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Abstract

Data science is one of the fields based on mathematics (statistics, probability theory, machine learning,
etc.) to challenge social issues, and is widely applied to medicine. In healthcare applications of data scie
nce, text data related to medical records (such as interviews and consultations), clinical data (such as bl
ood pressure, pulse wave, and blood tests), molecular diagnostic data (such as genetic tests), and medic
al image data (such as X-ray images, X-ray Computed Tomography, and Magnetic Resonance Imaging),
these are used as variables to estimate various solutions. Of these, computer—aided diagnosis (CAD) an
d radiomics are data science tools that use medical images in particular. These research have been acti
vely conducted in the past for the purpose of classification such as distinguishing benign or malignant,
malignancy grades, and development of imaging biomarkers.

Products produced from CAD and Radiomics have the potential to contribute to diagnostic decision
support and improve the efficiency of the treatment process and are expected to have further applicatio
ns. On the other hand, challenges remain. When CAD and Radiomics’ main output is a mathematical mo
del (a model in short) for estimating the desired task, high accuracy with respect to the inferences perfo
rmed by the model is essential. In addition, there has been a growing demand not only for the accuracy
of models but also for the ability of models to provide evidence acceptable to healthcare professionals a
nd patients, i.e., explainability. For the products of CAD and Radiomics to become widely used in healt
hcare, not only processing accuracy but also fundamental reforms in processing readability and visualizi
ng algorithms are required. Therefore, this paper reports the validation results of machine learning—bas
ed biological feature extraction for the classification of medical images in the pursuit of better classificat
ion accuracy and explainability.

First, we present the development of a radiomics feature computation library to implement a radiomi
cs approach. This computational library has the ability to compute image features including statistical fe
atures, histogram features, morphological features, textural features, fractal features, etc.

Second, to investigate the improvement of explainability in the traditional (using tabular data) machi
ne learning process, we focus on feature selection. Selecting important features for classification not onl
y improves classification accuracy but also allows for an objective explanation by factors. In this study,
we propose a new feature selection method that adopts the importance into feature selection by genetic
algorithm and reports the results of applying this method to the radiomics approach for estimating chro
mosomal mutations (1p/19q co—deletion) in grade 2 and 3 gliomas.

Third, as an application of a deep learning approach that could be the first choice in creating a highl
y accurate classifier, we investigate the classification accuracy and the explainability with Grad—CAM u
sing EfficientNet for classifying the presence or absence of calcifications on mammograms and validate t
he usefulness of deep learning models as classifiers.

Finally, we report the results of the validation of Generative Contribution Mapping (GCM), an expla
inable deep learning model, to classify the presence or absence of breast calcifications. GCM is a model
that is expected to have high classification accuracy and could provide visualization maps that capture t
he region of interest more accurately than the Grad—CAM output from other convolutional neural netwo
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—HRIT, HREEE T REL, Hlfid0E ( supervised learning ), Ziffi72 L% (unsupervised learnin
g T HNS. Zofh, #8538 ( reinforcement learning ) SCM:#FlH Y FEH 2Nz THIEINAZ L
HdD. 2 — AR EE RITEE LT Bl b0 8 LEEN 2 Ll DA A—UF &R,

@ | EMARELIILE .
®® ® o S %00 O o
O ® ® . . . N r. . A
X2 O X2 [ ] ! /
© o @ -0 o /,\'.:-\-.’.
o) @] @
o O o ® ’\ ,Il
x1 x1

2-4 HSEMEZAHRE LeB@H ) FE L HIM R LEFDOA A=Y
(fe : bbbV FHE, 4 HhlizeLE)

HEH0FE (K 2 -472) 1%, LR (X) SRR (Y) 2H#ETHET V2RO TFIEE
W)L BEVEBUIRER AR, AT AL EIE NS, B BRI BAEE (Bl —%) TH
v, BT MTRAZEN DO BEEEHEE 570 T — 2N Z— 23 45, K 2-4
o EEm SRR A A T x ], x2ITFRIAS A ERL, 20T — XS FEOHEE M T A A E X
LW, BlziX, FEBEOT 7 AT v GRIAZE) 05, BTV —R (B AR Z2HEE T 5708 IR S
o, HIWERERDHEENT — 2%, HHEMEOSE, 277007 IVRRE T, FFEDT L—T7R
77 A% HEERO72ME (0,1,2728) TR L TRBSNS.

