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Abstract

Arterial stenosis is one of the main outcomes of atherosclerotic diseases, and its progression and
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stability have a significant impact on the prognosis and treatment of atherosclerotic diseases. Ex-
isting imaging methods have limitations for accurate assessment of atherosclerotic stenosis (AS),
and artificial intelligence (AI) plays an important role in medical image analysis. The quantitative
evaluation and risk prediction of the severity and progression of the disease can be realized. At
present, Al-based medical imaging has made remarkable progress in the quantitative assessment
of arterial stenosis, especially the algorithm based on deep learning (DL) has shown good perfor-
mance in the prediction of arterial stenosis, plaque classification and recognition. This article re-
views the research progress of Al-based medical imaging in quantitative assessment of AS, and
looks forward to the possible challenges and opportunities of Al-based quantitative assessment of
arterial stenosis in the future.
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1. 518§

Sk sk FEAE Ak 4k 45 (Atherosclerotic stenosis, AS)SZMA EEIRBNIK ki 3 fik K 40 & 30 ik M T 3 e o) di I
A O P75 RSP LA G 2 R AT AR BRBE T RN BRI E ZE R A [1] [2]. AS ™ HFLFE RE 5 HR T R 22 A= VAl
WAL, AT RS, R E S PTG, ARSI R S W LR, B o AR B HER = AL
X ST A I R B A2 DG 3] [4] [5].

GRS AR ETE AS BRI RIE T EE(EMH, CRBIRMEFZNSATTH, AFERE
B (%) B/ NERETHAN(mm?) . BEHLAR (mm®). BEH T (%) B LK (%) 0o Fi5 HURT 5 41 S EAR 5%
3G 2R (%) [6] [7] [8], K b H Al 3= EAREEHE 75 A% « CTAL MRI G 77 k#4712 8[8] [9] [10] [11],
SR AR G2 1 548 25 05 R T KB 1 B AN T2 1 AR 9 Bl 22 3 35012 VA Bl A8 i3 AT 32 A T 308 2 1 401 4%
[12]. F4MEFH T AS 8 S E L KT 2hill Sy A7 e SN BORERT . #6716k 2 [13] [14].
M2 N, T N LEGE(Artificial intelligence, AlIEE 225215 2446 2 18 KR 5 UG B vh B 24 11 R B
X, RE R UG T B3 85 B 3hE &2, MW4a kB G B A2 Wik 18], 4 /NBUR BHZ 2=
AV ZE R, T G R AR AE R AR A S R T R AN B L B N 55 TS R I TR %, 7E AS 1
W, 69T MG PEAGEE 5 T A3E EBEAEI[15] [16] [17] [18]. ASCHUEET Al HIE F R E A AE AS
SE S PPAS HH AE SCHIF FLREAT SRR
2. AT SHEHIR

Al T 1956 36 [FARF Mo B R e, IR 70 i S8R . B 3 ST 0 (1 e
TGSt T7%, Bt S SR BRI R AT 5 [19] Al %0 /2 WL 2] (Machine learning,
ML), BEETHENL S IARBIEHT, PR% 2 > (Deep learning, DL)EA ML [f)—/~7-45idsk 1w tH[20], DL #]
FEEA AR IR A B0 N B N OB I 22 2] HURHIE, TR - sl de s I, T2 A T AR Z
R A, G FHAE I R B2 7 AR Ve S B B8 A ) I A R R I, 8 G R T AR B A AR R 4 Y 2%
(Convolutional neural networks, CNN)F & [ 27 2] R B #5 HEATRFAE 27 =0 1) AR, R F B 5 )22 22 T 7 L)
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JRAE LR EIER:, QI MR ZE IR R IR, K TR AR, B RT DA JZ LR, FREU AT
T HALE A EURERE, HE R B2 IR Z 71T % 2, BT Ak # 5[19] [21] [22] [23]. HATE
M G AT, Al ST &R F0 LB 5008 1) 2 =12 W AN TR 25 75 T [24] [25] [26] .

3. ETATERNEFERFREARKBHELEREEE TG FHRA
3.1 ALEHEE CTARHNA

CT M i&E 5 (CT angiography, CTA) & —FhiRid . wiRh. TEEIIITEE AS (9T HE, R AE 2R
NN I A BE[27] [28], HEALC LB (1 R I AT R Bk CT 1ML &5 (Coronary CT an-
giography, CCTA)Z:LH CTA ffr, &4 FIET Al @ &0 Hrh it AT 1 sid% 77 20[13] [14] [22].

