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ABSTRACT —— Computer-aided diagnoses (CADs) of lung cancer have been studied for a long time. However, the
development of a highly accurate CAD for lung cancer has been difficult due to the difficulty of determining ap-
propriate features for various opacities. With the advent of deep learning, the core technology of the third artifi-
cial intelligence (AI) boom, it has now become possible to develop CAD systems with higher accuracy and a more
general purpose, and expectations concerning the utility of CADs, such as lung cancer detection and differentia-
tion, are increasing. In addition, research on radiomics and radiogenomics, which integrate non-imaging informa-
tion with imaging information, is ramping up. Many companies are actively developing CAD systems; however,
they are not yet fully practical. One issue is that Al cannot explain the diagnostic process, so research on Al that
can explain the reason for the diagnosis is important. Five years ago, the possibility of AI replacing radiologists
was widely discussed. However, at present, the shortage of radiologists has become a problem. In order for Al to
be useful in lung cancer imaging in the future, not only the technical aspects of Al development but also the re-
sponse of physicians who accept it are required.
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Al DESH

NLHEE (artificial intelligence : AI) &%, AB O
DAY ZREET] (FIRE) ZHEMMICEY IREH &3 0%
EFE S NG, AL, BUEICELEF T3 DT —
L EHEER LT 5 A%, 2010 LD S BIFEICE S £ Tt
TW2HEIRALI 7 — A 1353 (machine learn-
ing) O LE Vb, ZOB0 7% FEl x5S H
(deep learning) T 5. MR T Al O—3 1 TH D,
B8 oL & vwbit b Samuel (2 XU, [THRGIZT
U7 I5% Ll CHFEETIRNEI 22— ITh
Z AR | & SN TV A B IEREX— L7 1
WE R EICHOWLNT WSS, BREEICB W TEELR
DOFEN AR E KIEN MG - FELEOTFT— I L
T, BRZFOZ Z AT L7 VT XALTHY
B R— b2 ¥ —=< T~ (support vector machine) % 5
N7+ LA B (random forest) 7z EA5ZF DGR %
FEThH 5.

R E W O — 58 Th L H, KIRKRFD
Fukushima {2 X ) 1980 fFLHIC A+ a7 = & LT
R N-REREY - ZRbEN/ATL=2—F V% v |k
T—=BH OB LI h>TWE L xFar=rar
EBEOEAAAA =2 —F VA Y FT—2 (convolu-
tional neural network : CNN) & (21T UMk 2 385, ¢
TRk SIZB VW TE VI EEZ R L. =2 —F L
F v b —20%, WRBE W T O E AR B 5
FREZ SICH W S 7228, 2 a2 o A Fei IS [ E A3
Fv 7 e fibh Ry, L0 EZAR 2T L L
Trodz. LALEDS, IS ORI LTikx ik
W R fRPIEATRENI2Z R, £ v =%y FPO¥R
CEDKRBOF—FHPFHATEL L) ITh-702 L, B
&2 OFHE & B EICFEAT S B 728 @D graphics process-
ing unit (GPU) Z# FREICFIHTE L L H Ik -722 & T,
RESINZ XHh o7

WREEEPTFEEASNDL EoNTE o701,
2012 4@ ImageNet Large Scale Visual Recognition
Challenge (ILSVRC) & XIEh 2 KBE 2 MW{%T — %
N—=ZAzZHWHRGHI T A e ENbH05, Zoa
YT AT HRE Y RO Hinton 5D F — A8 gD
CNN Z W<, 2P TOF—21210% L EDKEE
DIFCTHEB L. F072012 2 N LIFEIE CNN A 52
WRICBIAT 777 VA U —FERoTWSE, E5
12, 2015 4F @ ILSVRC 2 B \v» T i& Microsoft Research
Asia O F — A AHS152 & > CNN %z H v Tk Bl % 3.6%
IR L7228, SAUI A OGN 51% & Tl % & v
IRERE R S5 TWD. DX HIZ CNN & HAREHR 54
B L TIRBEIC AW ofi#kse 12 Lo Tnb & i,

[ REE W 12 3515 2 W22 801 72 &712 22 o0 v o T 158k 1)
BEAAIRE SN Cna. 512, MRS CTldZe <
WA, IR, R 2 &1 B IS H #EPH A%
RS> T 5.