HEmaLFE (X 2-445)1% AT —FFObDIZEBL, T —X2DOMWEDNRE— %R O1F5, &
DWDNE, T —HDORERIEATHTDDFIETHD. T /VOFIITIT B FEE (EEhT — %) #E L7
W ITRBN T (NNT =2 EFRT N—T12530 %) R0, 7 —2 ot GRIAEEOR) e DT —#
DIFHRE DRI ENTHMERI D TR S3 70 8T (principle component analysis; PCA ) 728 O ik
D5,

AHFZECTIETICHEI DV F B EIRE BN CWD. X 2 -512, BHEFAD =0 O/ (Hkifid
D) TR RE IR T AR T MM (DY) DA T TA0%, KT A THESEHFISN
5. LK, 7 at AOEFHIT OV TS,



ml S5ty ~O¥R ]
7 — Y DIEIE |
FHRT -5 CLBEHEE BT — 5L BREFE

F—Htv FOHE |

l g - T A | SR - AR5E - A |

[ EFISSA—9DF1—=>7 || 5 — S DEIE |

m‘ ggﬁ 2 oA = JIE ‘

1% H B e s R | ETILDEN — I

lhll,ﬁ.';'L HIJty ~ORLE ] [ Ry RO —% B ]
\WAESIOIGE s i R ]

M i | EFILOBIE _l_

HREIR |

BRI | _

T —9EBEHTTILOEE ]

T AT —SDRIHLE (H5EF—aEs) 54— ) |

L -
\/ FEEFILOFT A |

X 2-5 EROBEOIDHOEBEE (FiHY) X DET NVOIER L i

2.2.1 F—H Yy O U LR

78 DT\ [ R 2 W56, FEORAS L HERNMEESND. #ilEL T, Kumar VS

[14]iXRadiomicsZATH72 DT —2 & bOUE({IZB T A B A%, MALEEOE, A IEOE
IR EDNAT ZADBURH B HOREEL TWD.

BT NWEAER T DD OFE T — 22y N, SRS B EBAS T — 2B IESNS. filx

X, BT ADMETIREE/ R E O EG R EE TG EIZH DS BN HEE T D86, Wt
IR B0 E R 720, B AT RIS R & 705,

SN RENFT — 2y halE, LIRUISEmOXT R L5, EWkat EofEEkE (o7
NP ARDFEE)NTT — 22y bOWE(E T2 ECHERBRO1 DTS, T N AR, Yk
DR REED DT 2 E T — 2y M (B Z0E, BT —2 'y hOgGAE, B 2 5%

L. EWREHI BT AT TN A RO B IEIFET P A NCLoTHRARDD, Bl R/ ik

X, FERGRICEEDE, HAER (Fl21E, MERE) IZ oW TGRS REE M OIS R =4 JEEL LT
AT D7RENHD.

MR EEIR B DOV TN AR DE 2 J71%, RHEFOME ZIEZDEIF R AOE NS T
B THHEEHFELNESND. B E OG-, (ESNDET VOREESCIHALENS M 352
E~OMFFL DD, — 7T, BRIRIFZETIE, fmBRARIT 2D B/ NR DY 7 A A X T ORI R
DONLHENDY, TT NEVERT 272D D453 7 — 22y MR THZENH LN — 203D 5.
Larracybld, /NS7et o TV A X TR E © 7 VORI EATO M ERNH LG A RO =T — 4t
v NEBR BN IS5 2 E TRV 2 VT, HOREMEZ LT 57201 B 784
VI N ARG IRIEE T MK THEE T2 EZRRZ L TD [15]. ZOfl, 2ME /7 3EOEEI1E, A
UCHHY U TN A X% HEE T2 TFE [16]h55.

