM ARy 4y Al e 42 ok (93t
Hr gl A AR A T Y At

®3 AERBMHEHR

Table 3 Classification effect of different models

GyTTE ACC AUC SPE SEN
C-SVM (Chinge) 0.9106 0.9646 0.9379 0.8854
SVM ( hinge) 0.8841 0.9518 0.9103 0.8599
Aok 0.9040 0.9590 0.9379 0.8726
ZHEmIA 0.8377 0.9141 0.8759 0.8025

TE IR R 8 5 e A 45 R, 43 25 B 46 5 9 S it 2k
2.3.2 BB E AL b

HRPE ZH 0 B T B0 5 X, 7 20 9% 1) B A 1 Y0 B0
(o3 2R Pl T LR I 0 2 SRV 40 1) 3o 4

891



892

PEEREEF IR

JOURNAL OF IMAGE AND GRAPHICS

Vol. 27 ,No. 3,Mar. 2022

55 AD G2 AH IR R 8 43 i 8 DX 3k, i 45 32 v
(A A DX 358 P ) AR 28 AE G Hp , DT B8 4 b JB 7R 5
AD BEIRA ISR XI5, Ay 1 36 i 2H A it S AR
AEBCR R GL (GL1/2 i1 SGL1/2 3 Fh # il
BT, K6 JBn T T AAL B AY GL A1
SGL1/2 A5 1 S5 ) 2 AL AR 7 A i Xk 2 B 17%) T
BRI, Ho A, R TR RIAR R S
., ATLAE MM M 5] AR A X
WO AD (5 28R H B XS] Uy vA AR AR
PRI T IXSE I, A2, SGL1/2 Tt i rp X
B — SR R AT T Mo, 5Bk T —SEAH G B3
RARR P A IR X S 4 i, Bl 6(a)—
(c)J& C-SVM +SGL1/2 A | {8 8 1 B i AH G ik X
(1) iR A AR 2 FE N WAL I AR ST ), 25 2B A
X A K AT 1 ity DX R O B 1 1940 i DX ek X O 3
TR A 2, A 2T s 1 DX 45 3 R X AR 81 6

(d)—(f) /& C-SVM + Group Lasso ( GL) B %Y (L%t
XL () A TR B, — EL DA Sy 5 S i DX A X 2558 At fi
DXAH AR, 4 S B 38 A I X ) BT AT R 2R
PEAE NI IE AL T A 53] B, 2 A UK 22 B AH X AH G
R e B DX T SO T R P 2T 8 AR 1 X IR 58
EXTFRA I ROCR . AP C-SVM 7E AD
5 CN _ERaZertkmenge s frn, B/ 7 23T AAL
BMR A 7 R (R o S PR LA, 4583k 5 M
K7 ATLAE DL AAL o3 AR 1Y SGL1/2 A2 i
SRR — AN T4 o3 SRR P s 47 i ]
B4, GL1/2 + C-SVM “EXjisfr i) K | X 2
T GL1/2 AT E D R MY, GL H i A5 R 1%
A SGLL/2 5, Btk A7 75 T8 1Y 3k 4K i 3 B2
SGL1/2 B2 x GL1/2 iy—Fp @i, — &
LR KB ), (ELR ik 1Y) ~F- 3 GL1/2 %K
SGL1/2 ReMg il sk BCE PS8, By 12 & A IR .

(d) GL, 2,=0.001

() GL, 2,=0.01

(H GL, 1,=0.1

K6 BT AAL AR 7320 B0 A [m) 20 B i A5 2 i v A 2L AR IX O
Fig. 6 AAL template grouping based group feature regions selected by different group sparsity models
((a) SGL1/2 and A, = 0.000 1; (b) SGL1/2 and A, = 0.002; (¢) SGL1/2 and A, = 0.05;

(d) GLand A, = 0.001; (e) GL and A, = 0.01; (f) GL and A, = 0.1)
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F4 EHT SGL1/2 Ky C-SVM =B ( AXHEE ) 72
ADNI By & i a9 X
Table 4 Selected brain regions of C-SVM model
based on SGL1/2( proposed model) in ADNI dataset

J IX it 5 A R I X 5 44
3 FE g AMN A | (0] Frontal_Sup_L
37 Leifg Hippocampus_L
38 e Hippocampus_R
39 e Mg 55 ] ParaHippocampal _L
40 il T 5% v ParaHippocampal _R
41 LA % Amygdala_L
42 PR A Amygdala_R
43 e FRRZE Bl e )2 Calcarine_L
48 papel Gl Lingual_R
55 N Fusiform_L
56 AR Fusiform_R
83 e AL [l Temporal _Pole_Sup_L
89 Ze T [l Temporal _Inf_L

TE 4% AAL B 5 /N EIRHER

x5 ARFTEHE C-SVM 7 AD 5 CN _EHI5 FKiksk
Table 5 Classification performance of group
level norm C-SVM on AD and CN