Al 12 & BEDERS KNS E

CT R MRI %61 72 & o WG4 W B 87 o HE 20k T v il il
75 W 0 SR IS 0 R 25 KR o CTHHIE ] TR T E B L ) Ik
D, MEOERZWICEHIRL TWa. L2 Lads, o
D EDWRBWEOHBEZINSETE Y, W{RSH
EOAMHBFL BN EoOm L2 AL L Tcar¥a—
% & W72 RS W SR I 3 B IR S L AF7E D3 T b i T
X7

Mg EBHLAE X BB R CT 7 & O MRZB WIS BV THK
25 % RIS ET L 724 REZ RIS > P ¥ =4 »
ELTRRTAHEHMERA-THDELT, T Ea—F
S W (computer-aided diagnosis : CAD) 28 &
TW5.CAD Oz a v ¥ a— 12X 5 HEZ K Tl
RN R E 2 v FA Y= F v & LTl wiEc
AT 5 ZBBWCTH S HIIH D, 1998 4EIC 1T KR E D
R2 Technology (3{ Hologic) fLOFLyEkeH CAD 23K
MRS (FDA) O %1% T, CAD 2SBI{RESWTIEE
PORWVIZIEHZHLED S X H 2% - 72. CAD OWigtix %
DEDBFEA RIRBRES ) 57 14 2% L LTiibhTw
05, MiE7 EoMEREE R E LTERTHR LT
WLHLDIEHFE Y LZVONENETHL., ZOFHE LT
1%, CAD Dk 3B v TR ZE R i O WG AT R R T A
WHETH 0%, SHEEIRIEE /Y — &2 S iipe i
R LTI, BISEEMTHEYIC NS OB DR 23
52 EDREERVERETH S I EARMEN TN S,

BRI B HIHER DB ET & PJUE i S o, R
BT B 720 O ORENCE LT, RESE DT
DM BT A TIT D LEED D B DITH L
T, WEFETIZT ¥ — F T B Rl
A EEZR T TH L. 7ok 20X, BRSNS BV Thligg o &
P ROOEDTHDH A F 25D MEZEHITL LD
ET LA, TORHMEI Y-S IZbRrb LD
WCEBALT H LB H L. T2, FU XD L%
FORBEZRMAE L IZED X HIZHED O b WIS KR
ELZRFIE % 57w, 20X 2o RN
HIZE D CAD OMRER ET 2 HERIERHXTH %725,
BIFEICBII 2 IAKDOR MLV A Y 7 THY, BEEFEHICX
D INDRBEENZ LIFWPN e 7L —27 AV —T
& o 72 (Figurel).
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Figure 1.
ing features design is not necessary, so a diagnosis based on images can be performed directly.

9 EiE, WRBWIEIZE > THEOSWEE R Y X7
THb. TODMiEHOMNZ1T5 CAD OWF% - B

FEDREANATON T E /2 WHRIZB U 2R o7 —
<ICBI L Tl AEhEfE e & T2 e TV T R A DHRE
ENTWED, PISFRE S N/=DIT 2013 4EICE W L 7=
regions with CNN features (R-CNN)3 < & %. R-CNN
ZBWTIE, MR OGN 7 7 2T v IS 2ED
EHZE  OMEBEMIEIB OB EIT TS, IS5
RBE IS —E DO RE STV A XENCNNIZ XD
TR AT b T, RN OWARNL B E S R S b,
PERT-LCTIIAEAMIBEICE L2 0, SFEIRBRIMIIZIE F
DIAATWZZ D T BE20E, /ST & FCHET % ke
BT ATNITY) AL T LRTBZULENH-72. F72
FEHIOMEREIZETH Y, AELERGEROMEICT
NDITT AR EICHLTH, TN 720D 7
VT AL % TRT ZBUEDD > 72h5, R-CNN % w7z
FHETIIZIDI) B LRPAETHH I EITLD, L
TG ZE SRS % CAD 28— IR 5 2 & A8
WHETH S (Figure 2).4

ffEEi O R B M - MBS E

Jili il £ o0 MBI HREIR TIX & < @89 5 1E
THAH. AFdEE s & L T speeded up robust features
(SURF) % HwvCREWSHEZAT 5 72ERTFLEOWE I

284

In previous CADs, the imaging feature design was important. However, in CADs using CNN, the imag-

