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Application and challenges of deep learning in the intelligent
processing of medical images

Zuo Yan', Huang Gang®, Nie Shengdong'
1. School of Medical Instrument and Fool Engineering, University of Shanghai for Science and Technology, Shanghai 200093, China;
2. School of Medical Imaging , Shanghai University of Medicine and Health Sciences, Shanghai 201318, China

Abstract: The amount of medical imaging data is increasing rapidly every year. Although large-scale medical imaging data
pose considerable challenges to the work of clinicians, they also offer opportunities for improving disease diagnosis and
treatment models. Algorithms based on deep learning exhibit advantages over humans in processing big data, analyzing
complex and nondeterministic data, and delving into potential information that can be obtained from data. In recent years,
an increasing number of scholars have use deep learning to process and analyze medical image data, promoting the rapid
development of precision medicine and personalized medicine. The application of deep learning to medical image processing
and analysis, which are characterized by multiple diseases, modals, functions, and omics, is relatively extensive. To facil-
itate the further exploration and effective application of deep learning methods by researchers in the field of medical image
processing, this study systematically reviewed relevant research progress, expecting that such review will be beneficial for
researchers in this field. First, general thoughts and the current situation of the application of deep learning to medical ima-

ging were clarified from the perspective of deep learning applications to imaging genomics. Second, state-of-the-art ideas
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and methods and recent improvements in original deep learning methods were comprehensively described. Lastly, existing
problems in this field were highlighted and development trends were explored. In accordance with application status, the
application of deep learning to medical imaging was divided into three modules: intelligent diagnosis, response evaluation,
and prediction prognosis. The modules were subdivided into different diseases for summary, and the advantages and disad-
vantages of each deep learning method and existing problems and challenges were highlighted. In terms of intelligent diag-
nosis, the disadvantages of manual doctor diagnosis, such as heavy workload, subjective cognitive susceptibility, low effi-
ciency, and high misdiagnosis rate, are becoming increasingly evident due to the increasing complexity of medical imaging
information. The use of deep learning to interpret medical images and then comparing the results with other case records will
help doctors locate lesions and assist in diagnosis. Moreover, the burden of doctors and medical misjudgments can be effec-
tively reduced, improving the accuracy of diagnosis and treatment. Further research on the applications of deep learning and
computer vision technologies to radiography is a pressing task in the 21st century, particularly for diseases with high inci-
dence, such as brain and fundus disorders. In the follow-up study, we should focus on optimizing the generation of labels,
specifying precise pathological regions in medical images, and establishing a strong supervision model instead of a weak
one. In addition, deploying a cropping algorithm on a picture archiving and communication system platform will pave the
way to algorithm improvement and entry to the clinical environment. In terms of response evaluation, the pathological evalu-
ation of surgical specimens is the only reliable indicator of long-term tumor prognosis. However, these pathological data can
only be obtained after completing all preoperative and surgical treatments, and they cannot be used as a guide for adjusting
treatment. The development of noninvasive biomarkers with early prediction potential is important. At present, most rele-
vant studies have conducted analysis by using traditional machine learning algorithms or statistical methods. Biological and
clinical data extracted using medical imaging artificial intelligence programs designed by precision medicine researchers can
determine the level of lymphocyte infiltration into tumors, predict imaging omics indicators of the therapeutic effect of immu-
notherapy to patients, and guide chemoradiotherapy treatment. The realization and development of this technique are of con-
siderable clinical significance and deserve additional effort from researchers. With regard to prediction prognosis, imaging
markers can predict the mutation status of genes, the molecular categories that regulate the activity of treatment-related pro-
teins, and disease status and prognosis by using deep learning. Intelligent processing and analysis of medical images using
deep learning is noninvasive, repeatable, and inexpensive. In the succeeding research, the data fusion of different omics
should be completed to realize a link model of the reasoning mechanism based on content and semantics. Moreover, a fast
retrieval method for structured data should be established by using the correlation relationship among data to develop an
intelligent prediction model with high accuracy and strong robustness. Valuable research results and meaningful progress of
the intelligent processing and analysis of medical images based on deep learning have been obtained; however, they have
not been widely used in the clinical setting. In-depth research on deep learning theories and methods should be conducted
further. In particular, the acquisition of a large number of high-quality labeled imaging cases, multicenter research and ver-
ification, the visualization of the decision-making process and diagnosis basis, and the establishment of a tripartite evalua-
tion system are critical. Moreover, the development of intelligent medical imaging requires the fusion of big data and medi-
cal imaging technologies, clinical experience and multiomics big data, and artificial intelligence and medical imaging capa-
bilities. Medical problems and clinical results should be used as guides to realize micro/macro system precision micro-
closed-loop research for solving practical clinical problems, such as accurate tumor segmentation before, during, and after
surgery; intelligent disease diagnosis; and noninvasive tracking of treatment effect, treatment response, and disease status.