P ACC AUC SEN SPE  F-Hyital/s
GL 0.9404 0.9786 0.9379 0.9427  738.11
GL1/2 0.9470 0.9774 0.9517 0.9427 103 4.02
SGL1/2 0.9470 0.9788 0.9448 0.9490  446.77
R AR R 45 B B AL 46 27
L 00 —e—GL —@—GL12 —O— SGLI2
0.98
0.96
0.94 —
092 1 1 1 1 1 1 1
< ) % oS o NS > )
g 95 ¥ 'Q\%*O & 0{&‘% %o&
¢ N

7 FET AAL BN T AR B 3 SR RE LU
Fig.7 Classification performance comparison of group

method models based on AAL template

2.3.3  NFEOWESN AR B 1 2R IR,
A S &8 TR 3 BH S 3 i Ak AR A 900 B R R

(), A R e 8 T i SR A | AR H 5 90 v BE A DG 1)
JRIH DI, A B Y 4y 2SR WS AR T R E
BEFEKMN AD 5 CN 4, fE3Lbr 1R 9% Hol
WANEATF AD Al CN Z [A] () MCI AR DL, I R 2 3
WEBA AD BE T XRS5 A B FOR S
W HXEEAT X 3, o0 i SRR . o T i — 20
Y UEAR AP RE X AD 415 MCI 41 .CN 415 MCI 4]
AT, A3 B AT F AAL Bt , % Lt GL
1 SGLL/2 PAFh AR B )7 %, 25 RNk 6 s, 3% 6
] R gk ), AT LUE Y, 78 AD 5 MCI
XPHRZ H SGLL/2 AL () 73 FSHERR Bl 71.47%
=T GL AL 70. 62% |, F-YJE T[] 48 GL Jdi b
269. 34 s, BT 33.53% ;7E MCI 5 CN X R 2
W, SGL1/2 BERLMERG R 78. 81% , b GL Bl &
1.97% ,BHEIZCR L GL 35 38. 30%

AD 5 MCI.CN 5 MCI B4 253058 4 ) an & 8
FIE 9 fron, FTLLE Y, 36T SGL1/2 o8 7 2
BT ) 4y SRR R B 0 5 oL T GL Y5 43 A
R AT W 3T SGLL/2 f C-SVM A U 7E B[R]
SE (4% HE A Pt BB AR R R 47 114 43 R AR | 33 X A 7Y
18 T S — AT SR
2.3.4 7 Cuingnet 4R (1702 fE

R T BRUEA SCRE A 72 AL RE T, f ] Cuingnet
BAEEXA SO AR FEA TN ZRANIL R 5 A R G
IR AR ERZH, B CN 5 MCI AD 5 MCI Lk
K MCle 5 MCls, H:H MCI 241 MCle fil MCls &
FEMT A, 32 R 1 Ak I R S, 7 I R
AT, A S EOR L AR A — 3 52 Y|
RJE T TN, A SO 5 T BB E RN GL #
BRALT AP T T L 25 RNk 7 R, 3% 7 W]
R YR f st E], W LLE B A B A R IR h
SGL1/2 M4y PEREE ACHB 2315 Dl AR vay T I Ath A5 A4
I 2MERE  ANAE CN 5 MCI 4 S 8 IR A 5k
ffE N TE] X R R B A, 76 AD 5 MCI 20 F1 CN 5 MCI
i FEOr S T EOE PR 2SR RE T B T, B
[ RCRES GL LR TE T3 60% |, P i, R,
FEF AR C-SVM 1145 Wi 43 e BB AR A T 3
Ay C-SVM &L 5] i} SGL1/2 W& AR F GL, 3 F
SGL1/2 ) C-SVM #FIZE Cuingnet 20545 It REAH
A A 1 DU A 0K 3 B A A AR 3 AR 4315 B
TG R R AR S A BRIz AL RE ST .
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*6 ET SGL1/2 B C-SVM #HBEIFEFMEXTRA LR K ER
Table 6 Classification performance of C-SVM model based on SGL1/2 in more difficult control group

XF iRl g ik ACC AUC SEN SPE i iEl /s
GL 0. 706 2 0.801 3 0.724 1 0.693 8 803. 32

AD 5 MCI
SGL1/2 0.714 7 0.803 3 0.737 9 0. 698 6 533,98
GL 0. 768 4 0.8317 0.793 1 0.751 2 784. 50

CN 5 McC1
SGL1/2 0.788 1 0.859 9 0.827 6 0.760 8 484. 05

TE < OHL 7 A Xk EE 2 v 2% P RE AR S fIU 45 5

mGL mSGL1/2 u GL mSGL1/2
0.90 0.90
0.80 0.80
0.70 0.70
s 060 L
Y’c Y9 £ & c',\‘:”\o @db 0@& ,%C‘O& Y’C ?’0 SO é,\é\o @C‘& e&e‘% %oo@