NEINDT —XIX, FatFEHIRBAD, BET DR I3 2NER (T AT R) NE5ETH
BIEIWEEL, T —HDITANRTU AL, Bz, BT —2 By el T — 2y hnEn 2 A
Bk, BEITEWEEET VBRI T AT RGO T ZENTED. JTANT U AITKER
RODDLGGENL, BT MERRIRIZ, 7o —H TV T (NI TRE D IRNTTADT —ZHN A

WD), A= R—=P TV (T —E A =T AT —2a Nl ko TR TAD T — 20T 5, &
DUNTT T ANG AN B I LD DT —H KA R T %) 2 352 L3 T& 5. 72721,



FRFERCT AMZH WD T — Xkt 35T — 24 —T AT —va i, BEIAFIEL2WT —X2HHZ L
(272D A TR, BRI EEL 2D, MR8 T AT ZADIRD NS HIRE, + i EeT AN T
—HEEN Y CTHIENTERWGEREX, B ATREME A2 M) O 5 E R TTest Time Augmentation/g &
DFEITHESNDD, ZOFIENH - BRIRNEINTHE RO RN DD, BIEDMGR7 T AT A
DIRVTHLHEE, BN L E LR FERMT 7 a—F ~OU0EZ e+ 2245 TE5.

T —2OESCHRE DM, INESHZT — 2O R Z Fal R T A LIXEELN eSS, T —
O AR T 2720 OREFEHZRTELL TS, KR FIZONWTEDIEZV K O E TenE R T 04iIT
B2 A R T AN T4, BERFGTE CEAME, RO, ZMERE), R+IE0r7AD5 5%
TRTHAGT, KFZ DA NEDOTHEBNE D\ ATZ D OTHRE BNV HRS.

2.2.2 T —H D4y E|
BT =, BT VRIS BRNC AL T A, BB, BRI, BEOTAROT =5tk

WZaEIENS (K 2-6). FIT —2TET VOIBICHASND. BGEET —XI1%, 7 LOFET L
YA LA 0T D/ XTA—=ZOPRRORHEEIR, RE T E 7 L OFE BB E DIy
BEND. BEET —ZDBENL, JIT —2DhbE5ICY 7 vy b L T BEISND A LI b oy Els
MDY B D2 2= 300, —fRIT, TEROBEM T E TIEATE, RETFE CIIgRE»FHsnS. 72
N —2TET VOFHIZRI SIS, TANT —Z3Z W RN eEhan, —#%ic, &7 —2Evh
D2~AENINT AMZFHWSBNA.

T =2y DB EIREX, BTN, BT MIESTRIMTHDHILT OT AN —FEH>THEELT
L ES 1 I (information leakage, target leakage ) & FIREZRERVHEBRT D721, 7 v—7 (kL)@
fERBEEND.

7V =70, B, [F— 8RR D D L CHUS SV BR 72 E OXIEDSHLT — 40, T —H
ERRAAEE T LI E LD TBMLERGHDLG AR E, NEIRHIRET 22287 D B TITbh
5. BIZAE, [F—HEEBREND, SO MEL N7 G ANRE R, TRRE 8, 1hE% _FORKmE
ECHAFSNIET 5. ZNHOERENIIIE KRN LI L ZITRERED W ENFRN AR E fl RS
EZHND. INHOEBEE KT, FIFHEARGE, HDOWE, ST AN EIIRETHI0ITHEY 45
F725E, BT WTIIRRHCRGEDH DV NI T ANT — X ONRIZEE LI L= T — 4 &8 T&E QA IE
(2720, HHIRRA S PTREMENN @72 D. ZOLRBLT, [F—#BRE DT — %7 —71ZLToH
BT HZETRUTHZENTES.

JERMELE, IR, MREE, 7TAMZEIRONDZTAEIG N, ZNENOT —4 2y NCTELETHE)—
IZEENDIVRV T DEMEE . FIZIE, 107 —2DHG, BHET~L362HY, ZE3 20T —
ey MIFT 6, ENEIZ2T DEIRS. BAHLOFIED, 77RABIGTE0 TR, 7—2DM
BhIHHEATONAZ b 55, Khalid MBIE, T —X vy TAZ) T LieDh, K77 AR — TN
RAICLDIERULEATV, K7 TAZ—CYRM 72T — 2 Ll =7 — 2 %00, a3
T, BREE, TANMIHREDOEIG THIVIEST VAV X LE4E%E [1T]L TV,



T=Fty bk (£5-%)

|
i | |
BT BT ILO e —eren
EHINSA-H% S — 4 TART—4
RE

I
L

| HEE AR F B ETILOEE
BE/ISX—21E o BRNSA—YTOHIE

DS (FT=(IA&5E CUERBH D
FTILOER)
o  FHULIILTETILOMES

t W —

2-6 T—Fty FOBELFEFBOEDDT—F DN

T —ZDLYEIEL, BEETIEICL > TRARD. 2R EWLRREEFIEIZ OV TS,

@ [old-outit
Hold-outi&i%, 7 —# By MR EDEIA THEIT G IEARIILREET —F DN EIHIETHY, fh
DR FNFEDIEREIRS>TND. 2 —TIZHold-out{E THHFILI iz~ P OFFI3EE, T