Key words: medical imaging processing; artificial intelligence; deep learning; imaging genomics; precision medicine
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BREALHLS Syt rh b M 2 A A 2 R EHR B T
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GRS s

BEXFHR SR AZ , B VR BE 27 ) $ i T —Fh A 3h
ARG HRJE P15 Foll B o 400 D) J5 9 72 R DA B o BRE 7K
ik ) B R R I A TE A i A R A R R X
(Gulshan %2016 ; Ting %5 ,2017) ,{H i1 T ZrAEA
KA TR BRI, Toi b 3K Z AR BB A T8
EPRIR AR, A REAUE SR S IR A . Ker-
many 55 A (2018) $2 3 TR B 24 3 i B R 4
%% Inception V3 B AYFIIT %27 > (transfer learning,
TL) RS Wi a | F TR 14 5326, I ) L 38 fili
RZW EEIE TIZBR Rz AL RE, 523 1 Rb 9
FEMN TR RERS TR S P04 RS AL A ZhRE . 5
X BRI, Esteva S5 A (2017 ) fiff 1 45 R0 22 19 45
Inception V3 X B2 Bk g AR A7 53 25, HE B 2% 3k %)
91% , A 5 EA IS, X, Coudray 6 A
(2018) fsi HIiE#&2% > Fl Inception V3 BEARLXS{E /N4
M/ 4% ( non-small cell lung cancer, NSCLC ) ¥ B €]
BT I B R AR W IR B 7 S BB W] L) SRy % 5
AR R AL R R O 10 6 A S 2 B R 58 A
R RIS REIRTT P A T R, B X IR
Choi F1 Jin (2018 ) $ Hj — 7 TR B 35 UM 22 [ 2%, {if
FH'S F-I5 5808 4 B (" F-Fluorodeoxyglucose , " F-FDG)
PET ( positron emission tomography ) 115 v fy 751 0] B
IR IR FCAE ( Alzheimer” s disease , AD) F152 A
FNFERS (mild cognitive impairment, MCI) 2, 7] LA
S IR ROARIT 2 . Lee %A (2019) 124
IINFE A Sk B 1 55 AL T )2 49 4 ( computed  tomo-
graphy , CT) UL B i N T8 RE12 Wi F- 5, 12 Wi il iy
Hh ARG AR RE 5 AR IR R . 1P B I /MR
B 0 1 R AL B R T IR 2 2D REAS B[R] R
Pt FE SAZ W i AT A e T N TR RERE Y
TR BT S, T LU DR N AT BA IR
FNTAERESCEL 1 4 S e A v R P RE X A
Zy/A) I (Lin 25,2019) o BEXHH AP SE R, th T
B2 R g i b TR RO AR | R AR R TR
B9 — BE T I LR PR AR, %I, Xie 45 A (2019) 42
T —Fp 3 T 2 0 A FR P8 R] (multi-view knowl-
edge-based collaborative, MV-KBC) TR 24 S A i
J11 ResNet-50 W25 5] i & CT &I 450 247 fili 4557 R %

P e BRI WAL T A i bk (05 % . BER A
TR RER e dUR I, W 20 BRI EAEE AL BORE
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7K ( Christopher 55,2018 ) , Rosenblatt (1957 ) $2 tH
25 25 (1) B A B HITAIL ( perceptron ) 520 fH 42 80 4FAR,
Fukushiba 55 A (1980) £ ) —Fif 22 22 9 1y it 22 160 2%
P2 NI ( neocognitron ) ; LeCun 558 A (1998 ) B IX
Peih Z 2 Q1S TR 454 LeNet; Krizhevsky 55 A
(2012) $2 ) AlexNet, iX Z—14> 8 JZ TR T2
2%, WIS IR R Iy IS — 2R JE P28 45k 1Y
PR 5 —RIE MR IR A