Q@a

F 8 HTF SGLI/2 By C-SVM BEHIZE AD 15 MCI Ay 43 K30UR K9 HF SGL1/2 B C-SVM BEAIZE CN 5 MCI B4 285401
Fig.8 Classification effect of C-SVM Fig.9 Classification effect of C-SVM
model based on SGL1/2 in AD and MCI model based on SGL.1/2 in CN and MCI

&7 ET SGLI/2 1 C-SVM #&EUFE Cuingnet ##EEE_ERI S 2 RE
Table 7 Classification performance of C-SVM model based on SGL1/2 on Cuingnet dataset

Xt iR 2H g ik ACC AUC SEN SPE A1) /s
- 0.899 7 0.955 4 0.897 8 0.901 2 678. 69
AD 5 CN GL 0.916 4 0. 967 2 0.912 4 0.919 8 730. 65
SGL1/2 0.919 7 0.963 3 0.912 4 0.9259 428.31
- 0.639 8 0. 686 1 0.678 8 0.614 3 1 361. 82
AD 5 MCI GL 0.648 4 0.702 3 0.678 8 0.628 6 1 698. 31
SGL1/2 0.6513 0.713 5 0. 686 1 0.628 6 520. 52
- 0. 680 1 0.772 2 0.734 6 0.638 1 1 177. 65
CN 5 McCI GL 0.685 5 0.7913 0.746 9 0.638 1 1 448.78
SGL1/2 0.682 8 0.778 9 0.740 7 0.638 1 499. 44
- 0.628 6 0. 667 2 0. 684 2 0.597 0 468. 97
MCle 5 MCls GL 0.661 9 0.679 8 0.723 7 0.626 9 649. 78
SGL1/2 0.661 9 0.687 6 0.710 5 0.634 3 359.18

TE UL A X FE 20 Hh A PR RE I BRe U4 2 5 = 7 R R M AL Rt T ik

KX 4> AD BUACE | L AAL 43 41B0H 6 HEF74 41 1
3 ET AAL BRI BSFIEEIMIL ST 4 UEAF 2 402K R B 1740 2 | 3o 2245 T -
KB 53 HHE A4 T 27 10D 45 XA B [ — X 38R 72 A4
X {43 2R AT XT e, S5 SR P 10 B, Mo

Joith 25 TS AD 5 EEAR ISR X B, A SBOR R 94T ] (Lingual _R) 47 ¥ T 55 Al
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(ParaHippocampal_R) 77 ( Hippocampus_R) .47

PR 18] (Fusiform_R) (ZE80 T [5] ( Temporal _Inf_L) Fl

M - 18] ( Frontal_Sup_L) 6 /™ figi X ) ELA&R 43
PRI 11 PR,

4 15 R G 1 SR 21 DX S A B ) e AR 4 R 5

F SGL1/2 IEMALAY C-SVM BERYEAT gk, sk 4

A 11 Fr7s , a] LA & 30 3 o 20 A i 75 v o B A 18

Hh AR SRR AL AR LAY 43 28 1 A R HE 44 R 6 B A
DX UER Tzl 7k i alT S5, [R]E AR SCRE AU 7
FET AAL B AR A 1 7 A Bl 94, 70%
L o A 2 Bl 2 28 3k 3F 2H S 8 1Y) i R ) R A R
1 2.32% X — 45 R [ FEAR 4 Hb ik B T 224> i X
Z A AE — 5 (A S, B AT L [F 52 m AD 1Y

0.95
BRI
0.90
& 0.85
Feei)
™ 0.80
0.75
= E E 2 2T 8 0 T 8 T T oam 2 8 n g B 8 v g5 Y 3 ©
s E 3 £ 28 5§22 52222 5% 38 s = 3 S £ ® £
g s 5 |
g“?‘g:lgogmlzlmlaE|§E|E|ml'c§ng'&v|8h|2§€:|§O,
§2 8 EE B8 3R EFT2 I e, ES 2ESE S5 88 E 8%
o NS} O o 2 =
S = o 0O B o = &8 & 5 £ 2 = E 2 |/ 2 & 2 2 g <
E“2F £5288°E5 FESE <2553l Ec 4
S £k S EfF £ B3 i 53 £ 3% & E
= T =~ ﬁﬁ £ 3 5 2 5—'9::.' 5
g O a O g £ = =
a g =} 5
5] o n
= e

K10 B o JEBURITE AAL BEAR H 2 A5 IR DX 70 28 v 5 LA

Fig. 10 Comparison of classification accuracy between left and right brain in AAL template

0.93 09238
09139

0.2
A
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£ 0.90

0.89
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0.900 7

0.900 7 0.900 7

0.897 4
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Table 8 Comparison of classification performance of

different methods

LT ACC
MKL( Ben Ahmed %§,2017) 0.902 0
3D-CNN( Khvostikov 25 ,2018) 0.829 0
SVM + GL + SAR(Sun % 2018) 0.893 0
deep CNNS( Aderghal % 2018) 0.925 0
C3d-LSTM ( Li %,2020) 0.927 8
SVM + ROICSE ( Feng % ,2021) 0.935 7
AL 0.947 0
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