Fan SE[29] 0 T — MR T =4 CNN B8 T3L 3005 CTA G A3 S B R 40, HxT iz
MEEMERE. BGEERERGHE SRR BEEE5R S 0GR N8R = A T T AT E &
PEAL, AR RIIZEE S A5 CTA SR (RIS L3Nk 2B BKAL A P9 30 K) B F0 LA ) 2 E P R 4
(VI RS AN EGAE S OB P AI L R 500 04 0.979 A1 0.960. 0.975 1 0.944, 4> E (S A HERAHR N 93.1%),
HEMGRER G 92%; %W HIRAE G R Fi A [14], &S 7 —/Ma56 4 M =4k ResU-Net
() CNN YA T HERA I8 78 R RN B 7328, A BB A5 Rl (e = 0.84) BEHR 4 (e = 0.78) S M &
HIZWI(R=0.87, P <0.001) 1)—MELF, F68 535 k> U BHE A 12 BRI 2 155 I ] o RISELE 54,
— S 1 B4k N TR BRI A 0T B kB A5 R T 1 R 12 B A B 1) — BUME (4L A DG R & (Interclass cor-
relation coefficient, ICC > 80%)), {HH T Al BIEMIA R, XTBEHE) 5 H] 5 R0 5 1R 2 & 02 Wiz
A = R R 22 —[9] [30] [31].

T Al ) CCTA /it BUS 7St it . Griffin Z5[13] [32]1Ff4 % T ML ) CCTA B FEE AL )
PERE, 0453 RIF AR — B (1ICC 43 3008 0.730 0.88). X BEEREGLLAR /3. BEBR/AFI[26] [32]/
E BT R R I BUE(CC 2058 0.96. 0.96). [ T AR AN BE AL, Al EAEN T I
T E RS W . RN 25 7 B (Fractional flow reserve, FFR)Z1EAt i R B DI RER) “ Sprife”
BZIENA IR A B3 Bt FFRer 25T CCTA =4ERdi i iyiE I Sk )y S i L 92 /R 3
o L 37 T R R SRR B K LA 20 /1 245 ., A 5T ML 1) FFRcr REWS SEIAE 250538 A PRI 23 A st AR 21
ok it ) 5 ¥y 5 LR B 72428 4 [33], Schuessler Z5[34]HF 7T 45 %W, 3T ML ) FFRer 5 FFRor A R
UFHIRA S, JE T AL PEAS 102 2 T B R A2 Witk BE L T .4l CCTA (B 2%~ 1H F7 (Area under the curve,
AUC)43 74 0.84. 0.69).

3.2. AT & MRI higR A

F AR MRIUE BE UG AE R — P AR R A E UG 7 2, AR B AR L SN LU RE, e B
J2 T HE UL 5% 0 P R 300 20 ik I R R 23 2R S P BRI 1K) 1 IR 12 W 77V [35], IT4EK, 3D e e R A
GNP S 20 ik I B 1) A B S R A 23 R 70, (R X R T e S BV H, 1ICC HTA 0.988
[36] [37] [38], o A FT# 4% CNN R FH it o SR04 0 39020 fik 1L B 3 By, G4 1042 B 238 R1 432 . Shi 45 [39]
[401FIH [ 2D BN A AT 7 I AT, TEXPEREAR. B RSTAR. Se/NEEJE . i KRE AN H
FE 45 2 30T 8 BV R I — BN (1CC JE il 0.77~0.93) Wan Z5[4117F & 1 — b [ )20 b7 5 9 4 b3 ik
MERE 3D BUEM %, XM O ZRERER . AR E . M RE BRI S 3 2 A VP R R AR 47 1)
— (B RO 0.88~0.90), SHTHA Gao Z5[42)3EF 3D AU VAL R—8, ZWF IR ILMNUT 5
MRI 5 #1355 fik B 1 BT A5 2 20 ik U1 R N TR0 E iR 502 Wre 56 i — 250k AR o (1 R 5034 K 0.87).
TERHTIOTE TR, Wu ZE[431FIH 2 AT 552 S HoAR X Bl MR R 47 A5 78 4 22 I % Hh 52 B30 8 ke
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Jrs sy El. AR SIS BRI FERE AL 12 Wr, 1% 059:4E “CAREN IR HdE S b 3k18 1 H A e 4 &k
BECE I 7 BB T R 0N 0.97, ANEESEIBET RECN 0.97), XS5 ik ik BERELL 2 W7 A iR 1t 4 4 (AUC
N 0.95, YEAE N 0.90).