X 4% 45 K ) P L ) Lin 25 A (2013) 42
NIN( network in network) ,(#E)" T 1 x I BJEFREH;
2014 4F Google #£ ) Inception V1 P& v L &2 HE
B9 H & 2k, A5 2 4F ILSVRC ( ImageNet Large
Scale Visual Recognition Challenge ) It 7% 7 %%
(Szegedy %5,2015) ; 2015 4 Google $#2 i Inception
V2 W45 ff LIS — 1k (batch normalization ) J572: K
RN T IRt B, R 4R T T R 28 M BE (Toffe 55,
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zation in small convolutions ) FJEAR | 43 K R ST
RZA/NERUI R 1 4B P Inception V3 (4%
(Szegedy %%,2016)

XTI 4% TR B A AL, 2014 4F A HER 2
Google DeepMind A F] & VGGNet (visual geometry
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A, HMZERE Z ik 19 2 (Simonyan 55, 2014)
2015 F it ) ResNet (residual neural network ) ,
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HOJR G T IH — Ak, I 25 B0 2 A 1 A
LS (identity mapping ) B T ( preactivate ) , BT
M ResNet V2 ( He %, 2015, 2016) , 2016 4F Google
$2& i Inception V4  Inception-ResNet V1 Fll Inception-
ResNet V2 %% G BIAS 5] A 5% 22 45 04t g 3k 2
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i, 2T 3D-CNN(3 dimensional-convolutional neural
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FE R AR B2 BUR A UM B 42 1 HEAT BIE,

Xt FLIR I8 | Ferreira 26 A (2018) | F Incep-
tion ResNet V2 %% 1 TL Xt L R 55 100 % 2R K 4% ok
T19326 0 FL M 2 R W) 0 A7 B B AR T . BAE
RNt B b, 2L 400G Y ) 90 20E 0 A 1Y o
PRI AR T S5 /i © 00T PP Al A9 BoE 4R . S 2RO
rh, AT DR H— S 5 W R s A ok UG L )
ZRTVUR /D 5 pl 2 T, 380 T 56k A 5k ) ER
Bdat | PEIBOM B M B R Y B s B R0 51 A S8 LB iR
FIE AR AR

W AR BE 27 21 AR 8 R A R T
AR — 2B W58 IEAE AT v, U B %0 i R A
MRV 720 45 o A R 0 , i R 38 7 SR g
WA B, Pe AW SR 25 09 A2 il TR B2 2
PG rh i g 3 DXl 7 i B A R AN 2 55 1A
B Y I B Bk T AR R R A R ALE (R R 5
(picture archiving and communication system, PACS)

B N RE I A IR RIS S AR, K1

I PRS2 BR PR IR TR A TR B2 W RO, B 5 xT

®1 REFIEEZZBGERSEHNEA

Table 1 Application of deep learning in intelligent diagnosis of medical imaging

SCHR e W R s W Tk MR 4 3

VGGI16 .ResNet-50
Inception-V3 |
Inception-ResNet-V2

RAGE J 98% 92% , FrSEPER 95% |

Al 1300 B CT 05% k15 HOH RHEE AR )

Lee %% A\.(2019)

