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RHAS. 5 DT AT LA PG R L4 o 327,
VR AL TEh e, DT Je—FPHim s, 4 b
T4 A [ 1 PR 5 ik R Ty 8 R 1) 2 S 1 45 SR
R A R, gt Bla . xHEdE RNk
TBURCATRRE), VAR AT RERA AR i L. R vi ik
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O 35 [ 7 AR B I, AR B R Rk
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RFBRIZEAAL, GRHKEE R 0.85 A 4% 0 0.45.
[AIRE, SshbkasREm L2380 1S AYXUK:, Bento 45
FIF SVM M —41L 54419 MRI H H 2750 T BA
HS KRR AL ) 2R, 25 RERR A 97.5% .
THURE N 96.4% . FESIEH 97.9%. Jung 5P
OB R AR T 754 949 R B E 1Y 65 N4k
FERRE, RN CIGeih2s . Rk A Fm s 5 B,
SKHH LR Hi5E 48 MNMFHIES 1S K4 HA G5
PESCHR, TR IR 2 KR T
GG 1S PR, & IHAhZE T AL (AUC)
A 0.727+0.003, &F CHA2DS2-VASc 43 AUC
(0.651+0.007) Aty ML Jrik. JikizK b2 1S J5 £ 2
I RHE, FET-% 5. Chen 252l RF BI04
HUBZ BRI T3], B3 RF HI00 =
IR BANT I, RF HERGR N 97.5%. 1 1S T+,
20 5y Jik A 5 — e R R S B A M FE R 2 —
Biswas 5 H T JETF 2 2% DL # cIMT il R 4%,
TESS | B PRI SR EOR BSR4 8, 55 2 Zkih ML
L SF-F S G P9 B S MBS TR i1 AL A cIMT
KA, 2% Menchon-Lara ZPHR T —Fh 4 H 5)
(A SR M, AR N T 22 ) 2 WG 75 55 08 3 ik R A%
HUBI N R SRR R B, YIRS 1.45s.
Kasabov 2V T 2 (7] w20 13 A ] 50 0 ) 4
PEAL AR, I (R o 28 X 5 KBRS EF T TS
U, HERIZEN 94%. Thornhill 25 CT 1
iR LR, XArshikok A b s 577 5h
FE AR, B T 5 ASSSI KR Sl P AR 1 E o
TEARFRATF.

ML "] DA BT RS AEA KR B A 1S

F A, MISEB 10, RRAIRAE b i & AR %R
JRERREE, N ERASRAEER IR S I DR SRy, D
= A AR I R H Al A BRAG YR AT B DOk . Bl
BRI AR A AL, ML B 2R
VBT e T A H JRUBSE %) MRS 1A A ] .

2.2 B bk P

MRIF CT /& IS ZWrny# k. ARV g2
IS Ar2Relii A SR U B A, ] AR ik 1)
WA, T 3R SRS, Peixoto ZEPTHEHY T Hri
FEWEXT IS AT, Fm DGy H i ANk il - 7Y
X4, AR 300 #3205 1) CT EZAEAR (100
BIEHFEA . 100 ] M AIFEA . 100 {5 i A
A, Sl SVM, ZJ2EAE . i/ haEI L.
2R 0 0 43 A R 235 g L B A S TR R,
rh A U MR SR S8 1S RS B
IAEITEE, 1S /3 2SHERTHT 1% 98.0%. De Souza %
LT CT M2V PR RS IE, IER T
IS 4325, RN LH 2% B oy B F e e B 50 i A
PLEE IR R SR, S5 RMENRIE 99.3%. Vargas
SN WA BUE, S TIRS CT REFER )
P22 R AR RN 85.8%.

ML 55—~ 0 FHR RS X A AR 3 4.
T RESE R, I AR, Bacchi 2505 i
B PR 2 O 24 RN T A 2 Do) 2 B A TR A R
HAE 24 h WA R R (GEE E L DARSERE), Tl
BRI E A 71.0%.

NTX IS WIS, Ry TH 1S 4325 H 5l
1k, Garg ZECUEH T ML 5 ARFISCAIE % 1S W
RI(TOAST)#EAT4328, FHL 5 N Tttt xt
L, & ILPEREE ML AYEH LR 1 XGBoost Ml 1%,
HIKZE GPT(Generative Pre-trained Transformer).
RF. SVM, /A& K 4Rk, Qu o L FuUiR
JEC A I S R T 2. T PRk . A 8l ML J5 i1 1S
TP 76 JRUBS: A 1 AR TR 2R 7R R 8 R R 5
FEAy N 91.0%F1 94.8%, AUC N 0.929(95% CI
0.900~0.958); Xif T~ H it P4 2 H XU BEITEAid () BUR% g
RS EE 030 93.0%A1 97.1%, AUC A 0.951
(95% C10.918~0.983).