TLFUIHM I T AE KT,
AR
HI[EEY 1
1 2 3 4 5 6 7 8 9 10

X 2-7 Hold-outEDH)
(AP OFE B I3, FAESCFIIHEN 72 %FRT . )

} HJtw bk

@ EMEE ( Cross—validation ) J&

RAERGEX, BEET —2% ANV Z 723 BHold-out 5280 L, BEOBGEHA Y7 2 MB35
FIETHD. I F A% (k) 245 €L, FIFE [ 100 - (100 / k) %] EMREE [ (100 / k) % ] 23EIVIES
N7 By bMERSD. B2, 3EIFEDIRT AL, 30 EIZEMEEEFFITI, 66%4 I, 33%
ZRFEICE Y T30V 7y MMERSNS (K 2-8).

i k=3

2 [3.]4]s 6|7 Faiferfio] ) voesr

|
(1, |23 4|66 s |10]} v
|

L2 a5 [6[7.]8 ]9 [10]}vrevrs

+

Flltz3 HEEE

2 -8 BNk BIRZERIEE
(353 BIAZ ZEMRRIEE D)



RIEMGEIANT TV —I2 Lo THEID HFIERX RIS, 2 9ZANT T —DEA T Hd.

V=TT T NME

AEE (X 2-9 No. )i, &0z T —2 Yy MIEGENLT — 25

LT, &lfiT —2 21> T OGET —2 LU TR 5. ZOFEL, 7 =22y MvbangG&ics
MThrlansd. WIT, BRMEAZEMGERE (K 2 -9 No.2) X, fREL@tka 7 &y MIHEIZTHY
KD, BIL, Btk T -~ () T ~L () 2@t L TRIELTIESE B, 7YV ORIG I FIT2
LICKE YT RyIIMESND. ZLT, V=T REMRGEE (X 2-9 No.3) L, T —FDIN—T %
REFLRDSY 7 vy b BT 5. Bk, B V—7 ZFZERGEE (X 2-9 No.o) X, 7 /v—T7
bLTe T =201kl T 7 2y M EIT 5 FIETH L.

No. ANTT T — Bk
1 i k=N V=TT T N SRR
‘ 1, ‘ 2 ] 3, ‘ 4 } 5, ‘ 6 { 7. ] 8 } 9, ‘ 10 ‘} YTt ég}'\%%‘_?ﬁﬁfjﬁyh%
ERRT 5. &7 —ZI%1>
ENENENENENENEADY IO b v P T — s LU CRIIS R
Ml z2]a a5 e]7]a]s [10]}v7esre >
Al 1&3E
2 Bl k=3 JE B2 M AR
(1. [2]3 [a]s 6|7 [e]eho]) #em FELTRAEEY 7 Nk
_ SEIZEIRES. BREE LR
moeen |1, |2 [3, | 4[58 [7] 8 [o [10])vrumr A 5t (OB
COEEA s [o v ] o [0 [0 ]rorers | agpamsms empsmm.
[]a]s]7n]2]e ][4 (e} vresr
mwese |1, |3, s, |7 [2 6 4] s [o [10])vruem
Ll ls a2 6480 [mn]hvrens
alliE 1&:F
3 3l k=3 I N — T AR
. F—BDI N —TEARER L2
\ 171‘ I 172» | 271_ \ 2—2_ | 371‘ \ 4—1_ I 472_ [ 51{ | 572{ l &1_ ‘} L) w1 6_&7?“/]\%%%”#5
‘ 11, ‘ 12, ‘ 21 ‘ 22 | 3, \ 41 | 42 ‘ 51, ‘ 52, ‘ 61 ‘} HI w2
‘ 11, ‘ 1-2, ‘ 241 | 22 ‘ 31, ‘ 41 I 42 ‘ 51, I 52 \ 61 ‘} Yt -3
i F&EEE
4 Bl k=3 JE RIS IV — T AN
[ 2 21 [ 22 [ a1 [ 1 | 42 [Sa o2 o0 |} BT TN—=F LT =5 %EbIT
_ BAHLLTHT £ Mgy
ERltds D | 11, ‘ 1-2, ] 241 | 22 | 31, | 41 | 4-2 | 51, ‘ 5-2, ] 6-1 |} H 7w 2 E) EE[J,{E%L;’xb\iE/\ 73}(
. M=
R o [ [ [ [s2 o [} oreos | Soicmopersmans
| 141, ‘ 12, ] 21 | 22 | 61 [ 41, | 42 | 51, { 52, | 31, |} YTy 2 (ZEX R ARKE) .
R L | 11, ‘ 12, ‘ 21 | 22 | 61 | 41 | 42 | 5-1 ‘ 52 ‘ 31, |} B 1w |2
| 1518 ‘ 12, | 21 | =) | 61 ‘ 41 | 42 l 51 ‘ 5.2 ‘ 31, |} Btz 13
HIE: 3 &L