AUC F8FRE T REHLZR AR SVM | DL -y

Coudray %% A (2018) NSCLC S HE{R  TL + CNN(Inception V3) o
Christopher %5 A (2018) iPSCs BRI CNN(LeNet + AlexNet) Fl-score FIERTZRS 54 0. 90 H195%
52 690 AUC K 92.78% .93.83% ,97.45% , It
Lee 5 A (2017) AI\TD 4861 [pf OCT 1% CNN(VGG16) W& 87.63% .88.98% ,93.45% , i
" JRHE VA FAE 4350 92. 64% 93, 69%
AMD 400 i
4 0.94 SEHPREREE N 0. 91,44
Schlegl &5 A (2018) DME 400 4 OCT K14 fully automated deep learning %[;?jj;é) :j’q: IR 0.91, 9 H
RVO 400 £ Mt
. p TRV HR S G 8540 12 TL + CNN(VGG16, i8> 454 ResNet50 £ K1 fi§ AUC
Christopher %5 A.(2018) (n = 14 822) OCT [Eif% Inception V3 ResNet50) > 0. 91 , B i 25 T H At i A5 A 700
; AUC 0. 96, F-HfEN 247 88.3% (R
SR 20 IR B ’ I
Aubreville 5 A (2017) PRGN AL P 2 R EG CNN B 86. 6% , 45 FE 90% ), T H A

&3 7 894 g AT

Titano 25 A\ (2018) 37 236 W& L H 8 CT 3D-CNN + NLP PR YT B T Tl e 4 AR
. S35 PET 1 MRI {8 18 5 P 2% 3217
ey
Shi %5 A\ (2018) ADNI PET + MRI DPN(MM-SDPN) G, 52 B4 0 RS S A
o VREES2 3] BB JEL A BB AR I HER 4%
ot 4 :
Jun A(2018) 55 SR M AR B MEI CNN 51147.0.970 8 0.943 7, UL 100%
ilZ o I EA e
Ferreira 28 A\ (2018) FUNRIE JRFREE  Inception ResNet V2 + TL VIZESE SEULAR DA 500 ]y

0.99.0.93.0.90, H &S E H 0. 76
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% FALHE 5 P I, NSCLC ( non-small cell lung
cancer) , AMD (age-related macular degeneration) ,DME
(diabetic macular edema) ,RVO ( retinal vein obstruc-
tion) \ADNI( Alzheimer’ s disease neuroimaging initia-
tive) 55, WF 58 B2 T B AL HE CT s BELATR L OCT
(optical coherence tomography ) Fl15 % il 58 7 ik &
A S VGG16 , ResNet-50 InceptionV3 | Inception-
ResNet-V2  3D-CNN + NLP ( natural language pro-
cessing) 5 PEAM 48 B 3 E R F AUC (area under
curve) .

2.2 REFIEFHEETHNEA

FARBRAS A BEIEAN 2 -5 13 e FUf5 A OC Y
ME—TTEERR bR, (ER X S0 AU A TE 52 iU
A RIARFNGIT T ARG A GEIRAT, A REAE VI8 B 6
SRS, TR BAT LN ) AR R AV Y
PR B OCH 2 HORB 2 iR R B, L A
FAUZ [A] YOG Z2 0 S AT DA R 20 224 e 38 ik R
8¢ AR IE TT LUAE S A 20 3% s PRAH G 2
B, BUE 67 RCR T RRE R LR R S )
( Vardhanabhuti 11 Kuo,2018) . BF58 28, Al LAt
TRTT R I AR R VA e 28 3 AR T T R8OR
5097 SOV 48 R KIAYT (Fave 55 ,2017)

Xt Bl #5295 , Coroller %5 A (2016) BF5E T 9E
/NG TR g R B AT 7 S RS AR S i
FRAYAH G | RIS AR FRAE g B i i s S8 #0697 )5
P8 Jen e 2 B 1 D0 T e S0 1 O

XFF H 9, Sun 55 A (2018 ) I #E 19 CT
EUR IR N T GEF & n] LAER T A2 e P se T
ZAK 1 ( programmed cell death protein 1,PD-1) /i
FIBIRIFRCR , #E— 2 W T AR 7 K12 5 CD8
200 B 1) R DR R R E g v R L 0 i ) K b
T o PE RIS IR YT I IR R A R Z R IR & . (H
B TR AR S, FEREA R D W
B RBLATHEPE DTS B4 T 7 — 20 A PP Al R B IR 2
o TR E RIS s AR TR S
FAVEAEBN S b HE R T 3 Al iR e R A Y
B SN B G 928 e T B W b SR B HEAT I . Bl
Xof Jiev e 1T J5 452 B RE AIF 5 118 A B i R | 2R Ok 1) iy
BEPERTSE AT LAG I 3 Fh G e BU B (A S Y 2
PR N T REF- 15 Ay T 25 SR EA T 3AIE