AR I IS I AAEZ —, S HIE M BE A5
AT R K T, DRI A IR IS A8
IR 2 EE. Ge 224 LR, SVM F1 XGBoost
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FAR ST E BRI 2 M 25— 16 PR o0
TIWLHIEAT AR, S5 T2 T 1 G I
JG, IS J5 7d B AUC i 0.928, 14d WAY AUC ik
0.905. Al L, Sz ML £ ARAMH, DL #RI7E 1S
U] v VA <

Wang ZPWF5r 0, @i 3D BRI M4
M CT F1 CTA(CT I 5 5 AR )R RSB 2 1S
HIVER R IR, Wik 94.0%. Lu 258 290,
PR AR 22 25 13k i CT RRIE SR U 2
IS HATRERZ KA, AUC 4 0.830, REUE N
69.0% . FESEREH 98.2% . ERAIEH 89.9%. Stib 254
TE R T — iR JE 4 ol 22 o) 45 A TR0 Sfe G 1 22 A
CTA RIS P ZE, 45 AUC 24 0.890 ., R
JE 100%. Yang Z5°U%F DL &% (AD-CNNnet)
fdi 3L 3 CTA Al CTP(CT HEHBUR)45 &% 12 W
FHA IS WU N 93.7% . K E N 96.2%, Hi4h
R E S TEG Ik
2.3 SedpEEEP AR

Badesa %52 FH T LAN 3285 ARG vl i 400 R 52
RGN ST R, ML A 0 AR RO I AR A
PR R, G5RETMA SVM QRN

91.4%). XIS B3, W HF e 2 HE S,

DR A R T — A oleAar il 1S iy b
TG S E . Bochniewicz 25ROV il 2 (16 B T
i ) AT I P sk R A R, R S
PR EIEZE. G5 REIR, SLRAGEZIBIT IS &
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XS BRI AL R p RN A T ), T R — PR
AU R G0 T MES A FE S ST By mT
fE. Yu ZEPURH T — RO TR R )55 Y Fugl-
Meyer WEMMAR, (EH) 2 Finske &, BiEfi 7
BFRPIIRINAL RS, SEEE I B R T R,
RIS ST TG S L IR TS FDIREER bR, T
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B F AL TR, Im RN E PR S 0 45 2R
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FIFH ML A e Wl 14 25 (R 2285 25 i 4R
HEIHE, W DASE R B R I R ACRAS, il k
PR TTR, BREE T RI ELe P E R e, &
ARSI STk, ML i8] UGB F 2 A T H,
W LB S (VR) M58 B SE (AR B AR, AR EIA
HINZRI TR
24 BehHEPHRE

IS itk A T — TR IS Hh 7 A I e B I
VIS R Ak L3R Y i, Rz ik T Re S kAR %
RANEBIFE JAE CRERAE R HE 1M1). Wen Z527LR ] SVM
X116 51 1S Fe 35 (1) CT UG RS RERA: A 3 it FT0,
gEHL AUC N 0.744, H SVM PEBEDCTHIN T H
(SEDAN # HAT)-4r. K] ML ALl LA i 2
> CT FEUZ 4T IR B BT RETH S .

Ak, Hope Z:2FI I # H9 MRI BRSO
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SEFEFIRE, B2 RH LR, SVM 1 RF £0R
X} 313 AEBFEN) 15 BURLIRPRET TS, Rk
LR. SVM #1 RF fjF Barthel 358 5CIR S A1TESy, T
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PE NGS5, FahaEeAsn 1S P K C#
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ML J5 ik EAEAS P RRAE B T sk 1S
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ROURE | FRSF SRR TS ML EIRL. 0
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JUJ TR : (1)SE W5 . & 4 o i 4%,
FIIFH DL S WA= FRACHE, WL, Mk, Bk
I4E Sy IS B F RS e e RS TTAS Fo T,
PME T3 (252G 22 Wi B ARG e, K% DL 45
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RS . DL 764 3R A A [A) i s,
IR . AR RN | B 2R E LAs
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SR ()25 KR BLSFF . DL @R 84145
AP s RAESE, B R BUHT I 22 iR T 259
(6) ALk RY 3. DL o] LSRG PR o S 5

Y, RADETRBLR R R, H B AE
O R E BRI IR ()IE R BRYT SR RE A R
. B Y AAZ Sh R R A J, DL al
PASCRAmRE B AU e e e o, T IS AR
R AR B (8)HEA S HAR. DL 7ERE
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Application and prospect of machine learning in the diagnosis
and treatment of 1schemic stroke

XU Jinyan, LU Haoxuan, XIE Yanqing, JI Lili, HE Wenming
( The First Affiliated Hospital of Ningbo University, Ningbo 315020, China )

Abstract: Ischemic stroke leads to high mortality, high disability rate, and high recurrence rate. Missed
diagnoses and misdiagnoses are common. Computer-assisted technologies based on machine learning, by mining
features from medical texts and images are suggested to help doctors improve diagnostic and treatment
efficiency quickly and accurately. This review provides an overview of various machine learning methods and
research progress in predicting, diagnosing, treating, and prognosis of ischemic stroke. The review is also
summarized the future application of machine learning in the field of ischemic stroke for prediction, diagnosis,
developing personalized treatment plans, and optimizing medical resource allocation.

Key words: ischemic stroke; artificial intelligence; machine learning; imaging diagnosis; medical decision
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