55% &\ ) T ¥ F A GBI EITIZED S vkl
Ho72DIZH L, CNN &2 HW7=8513 86% & v 9 v
AR ONTED, SHICREEEEEZh TN
solid ¥ 4 7 & sub-solid ¥ £ 24T 72356 1%, HEkT
HETIE25% T ¥ ARBIRELDL VDI LT,
CNN Z W 7285613 58% &, TERTFFITHTE VR
BEEDF H N7z 5

F 72 I Z RTINS 2 o720, ZIRILD A
TG % A7z CNN I X 2 WGP GHTH 5 & &
%2 B 1 4. The Lung Image Database Consortium and
Image Database Resource Initiative (LIDC-IDRI) ® g
% 72 il B oo BB SIC 81T B 3 43 EIZE A MREE D
FEAL 794+£35% TH O, BHHRAFE ORI & X < —3
T DR H N2 6 ZIRICIR % FH > 72 AT L34
EREFHIT 2720 T HRTFETH L L VR 50, =
KITH{R%E AJ13 52 LIFRS5N72 GPU 2 €Y ETlX
FIHOAMPIRE VI &R, BERPH 1T 720D FiH|
FERETFTUDVPHHATELWLEEDT XY v b5, Z
D7z, axial, coronal, sagittal 7 & D% D5 DK
HHZ ANERE L THWS R T RENTY
5.7

Fili 5 8 O B RRIg 4k o

2015 412 DeconvNet8 2%, 2016 4£12 1% V-Net? 253 %
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Nodule
Determination

Region
Proposals

Figure 2. Lung nodule detection using R-CNN. The first step is the region proposals, which generates a large num-
ber of candidate regions based on shading and texture information. The next step is the nodule determination. Image
features are extracted from a large number of nodule candidate regions using CNN, and the nodule is determined
based on these features.

Image decode
and mapping

Image encode

Output
image

Input
image

Figure 3. Lung nodule segmentation. In the segmentation model, the image encode step extracts the features of the
object, while the image decode and mapping step uses the features to create a region map. Since the corresponding
feature maps of the first and second steps are connected, location information can be included when recovering the

image.

ENTVEA, Wb ERodEgMmtZ Bme LTw
%. DeconvNet (XMW {§54H TH 72 CNN & [7] U < 72
#8431% convolution network T ) x5 D Frf = O i
24T 9 A5, #4585 @ deconvolution network Tl Z @
F#axd W Tl ~ v 7OEk b s, 72 V-
Net i, U-Net!0 & [WARICEHEGROFEBMm 2 By e L
TRESNI-THETH L. FEHHEGE U CTRETBEHE
DIEDD LT /T = a yENTWEE Y,
iz e LC128x128x64 MFRICY Y s hzdb o
% AJ1 LT, DeconvNet & V-Net % Jfj v CHilif i o> 538k
I 247 o 728201, BERREC L2 7 /75— 9 >
L X —3 L, dice R TIZZEN M 0.740 £0.012, 0.810
+0.016 & BRUF R 2R 87z (Figure 3). 1112

Fhi#5 &0 O radiomics/radiogenomics

2015 4P 24 IF D F 2N~ oK E K e 0 — M O 12
BT “Precision Medicine Initiative” 23%F& S, 13 [
FMNCERE R EETEZRBIRT A W) F—F— 2 A

FiEHEANEH 2 £ T 5. Personalized medicine (&8
PTGk % 2 BRITE R 2 & LTIl & o B 12 i
RIGHEOBIRZATH) T & 2O IF 25, I4E, HHRE
FHIRIIBNTDH D X ) %E 2 I2H-D 7z radiomics
% radiogenomics (2 BRI ZWFFEFERHIML T 5.

Radiomics & 1%, BUHHRE = ICHITE 4T % BAR T 5 #2)2
T [omics] & DUF 723855 C, WS wmif4 1 & Ik mi {4
THMEZREG LTI ) RBOUBHHEZO I LTS, il
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@ radiomics (2B W TIE, CT Wif&2> 5 Hilifa 538 & fh B
L, B, IR, 727 AF v, J=2—T Ly DM
BIEHROIM 21T\, S SIEE T IEHRRP IR &
WOIHEEIER LTI ) HVWENZHzOSZS & L
T 2. 14 BiRAE > CT W% & BIA T2 5 0 BRI §
% radiomics f#HT 24T o 7245 2R TUE, BUBRFHE & Hoig
LTEDECBHEBERT I ENTE 215 — K
radiomics AT IZ BV TIE, RN o720 x4 L
7 2o S 505 00 R 2 WIS S 2T H B A5, NlikE o0
I &2 B ER CIT O 2 L IZmRBIEIC e b £
DREMEETH D, BiRD X 9 7% CNN & w2 filiks
B tEI o> H Bl X radiomics O FTALBRF Al & L T2
L5,