Nie % A (2016) §i th Z2 250 MRI 1E 7 =38 e
W R AR AL T e BN o B AR

(BTS2 R B () B8 R AR X PRSI T4 74 T ) T Al
VP, P FHAR LM e V5L B X 4 B K dhs kA7 4%
GERILRNEGETT 737, Bibault 4% A (2018 ) #5717 —
MNREEFZ 2% ( deep neural network , DNN ) 3R Fi il
BB TALST 5 W 58 4 BN, A Bl T MR AL £
38 TR TT ARG PEVIRR

XoF TR AE 45 B, Oakden-Rayner %5 A (2017) %
BT TAEGERAR A A R S ORI 28 I 2% 7
EXTAEAF I A ROR . GRS R 4%
TR IR R J32 AR 0 A 0000 A A T 0 1 28R L i
T ABAESS A R AR DG A I RAFAE 5, F0000 oAt 38 K
MEHETE, Ypsilantis 25 A (2015) W FH 3D H B2 )
LR RS 27 2 7 4R PET MR TR B2 B AE , SR
IO FH AT X BRANGG S PR AR AR e 0T V5, R U Ay
R TRERFAIL | RETING T £ I 25 M AT 25k

R L U R 22 2 A P AR GE R LA 25 > 330
B GO R IEAT RS TR 57 2 (8 2 AR L
A BRTIT N TR RE e s AR S RS HE B2 o HAT AR 5
AIRIESE RIS o AT TTRH I B R~ s (RN T B
e, SEBAR W Al PR A 2L Y A Sl I e bk 2
AR K O RE A R S I T IR T AR
(I SEAR A 2E AR R R U, DL R R AR 7 IR 9T B Ak 4
S EEHIRERAEZHE 1, 2 TRk 1T
JEE 27 2T AR RATAS TP B R 580 AL A5 s | B
s AR A IF TS T A AR MR S RO R 2
AR R ANN ( artificial neural network ) UL & SVM
(support vector machine ) %5,
2.3 REZSEWMNTE A

AR EE 27 2 B 7 vk, il i s R 2 e bnic vl LAl
DU PR 8 SEAR IR, F50I 3] 15 36 97 AH SC 2 TG 1 1Y
3K RO o IR SRS A 0, A To I
A E S RN B AR AR

X FRZAGIE 1%, Rios 55 A (2017) 2 3 3
W52 A g A R R BURHIE B T AR |
B Fb %5 v 1 b ) W 3% 7 A4 K IR T 52 4K (epidermal
growth factor receptor, EGFR) [ 3% [F 8 A MR 2 | W52
BeFbRic S il R B ES 5 5255 TN R ) 5CR
WAR B . Hosny 55 A (2018 ) LT 3D 5 28 [ 2%
IR N7 R B B p BRI 2 > K BE A
FRBHE 50 TR B RIBGEA ., Wang 55 A(2019) 42
Hh TR R A T AR AL | 38 Aok AR AR A F 0 i i
T EGFR IUZRARIRES S RL KT T CT FRAE e
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$26% /520 /2021 2 8 g, BN, BEFR / REFITEEFREEEERINNASHEE

I RAFAEA 252G, H EGFR RSB AT AE R MR RR 2 1T 2 A e X,

K2 REFIETHTEPHER

Table 2 Application of deep learning in response evaluation of medical imaging

ik g4 WFIEREAS WoE ik TSRS
LRPETR AN | ‘
Fave 4 A.(2017) W cr PRI o ki
T PCR ( pathologic complete response ) ¥ i
Nie % A (2016) JR T 0 B 48 15 MRI ANN I AUC 24 0. 84, il GR( good response ) %
f; AUC 4 0. 89

Ypsilantis 8¢ A (2015) B 107 4 PET

Bibault 5 A (2018) RERuEd s e 90 il CT

3S-CNN

SVM + DNN

B RO R 80.7% , T ¥ AR S R
81. 6% , i T HoAh i 4w 1

DNN T 52 420 157 A VERR 2R 0 80% , I T-4&
P [ YR (69. 5% ) Al SVM BEAL (71, 58% )