K 2-9 RERIEDA NTTV—
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ZIT, IR OWTHI R T 5. Zv—BEE LT — 2 &7 N — 7T D L TR
T AT DI ERE AR . X 2-10107 /0 —F (b LW 2 e ki 2 A5 MR O fi 2 R
T P 7 'yb, 20, 5F/ICKHET DT — 2D EMREEIIREL C0D. 7'y h3i, 71—
TSI TNDTDIT, FIFHEMRFEICT — 2N RIEL TN ER DD,

—%IZ, CT°MRIZ2E D#LfGE LT Ziil 7 R D 43 fRE AN VES ( thin sliceBif§ ) <2, #FARNZE
DOOIRWENE], [F—#ERE DRSSV RER SO XER R 72 81X, 7V —7 LS Zeid iuXiE
IRIRAH ATRENE 85

SR k=3

ERmEs0 | 11, | 12, | 241 | 22 41 | 42 | 31, [52 | 61 }b“j‘tf\y 1

mEmasn | 11 | 12, | 21 | 22 41 | 42 | 31, 61 }‘jj’cf\y k2

ERERLL | 11, | 12, | 241 [ 22 | 51 | 41 | 42 | 31, | 52 | 61 }b“j‘tf\y ~3

ELLEI

M 2-10 7 —F{LLRNWZ Ik ViR B EHRIREROH
(7 'yh, 203FEIRR)

® 7 —FALTy 7 (Bootstrap) ik

T —IANT YT 18I, BT =200, BTy OIT — 2 &2 T X N EEETFLTH
VT, BGET — A EABN S TV 7SN TR T — S &~ EOFI G THIVIRDZ LT
BV R D ETHD (K 2-11).
— il 5

[z fafselsfelz]e]o][n] w
— (e[ ]s]e]a
1.8 |3 [10]9 s
— 1 lefs]efs]e ]
Ak AREE

2-11 7=+ R 7 v FEOH] (k=3)

6 |7 ‘}HjI_JI2
1,023 |4 \}ujp:a

9,

+

2.2.3 T — A HIiTLEE

TS DOFMLELL LT, BT FVEL, RIE, SMUE, 7 —F DA =D 7 DEER NN TR
2.

@ T AVELHOEHN

AT IAVELHET, HESEROIICEIE TREDEL TR, TN —T X7 (i)l gerrE@rt
(MR E) %455 i‘ELf_;ﬁlﬂJf%é BRIZ, HEFIZL S THTIVEED R ESIL TGS, Ao
FNH DI 172N, BT VEEE T LRI, FBISAT A 52700273V
A I i‘ﬁ?‘ é * 2-LHIREBWRTIEEZTRT.
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# 2-1 RENRAT IV EEO a— FHiE

HTAVEL A I ~Tm—F 38
One-hot Encoding FrYL T B2 R AN EVEY True(l)/False(0) 2 E 24 CTA.
Count Encoding TV O BRI A EIY TS, TV O HBUBEE DOZEIZE RS

HOHGEIFIRT 5.

Label Count Rank Encoding TV O BT 7% E S Th, TV O HBBEE ONEN 7
IZEWERDRH 55 IR T 5.

Target Encoding FFEEDEA, 7-vZ L0 BRI EZED Y T
B.

