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Application of computer-aided diagnosis for cerebrovascular diseases
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Abstract: Cerebrovascular disease has the characteristics of high mortality, high disability rate, and high recurrence rate. The
key to reducing mortality is the early diagnosis of intracranial lesions. Clinically, the physician diagnosis of cerebrovascular
disease is inefficient, and the missed diagnosis and misdiagnosis often occur. The computer-aided diagnosis technology based
on artificial intelligence (Al) can assist physicians to localize the early lesions quickly and accurately by obtaining the
features in medical images. Here the applications of Al in differentiating stroke types, determining the time of stroke onset,
and delineating the stroke infarction lesions are introduced, focusing on the Al-assisted detections of intracranial aneurysm,
intracranial artery stenosis and brain arteriovenous malformations. Finally, the challenges faced in the Al-assisted diagnosis
of cerebrovascular disease are summarized, and the prospects for future research are put forward.
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FRR AN S TR S AR TR R AR B ) 2
fill BHEAT =025, B TGRS 2 Ok
| FH 538 — 4 i #2 3 (Local Binary Pattern, LBP) #
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93.4%. FEAH LI LA K 2 S T4 K AR g R, SE o

FIKEFRAT ROT PR BURRAE & —Fh# A0 F-BL , il ik
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Table 1 Image features in references
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HR 443 E RIS H 14 ROT %E 5245 H Bh kI i oz
B BeNS SIS Y A S A . Jin % E 2D-CNN
ZEFG o AU A5 B I C AR, L2l Ak
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PR 128x128x128 [ A5 Bk A CNN H A7 8 2 fife
TSR R, - H =4S AT 4 B
REAS T 4 b AR BRI FRF PSSR 2. A F T M 27
S Z A [ 4EAE(E B . Shi %52V 1 DAResUnet
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Angiography, CTA) J3 41 v (1) fit N I3 kIR , % 099 26 38 i
E U-Net P 28 Hr 8 fin 3G 18 7 A fn ik 25 i e
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AT TAEUESE 1 DL SR A 40 L AT B A1
T Il , Claux 5 B H —FP LK 9 [ B Unet, B
55—~ Unet i 1 /E A5 =4 Unet 9% A, 25—
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FPs 4 0.52 , {H 20 it KD JE ASSTERTRL Y T S



- 1170 - i B B R 5 40%
2 ALGEBNR AN M B R A0 75 A M BE 4
Table 2 Performance analysis of AI-assisted detection of cerebrovascular diseases
. . : PRI
eS| FEI S0
R RS HoAl
fii 5 2 ok 9d CNN(JinZ[227) DSA/493 In:89.3% FPs:3.77
. In:94.4%
3D-Unet(Chen %5:23)) MRA/131 Ex FPs:0.86
Ex:82.9%
25 Unet( Claux Z£(25)) MRA/49 78% FPs:0.52
CNN(Nakao Z[26)) MRA/450 In:94.2% FPs:2.9
. n:91.0%
ResNet-18(Ueda %527)) MRA/1271
Ex:93.0%
. In:87.1% In:92%
3D-ResNet(Joo Z5:(281) MRA/744
Ex:85.7% Ex:98%
3D-ResNet+3D-UNet(Joo Z:1297) MRA/800 In:92.26% In:93.91% FPs:0.123
Faster RCNN(Dai %:(30)) CTA/311 In:91.8% FPs: <9
CNN(Yang Z£031)) CTA/1068 In:97.5% FPs:13.8
HERR - 81%
i PAY I e A 3D-SE-ResNet( Chung %:133") MRA/91 83% 80% ’
AUC:0.884
CNN(HanZ51341) CTA+MRA/30 68.21% 71.7% WER%:70.51%
Extra-Trees+SVM (Hsu %135)) /8211 71.7%~100%  88.9%~100% -
, ) o WER 2. 85.7%
i 2 e ki RF(Hong 25137)) DSA/171 100% 75% ’
AUC:0.97
R :90%
LR .SVM ,XGBoost,AdaBoost .RF(JiaoZ:3])  MRA/1 137 84% AUC:0.95
DSC:0.8
3D-VNet( Wang %:137) CT/80 - DSC:0.852
Mask R-CNN+3D-VNet(Fu %:40)) CT/80 - DSC:0.86
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D7 EE, ARAT e 2 5 Bl KRR 1) IO AE , JHEA: i 2R A
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/N E bR G DUDRS B
2.2 FAMEEE

JIEL T R i s o B B SR A I B N 1) 3 fik
5k AF 1 5 1k S /5 N Bl Bk % %% (Intracranial Artery
Stenosis, IAS) {85 UL JE AL, HL AN I 5 8 4 R BlA
R R I R fE NBE o 3T ) 25 X REAE 1
SO, 30 1 JC FH B4R AE , Chung 265332 H —Fl B
S TAS ) DL A% %1—3D SE-ResNet, 12 W 4% 3t T
ResNet 22 14 , £ identity B /1 %5 il SE (Squeeze and
Excitation) V£ 2 T ALHIRIE A ARSI TAS /Y R A5
JE R SEE AUC 5351k 83% .80%,0.884 , Wi T 48
HLAY 3D ResNet #1 3D VGG 8 . 5 K L5286 %
PARCSEHE AR 92, Han 552 TE & MRA | CTA 4
XFIAS HEATRIN , S5 R R 28 38 B 530 AR B 45 rh
2R, X F b R S Al
ST 4E B I MRA 454 CTA B H R de i, AR T R
AR 68.21%, B HITZ (L BE T AN . AR R R A5
A 09 B0 Al A N 2R B b RT LA s AR R M R (E
T AR AS m RUE AP R B B Y SRR B
K H CTA \MRA FEAL T BRI L4 745 41, Hsu 26
TR PR AR, B ML 1 SVME Ak 241251 2 ik e 75 B A5 A A
>50% [ 8 Jis B A%, LA 8 3] il 8 s 5% 0% AGn T 1 i
5555 1 22385 S bn AE AR HL , HLAS 27 20 07 1k 0 o %
R BT AT 20% . 45%, PERERR TFIA . H AT,
KT N B AE BRI Bk 1 SOk D IR
T ECHE B EARATPE L SOz AT R AL S 2
AR AT A I 1t A58 7 A A 98 08 A 25 T 0
FET I AR S ik, BT A S R ELA A
PR TP I A 2 A D 1) f B AT DA
B
2.3 FuEhERBKES R (bAVM)