BEXT BB, Yu 55 N (2018) 8 Hi 3 T 44 5%
S BN R | b A e A E S AR MR
()2 A Ak S S0 ASE A 1 JHF 27 4 Ak 23 35 0% A 2
WO AT RE

B I 5 %59 , Ding 2% A (2019) & F* F-FDG
PET R IF & FHEE T —Fh 3T Inception V3 ] 2%
5k, AT LA iEAT AD R MCI (2 Wi, Lao % A
(2017 ) 3L IE RS 2% ) X R B 2848 MRI $2 LR 2
FEAE R A B 52 AR 2H e R T T 220 I o
RR2H M R B SR A A, Li SR N (2017) AL
A B A AR 28 00 28 S BP0 531 Je S S8 8 ) 22 A6
A& MRI R IR BEAE B, JF 000 S 47468 R S0 it 1
(isocitrate dehydrogenase 1,IDHI) JZEASIRES

XA AR 4 2%, A PET-CT 42 UM
SRR IR R A — BT AR E bR,
TGS G AR G SAGR L 2= SO R S8 1] AL AR A
RS hy BALL iR RN R S5 1Y O U 0 48 BR
(Hao %%,2018) ,""F-FDG PET 7 $ {14 e fip 1% Bk 7
{5 B ( standardized uptake value maximum, SUV-
max ) [ [F] A, FC=F & A0 S0 BRARRAE e 000 A8 2 T
1717 L33k 26 2 FEAFAE (14 12 W 28 RE AT RE I T SUVmax
AL RAF ST & B, I FH ' F-FDG PET/CT 1R
AR REXT AR B AE K F 524K 2 (human epider-
mal growth factor receptor-2, HER2) . FLR i & i A
(Lactate Dehydrogenase A, LDHA ) &5 AH G KL A )
FIRHEAT R VT, F T 4t AR %) 22 B2 v 43 8
Or T RTINS W 7R TS W R AT
ATEER) 3BT B (Chen 75,2016,2017h,2019) , &
1, H G X 52 86 5 5 F 5 15 BRI EZ

oA W B, BE A T B b A o AR 22 AR
SE RS (I SUVmax ) 19T REAH XS 51— {5 45 10
B Z ALBE X SIS AT B A O, ToEE 404y
FIHARE 1 T8 MR 8 B 52 0 55 Rk ey
ARG 19 R G800 B R B2 32 4 1 LR 52
BT KV 25 1 AR BE VP I R A A e 1) G
R,

e S AT LT 2o 2 14
B 2 S AG U R AT W o 25 B SO B0 T v 9sg 73
) AR A S R AR AR I, 3 i B R 26 4B AR AR
T 1B 23 BT PR BE I 26 2 2] | 58 AN [R1 20 27 1
Bl G e T N A 518 SRR HLOCIR R AL,
It HA G ) (4 JC IR 5 2, At Sr 254 AL R 30 1y R
B R T, S HERA T R R %) R R T A5
R, 2R3 PRI A 1R B > TE U U b
FH BTN G A4 it g | s i 9 0 BRUF 55, I 7 vk
AFEIR 2~ > H sh & 1k . CNN, MLR ( multinomial
logistic regression ) Al RF ( random forest) 4 ,