33 ALEsAERBRPHNRA

7 FE AT S (R A A 0 R SR R 22K S (R Ay e AR TS A MU 4B RS, OGS TR iR
BTSSRI ERIN[2] [44] [45]. 5 CCTA KA MALL, (O IEREFEARXS A, RONARSRE R
T RARBN KA A, PN TR VE SN ks JE S Al PR SRS K ML TR I AR 4 i A B AL
f 5 AR [46]. B T3 Bh ik A 5 B (Intimamedia thickness, IMT)7E CTA # 7 o )25 18] 40 PR AR AL 1548
PR N IMT ARHZ I 72 o IMT 18 B 3070 B T IR B 2] B R AT 22 I 28 s 1 ) L 75 i
Z4, U Hough ¥4, B80T, BT, SEXTISEMEL, T 280K Z0iE
RBULFIRE FIEBIRT 97% [47]. Huang S5 [48]%f BN PEHRBEAT IR IS0 A 4047, B BEER 3 NI e 2 o
G ] 7 R T 5 57 ] 7 SR T MR B gy Sk 2 T ) SR IR, BRI (K2 KT R0 % 77.5% . Roy 45[49] [50]
FIH 2 0 2 0t 5 ) 75 5 5 30N BKBRE R 5 B AR SG 1, AUC RTik 0.97.

3.4. HET AL E RTINS KT

IEFRAIEA AS mfaF R G, AT TRECR O I B2 2 T 0 — A KPR . R
A S TR L 8 T T O AN R oA e, A G 0 TR ASE 28 2 T %ok A1 20 A 1 2
SEH, BB AR R, oA R AT MR RS VAL, T AL BEL RERE R LR G BT K& IR T
W, BT E#ABFSH, RO EA R EATI0N,  F5 B PR S A= 52 BT 1R 500t A (5] RO 2 1) i
il 8 NPT TT TR RIRIBE U7 75 58, AT ARG Co i 0L A2 99 P i 28 A BB T2 %6 [51]

Hilbert %5 [52]% 7. DL A1 LRI CTA B B B 10 M VAT 5 R U I PR A R Thiae 25 51,
AUC 733179 0.65. 0.71. 1t4h, MRA 7] LU R 508 AH S I N B kA2 4k, (HI & B oAl X A AR 16 i TR
SR, Nam [S3]EFFR T —Fh =4k CNN BLAIIRTE =4k MRA =LA Tl AR R A0 5C 1 i s ik 22 1k
AT A % 22 DL 8 B A AT I 525 . Mu 25 [26] 3l 55T DL (1) CCTA kST IE CT bR 2 k4 1k 1F
I3 B RGBS 2 2K — B AT (AL & = 0.94), 43 25HERZ N 93%. Johnson %5 [541F ]l ML Sk 7 — N
RRIEBEAL, FSRIRBIASKAT RO IR REF R, RIZBALE T bR 2h Bkoge s 48 T2 5 Fl 4
DR B 1 2R I P T 2 RSB T A% e el IR S K LA P40 - il Motwani 25 [55]7F 72 AASE B 00 14 Bt i T
4. CCTA FeFrIT5r, HHMEREKT Johnson S JF R MIBLAL . Ix SERIF 7ML 452 1) (1 45 B4R J I T 75 Tl ¢
AbhaCo I I S5 R (T ARG 7 T, AL AR O L 454 o R R e AT AL o

4. ANTERERIPREI

EHER, B Al BOREE A A IR AW R, HWT FIRWI[13] [14] [49] [52], Al HORAEMSE
AR R AR LA AR IO AT 0, TANVE IS EAR . BRI B 5 2 NS BT
IS FFF AS FEE IR AR . i VAR R ZE R, JF AS [EE el 2 3RS 5K . (HILHT
FATAFAE— LR R 1) HAETHICg—HBdEE, B AL BORBIH T AS Gl — Mg 2R, 2 Ui se X
FRE W 2 AU A SRR AT B S DR A R R R 2) AL RN AS R R XU T
MR UG VS TS ARV B it — DA R SRR 2 AL RETD . SE s TRINAA R 2 H AT A 22
DRI 3) Al BRFENR RN F ATV AR BRI &L, A0 e~ 47 2B I B AL ORI AN AL BOR K Je
IRV 2R A8 A AR T AR R B )
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5. INESRE

B, B ALBORIIA RS AS PG R T RINLE, HEMTIAETFZ AR AL, FERE—PH

BERSEE . B, HATK Al BORESRMERR T VA 550, RRBEFUHR 588 5%k, TP
71 FRFAE B SO A RFAE o FLUC, Xt BRI A VY-l 75 222 5 25 1y o B 1) TS A2 M PR AT S RAIE A L
e, BIR ALEIRAE AS MR PRI 1 — & RS, (EH PSR HER IR A7AEAR 2 R, 4
PHSR M BB RS BEETETCIRN, AL BRI SRR AL BEE) 73 s SENAERT . € PP
K SEIAG B DA U AR U B AR = T 2 4% 5 AR ff 12 WA 3

EEWMHE
HER TR RS 2R H (2023MSXMO014) .
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