i 2 W 2 iR DB & 3R

Ardila 5%, Google @ CNN <& 7V % F v 7= filif i o
M L\ 24T ¥ A7 2 OVEBEFEAM 2 47 - 72, il
T — % & U THREHREEIC X D 22 W27 & 17z National
Lung Cancer Screening Trial (NLST) OE#iE CT M4
EHNT, EFVOMNL ==V ZEF A MNEITo 72 B
[ CT A TERVHEE, ZOEF VL6 ADKET
MREHE OMMGEZ T XT R > TEY, #HEMEL 11%,
Bk % 5% A S &5 2 EAYTE DY, HilEl CT A5
ATE2HEIXET NVOMERIZBEHHRAE L HSTH -
72 &R X 7z, 16 Google @ CNN B 7V D1 BB 13 6 2
CENIZDLDTH H0%, MG THRETMAE Z Lo T
WL DI TIE RV EIZERPLETH S.

WG DBWI IR %2479 72O DWW ¥ A 7 2 TH W IRE
WCBWTHHTELLDIFERELLLIE 2V, T
VR &4 2 5 ) U — 2 7z EIRL X-Ray Lung
nodule (3 WHEHHFL X MG B A S Wik #i 2 i3 5 > X
TLATHY, THAEFA LS ITRGHREI M E T
9.95%, M HEFIEE PR T 13.1% DIKE D[] LA S
7z &y S CTw 5. K Riverain 1 @ ClearRead ¥
U — X3, B EAT ) LCRE & 7% B MR EAE X TR
DERKEDEME (ClearRead BS) RN ik CT i % o>
% (ClearRead CT-VS) 12 X 0, NilifHiZ2 & o BE %
OWBEMEZI EZSE TS, ThHDY AT LIEHAT
S IAREVHUR SN TB O FHTRETDH 525, NikiHEiz
¥ Y 9 % CleaRead Xray | Detect %° ClearRead CT |
Detect (2B L Tld FDA D&FRIZZIT T 525, HART
WFHRIRETH S, B 74 V2R aH I3 WE CT mifg
2> 5 ARG T O &2 47 O I BERE &, AR U 7z ik
DR Z 38T U T EE RO Pt WLSCAR I & S35 3 2 il S
IRGIHTBERE & BHTE L 72, 238 o Mliks S vEIR AT B fE < g,
Jilif i D K & S R LA R I & O PEIRSHT 2 47\,
ZOFERITEED T RSCOMER 24T 5 . BHRSWTE O

e e LT A oERIZmEETH Y, IEL Kok
MEFLRT S L HICHKET S 2 &1, FFICREBROEVE
WEICES>TIEHHTHS. 17

AT DSIE L 2k LTV A Ieliffic 7 4 A2 s %
ZEIZX D, AT ICEKIMICHT{R 2 RS 2 LT
& B9 > 7L (adversarial example) 2551 5 LT
5. H#7%61E LT GoogleNet (Zx3 % o4 > 7 v
5. 18 ZHIINN T OWARIZHO TR ) A XT—%
AN A E, ALICT FHHIVOMEIREEZEHRSE S 2
EHHHETH D, IO OWRIT AR TIXEDEWZEFE
T B ELATERVDOT, MO REZHSICL
X Ev2L, ALICHGRBEZIVSIECLLELED D
2%, WIBEE E M2 Al Tl HERBREEHNE 5 2
ERTER. ZORBEZMIT 572012, HHHEZ
N TLH6E (explainable Al : XAD 19 oO#iiAsi: H 258
T3, XALX, Al O TFHFE RS ED X 9 Hltamatsz
ETHONTZOPJHTE L VEVWS TT v IRy 7 R
MEEFRTA MRy 7 23562 L2DI LTS, f
WCEFHROY;E1E, AL OB KR iGBHR ORI 2 BT B35 12
BT E R, EBICEBRTHWS Z L IZHEETH
5. Al OHBIRIL 2 /R FEO O & DIEH RO L
1A % 5%, Z DN 7 T & L T gradient-weighted
class activation mapping (Grad-CAM)20 & %. Z DT
BETIE CNN 230D 72D IEB L TWw b #ipHZ < v ¥
YT RHIEIED, Al OHIWRI A HEE ST H 2 & AT
METH 5. FFxiiik L7z guided Grad-CAM T,
L OFEMCED X ) hE & O 2 THE L2 0h 0 #
LW BB CTH 5. Mo B2 B vCTlE, Grad-
CAM #® guided Grad-CAM DR 5, BEREHI TR
HINFER O3 D 77T A FEIRRCHE i 0 AR A A H ST
WHLDIZX LT, RMERETIE CNN o H#igh5 13 &
AERNWZEIIRENT 20 F /2, NifSEoORIR, B
P, SUAESOESER % & ORI A A v 7o B8
EFLB|/EENT VS, ZOWE T OW 4 Lo
HZHRICHE S CNN EF LV EERL, ZhbDfTRIC
WO REELE/ S~ 7 I Y CTHETZ I LICED
BBV DN 24T 5 72, 2 OFEHIE 79% FEEE & BAF T
o723, WA SEEREROE N 2T 572G EH
BT o7z, LA LedS, ZONPFETIEERI
DEHZY OB WAL % P55 Z L 25 HRETH % Fl
»& % (Figure 4). 22