3 EEkRE

gi BT AT LR RS 5 T R BB WY T Ak
PG NI 15 255 1 AR 7S H SR, M AE BT T
Az v IR T R ) S A R S N 4
TR B AT AR SR B R RS, SR, B BE R~ AR
o R R S R IHAE AR VR 2 ), 1) il /b g Tt
EARERUIZREEAS . H AT TR 7 ) AR
JEA B ) RIS 2R EORE B AR i i U 2R
B (HUEARIC R 2 B O 22 A 1) Ll R FEIFE
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x£3 REFIEMNTE SRR
Table 3 Application of deep learning in prediction prognostic of medical imaging
SCHR VIFIWIE R R T 45 3
BEACHETR HI BT EGFR AU 22 IR 2, AUC =
Rios Velazquez 55 A (2017) 709 filiigeE CT FE2E S A ahi b 0. 69 82 bnid S IR IR BRI 45 & &5 &
TR A AUC A 0. 75
P AFEHLI T A B2 TRIE 2 ) W 2 AT 3R /> 4t M i s 28 25 58
Hosny % A (2018) [ CT 3D CNN + TL PR R A
T + 5 + RS B EBATH (n =
Wang % A (2019) 844 191 AT it o s B CNN 603), AUC = 0.85; £ it 37 5 UE BA 51 o
AT (n = 241) ,AUC = 0.81
. " ANN, AlexNet, AlexNet A AUC = 0.85 ~ 0.95, ANN
Yu %A (2018) R 100 f4i ik MLR.SVM.RF  AUC = 0.87 ~ 1.00
AR AR T IPAE HUN AD FeZCm IR 2 Wi
Ding % A (2019) AD + MCI BF-FDG PET  Inception V3 I, AUC Jy 0.98, R Ny 100% |, 45 5
9 82%
Lao 5§ A (2017) LIRS 2828 MRTL TL + LASSO AT TR & 304 S A A2 1)
AHFEE 45 T, 8 RS 4124 7 5 AUC
Li % A(2017) EMRER 151 1 MRI Wiy oy ) 86% FUH DLR 9 AUC Jy 92% o T2

B A MRI 9 DLR ( deep learning-based
radiomics ) ¥ B IDH1 f9 AUC 425 %) 95%

T3, A TP A (U R B A AR $h i /D> o 22
A — B 8/ NFEABAE N 5 11 R BB AR AR R 15
S PRI T M 22 04 TR R M LA I DR 2% A6 RN R
AT, 2) HET 0 2 T R 2 ) AR ALK TH
AR AL P 2R G EFZ AL AR L, 3) %
AR 2B R DR BE AR A SR 7 A X B BT IR B
B (R E 2 55 = i IR R . H TR 2% 2
J7 5 B R R 43 2 DA S UE TR B 2 2 | itk B T
B2 AR TR BRIZ T T RGP AL | SR T LK i
Jed 3 F ) RSCR I TRABI N B2 27 s AR 2 2
() 2 et DA g S TP LA R v o 7 2 18 2 AT R 1)
25 5k TE VA AR PR 5 i 2 208 Ak 5 T A R TH AR R
B XA B R A 2 R E 2R, 4)
F A2 i 21 i 14 i A D TR X e S e R ) R
28, RIS R TR B 27 2 15 B Y B A A A - PRI -7
R , PR S FE S, AR 22
TnAnpfigp ke b AR [R)RICKE O H TR A, B
J6, BT UIZRAEAS D (1 [a] i, a] LISk T TL A2 Ot
%% ( generative adversarial nets, GAN ) 55 %5 4} 14 5
T AL B 22 W52 7E—E R B AR AR A
AEAESCRIRM R, S86E% BALT S
Wz p s M B 55T . HIR B X
R R R A R, B AR A | BE £ B 5 R

(1 AT 55 B RDRE 28 U AT 55 B, Mask R-CNN
AR P AR, A i A SR AL 18 B R
WFTERAT, o dRJ TR L foT P o 81 o 1) 2 B 22
PO 2845 L 18 285 SR [0 4% %) ] figp R R 5 2, B
[ TR J S 0F 5 AT (SO A R A 48 BBy B 1o ]
R 22 O 28 A5 A P P B Ve Bl 5 5 ) B 124
Jr b B [RIE 39T BT ST MR N TR R B Y
P e A W R rT AL LA ] g ek, T
REEA 2] 7R R RESCAR VTG 5 0B Mk i £
LA ARG I AR (U AT AL A 1) i P R P 427
AIEE & REAERT HE T 0 A J rh AP s A

4 % B

N T e A T BT — T RILy T AR
R MRS e BT A A AL B 0 B T, Ko
T EL BRI SRR I B AR B £ T O B RS
VR 1 BRI W AR HE 0 AT ORAL B8 = P A & i1
H SN, AN, AR IR AR I R SR AT
TR AR N 2 AR B AR 1 TR HE A I PR 22
U 5 2 22 FBAR RS N T B A R 2
(RN TR T T2 L 5 25 i S0 LI PR 45 5 R 5
T, S0 MU — 22 W — 2 55— 5 VR AOUR ) ) 3 =0
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