@ JHIUEDHHR

AT TN T, SMUVEIZ MO D RESNTAEZ D . JEIA GRS A TR T2 R i
(IMEERANTIT RS, SMUEE, 7 — 2By MBI SNDD, HDVNE, T IAERRE PN ED A
HPHOIR/ME, I REICEZMAOND. £ 2 212/ F T LOFR P ZRD D20 ORERRTFIE
IR

R 2-2 RRORAED BRI
SPB O FFA EPHR RE 7 i B

=R HANE Min/ =t Z AL |, Maxs $S—B o ZAVEL T O#iH (F121E, 13—&v
ZANLL B, 99— HZANVLLUT) IZZ eV MEZ M UEEL, ZIHD/ —FY
HANAE TR OEEZ BT S.

FHEXHICED Tk FEME £ (Z X SD)DOHFPIZ R NMEE A VAL L, ZOHPHO _EIREE TR
ECHIPHAADEZBEIRTD. 22T, ZIZZA27, SDIMEEREZ R T

® XAMEDOEHL

REMEY, BS TEeh 72 3HEZ ). Not A Number/2 EG KIANE O XI5 E705. KIBMEIL, BRi+
S CRISSILD. BRIME, KIMEZ G et TV (L AR R) T —H 2y EBERN T 5. filise
1%, HEERE SRR AT A% 5.2 70 WA RIHREL T, MOLDEZRAT L. fli5eD FiEELT,
H—fli5eih, ZEMTEERER D, B—Mi5EiElE, HDR50T —FZHDHT X TORHPNZKIL TLD
DIEZHH5ET 5D (B2 13, Last Observation Carried Forward (BESRF NI L T=70, ek IS
TEIAMETRATLHIE), RCRINOMED A, SEEE, FAAEREICELDM5E) . ZEMTEIEIL,
JRIAMEZ [ B SR K> THEE 95 (1 2.1, MICE [19]) . Missing at random&Missing completely at r
andom®D —fXAY7R 5 T ClE, H—#i5ee 2 EMEO M S CHMRHEE L72D. LL, B—Hi5E T,
HEEREUERA 22 NS T X DfE RS EDR DT, fEHERRZE L E X M2 ELHEE 352 EAfi5E
NWEELNZERDHD [20].

® T HDAT—=IT

BHGRFHERE DT — 522y ME, BRI L > THEO RIS HEIFE (A7 —/1) ISER2 572, 3~ TD
FEZERICAT — Tk — T 528 T, BT NV FEGONAT 2% /NET 5. & 2 31X\ RS
—V T OFELRT . A=V TIEEARINRY (K F) ZTEATHhN50, HETE I GE v
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HPETRE, AT — 2y M RE RSB EL TS AE L, BT LIATHmERE, 27—
VT OXREFILT T MERE OFE I LS.

£ 2-3 REMORRFr—V v T OEE

A=V 7 Fik LS

Standardization EUEAL, RPN 2T, EIHEZE SRS ENDES L, EERETRT. ks
7R AN DELHNE, SEBIN0, 5381 L7205, FRNAMUES RS TOZR WS
1%, ANEOHEBMEERESND.

Min Max Scaling FANT LD R DR/ IME & B KA A F5 & SO B ((Min 0, Max 11728) (2

A= 7%, SMEDH BT 5.

Maximum Absolute Value Scali | RANZ&IT, FHEEOHEIMEDO TR KL .0ERAINTEMEEZ A r— )71 5.
ng FE#E(Y SoPercentile Scaling® IR LD T —F DL T v XU 71347
Dl SMED BT 5.

Percentile Scaling (Robust Scal | RFNIZ &I, FREEZFHEEIBZESL ( FRIEN0E/2D ), 43 (i#iFH (g_min, g_.m
ing) ax, ZZC, 0.0 < g_min < g_max < 100.0) \Zft> CHEEA A —V 795, 550L
FHE D720, AMVEICRIL CTER IR R —Y o T L.

Normalize AN LT, B AR 2 OENL )V AZIEHR LTS, BEHEIL, FORF D VA
(I (=2 HEEE) , 12 (2—2 Vo REERE) F7213 infinity GEXHME OB KE) ) 231
272D 300, MOFFHSELIIMSIL TR =Y 7En5.