BhHIZ

B2 AL 7— A I B W TR G o MR B OB &
PUAEMEOBIRO I LIV T —2 5 Y &ATH EHICTH
4 vENT2ZF Z8— b T ZAF 2D MYCIN O Wik i
1% 65% FEEET, 80% FEEEDHPIEIZIZ LIER W DD—
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Image 2 Image 3
CNN CNN CNN CNN
for finding A for finding B for finding C for finding D
Likelihood | Likelihood | Likelihood | Likelihood Malignancy
for A forB forC forD
Image 1 0.435
Image 1 0.435 0.435 0.435 0.435 Multi-Layer
Image 3 0.877
Image 2 0.877 0.877 0.877 0.877 Perceptron
Image 2 0.238
Image 3 0.238 0.238 0.238 0.238

A: clarity of edges, B: shape, C: notch, D: air-bronchogram

Figure 4. Benign and malignant differentiation model based on imaging findings. A CNN model was created based
on each finding of lung nodule CT images, and the likelihood based on these findings was classified by a multi-layer

perceptron to differentiate between benign and malignant nodules. Courtesy of Hirano Y, Yamaguchi Univ.

BB X D iZER T W22, BROBIY CHE b
LI eholz. TOHBE LTIE MYCIN TR
TR Z R D AL 7202, BT L WERIZ
Lo TIIRMDA22D T X5 2 &R, IRICEHEEFI L
o 2 DOEDOAEIZ E D § 5 D0 v D) BN
WIhTwsd., KEIZCBWTIZ~Y>EZS5 741 CADD
WD OAS, T h 2% O RETREHE LA CAD %
FRLTELT, PHROBSHHFIEIL CAD 22 EH
LTnZanEw) iidisrd s.

A =35 ¥ FRKEOD Siegel & CAD OFIH & B #t Rk
RO CAD IZx T A EHECIEI ATy F 283D & L
T, KIALD ATHSCAD 2 WUFHET 2720 D 7T OO F %
LTwb. ZoORSOPICIE, Al Z B EHED T — 2
ATF—a YCTHHWTRELE T2 LR, @D T—27 7
O— %2 XF-FCELL R VnE VS22 &, AL 2SHETHR
FHEEIZH LT [whether] T3 < [whyl 222 52X &
THDED, WHEBMEHRICEDOE T 4 — KNy 7 % F
EZRETHDEVHI I LRI LENEHFENRTEBY, %D
ATHBICBWTIEFICHEE RS TH L L b s, 23

HAE, #HPBTREIT LTV 5B COVID-19 123 LT
&, JEWICE < OEFM{R AT BE O sC e B A3 R
ENTWED, EHERHG~OBEATIE TR EEE HIT

HIENPTETVARW, HREBWEILX k% Al
DOFAMMM EFLRMCTOEEDOT v v T E2ID 5 72D
W 2 el 2 o7z T HELRDH D L EZ SN, FD20IC
AlDY 77— FIZOFT, BifR%E &Lk R EHR
F— T OMREN O T WL T EWFE s NS,

AL S 2 FH OFREM B - AFwin (R
P B FFMTREE] BT A L Akl AL

AR AEZEIE JSPS BHFAE JP21HO03840 DBk % 321 72,
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