bAVM 1 A [AIFE B 25 3 SAH, B & —Fh L) sl
ik (B) T % 22 8 260 3% Shy AR AIE 199 51 2R 2 I I, 7 S %
Y. bAVM B IR A B A 2l Ik 1 vT e, £ & Bl ik
[ bAVM 5 A 1) H I & A= 250 R o AL B e
Hong %7 | I %2 & DSA F#1F 515 G bl #% 2% 21 43 2%
#% (RF ,Bayes ,SVM) K1l DSA &% (1) Hi 1fiL  bAVM,
e 2 RF 15700 32 30 fe 4, A6 00 57 2 b v 1 23
AUC 4351 °h 85.7%.0.97, i T N 112 Wi () - 25 1 1
R 66.7% HEFEFHE ., 75X bAVM BEFTI2 i, Hos

A EORE B R R AR TR — A BR AL Jiao SV KR
T MRA S24% 0 1) bAVM 955 42 (14 [ B 5 51 LR sl pk
SE56 R ] U-Net #5241 53 F1155 7228 XSl 52 B 4E A,
T HRAWERF T 5 KA ERE2ZE R A K MEH LM S A
F L 22 S B (2 B H | SVM, XGBoost,
AdaBoost \RF) H5] bAVM § i, i i A R (8 ok,
9o 715 B A3 H, BT AUC 4 0.95 , HERA 283K 90%.
BT A B BE AR A B I bAVM A9 H it XL
B o SEAARE WU AP BHA YT bAVM AR T4 1 53 %)
bAVM $8 5 o N 311 73 FI bAVM 58 J3 AR s 1 [7]
8, Wang 25 5% H] 3D-VNet W 4% [ 343 %] CT H1 11)
bAVM, - ¥ Dice # I B & %1 (Dice Similariy
Coefficient, DSC) 4 0.852, £ 3Ciik[ 39 | 53 (1) L il
b, % BB Mask R-CNN 5 3D-VNet A 454, il
11 ARAS DAV M G BE X I 67 B A7 B, PRk IR G e
A VNet BRI Zrasd BRI FE T KA 1B [E] aliAs (R
P DSCAHE Z Hirt H A T 0.8%, I H.3X 0.8% 1Y
PETHA NI BB SO0 R R 1Y 1E VR Bl LA AS [ ek
() BEATLES T I 2507 2 B B 5 M

LZEAWEFE AT LUK IR, A IS 24 W 2% 91 A fig
A N BRI ST o AN B AR S LT
PERE A UIA i 2 (B 15 25 &Y, e an SCiik [37 ]/ 4k
A — R L2 R T2 E A A, i IR L
4D-DSA # R £ Z T Al bAVM " H7¥ 3D-DSA
(1) B Atk H st ) 0 ARE A, B A% 4 L R 22 4 i A A
95, % AD-DSA $#i5 5 ALM 4SS &, 50 bAVM H 3
A0 7 Sk 18 B2AIL

3 REERE

AT N A v 5 B2 Wi S ot oA 10085 722 A6
155 rh B R IR UL S O VERE , 742 =12 Wi il 3 s
AL AR ST TAR KR T R AR AR
Horp R TAEGEHLAS 7 > B9 0F 58 7 125, il i $2 OB
ML RGARAE , 1451 FHBL AR 27 > 73 e AR il Ak
REAS M/ E 5 vh AR ROT 1 A A R A T3 25
1% T DL 9 CNN BEAS A2 fi 151 A 52 15 Hh 1) v 2
REAE , 2 — i 1 i ) 7 3%, (E G ke =2 i PR ) B i )
e suy SRRSO A SIS S THE IR A
7 3 5 10 28 1) R AR o LA R U R A
Giblass ) 5 DL G55 (A i o AR i sl
A JB TR AN A BRI T IS PERE , It
O BB R

SR, DAY BIF S AT A7 A — LE PR, U - K ok
PEASTR] DI Rt B — Ak ke = S5 56 U 25 A gl A A
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— UM A 2 AL AT DA R D KR RN RR 2 AN R 1 []
L5 (3) ELAR B/ I R REAE 25 2 72 T SRR 1) ot AR B
BRI M2 2 i B0 Tt BRI s R Bk LA 2
S VR Z (R A s, o LUAR I AS TR 2 R g kL, 5 11
HR ) 245 HE 2R S IR 100 4595kt 22 2 T B FRRAEAS S, 8
I AR R AR R N E RS ARSI R AR G Bai A5
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