STET, WUABC W TRV TR, SIS E T — 2y MO L CRTLERE (T3 A1,
RITALBRIZRI I LT $T A— 5% — B L CRI CRHECT HENLELNEELBND. BRI,
ik — LI AAT STHE AT, DT — 4 CRES NV RITLI ST A— S A RFET — 4 LT AN
F—RIAT B, SOOI HIET, YRS T — 4 D L ORI KD OEEEC L
PCED,

2.2.4 ST GELEIN

FroBIE, 18, RIEXT —20EE T =2y M W ET MERO 7 m e A TR ENS.
R (K7, LR OBRPUT, [FREDODR2D, HDOWE, TLRARFRAEE L8 7 — 2y b
HROBRS Z LT LR ED N TND.

F 2-43, —RAVRFFEORIRT 5 CHORER N TFE, DB IZEDFE, B FEICK
LFEERT.

F® 2-4 —REOREEERRTFIE

FIETE R iRk DS
Wt A STELEVMER DD DBIMEZ - SI20T RTOREEHIBRT 5. RO

EAFTRTI1) THDHRE, BED AR DR ED HD
BE, SEREOTE I REN DI, HEDTHER
SREND (ZOERIENE, HELEWEZOIZ L7z & DRI
A& THD).
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THEAS AT ik (2V=7V71 ), SEHHRE (~LF-a)=TV7
1) &%, FALEO PRI BRI &V A G D TR
THIEEND. T2y MR AT T AR E S AT
DG, BT VERE AT AORIRICA S [21]. ZoxtReL
T, BIRIE, ALBEWO R Z S O BRI oD T\ Ny
&, MAZRAEREL THEDLTIZE LRI T D H1E
L2, R RA%EL ( variance inflation factor; VIF ) EFEIEILD
B O% BSOS E E R THIEE AW T, FFE
ST B AT — 22y MBIV 2 5 1ER 8 TRt 3 5.

A AT HEBMHBRE TELNARHEDO R/NMIIEESNT, [HF#HO
DIRNEF ORI CE BZDORENREREDORIAR IR &
179, x &, — B E ST ( ANOVA ) 7L

DV EE LD Fik Filter{% Filter{&i, & AN B LT —7y MEB D BfRawi it FE
TRHIL, ZDAa7 (Bl ZXpERE)Z I ET VTR S
ANNBER R (T AN —) T D,

Wrapperik Wrapperik [22]1%, RGEAET V&Y 72y hT —& THROIKL
T AR A PIEL (5o 7)) LTHRY, SIALEEOBNE-IX
HIBRZATV, FEMfE A i b 3 D R oM A G % 7o
JDPRIETHD. AT T UARYE (N, B k)
RBARMT NIVA LN TIEES.

Embeddedi AT — & YRR S N2 — R IR AL T L DI T LD
FRERCEEE A5G T, DO E B IR BRI (A (H
)T 5.

AT 47 BT AT VT AT E T TZLASSOE T
IAZ L DGR I AFI S TS,

SR 5154 LT, Permutation EEE 3 5.

72 LB IS LD Tk WRITIEMERE Wt EHEE B BNCRIAS A ZEMN L. PCA, tSNE [23], UM
AP [24]72F.

FEEORPUZE — 22 TIEITRS, & 24O TFEEZEM, HDHWIE, MAGhE TR T 5708 0k
BEAAWDIND. Bl 2L, SElcFilterik THEGHIIZERD D725 2 DD RHBEERINL, IKIZ, RGE
ETIVINORHEO B 157214, WrapperiEO WL —7 LU TAT v T UARIE TR T D728 M
#Fons (M 2-12).
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Filteri& RO - BRNEHICEEDDIVERZERS

Embeddedi: g — S TEBUCETIET L SSRoEEE
PEHEES

Wrapperi® B EEOAHEDETESR

. ZEENE
. EEELE
= BEEREFILOVAL

HEF oY Ty FTE
BULBTET I EHEL-
- CERENE A BES
DEHENEERES

| SRTFILA |
2-12 BESBIRD 7 L— AU — 7 i

2.2.5 BRI - RIRHEGR I K D575 2D A 7 2O

FFEGRIND 7 L — 2T — 2% - A BB R, KA HER O & R oo R B 2 T # 52
&I T TR, BEHRSNT RS, HIVEEE DD DRWEFONIAE Th o254,
HZEBOERIRIRE S S EZ I/ et s D, £z, HEEX AT ~DFBENRENEE Z HNDINF-
(BT ML DHEBII AT A ECSHBIK ) /3y IR T AR DI > TREEL, MHIf AT /34T
IV O —ET 5T — 2y MUY TV T 52T, FHEEONAT AEWOT 728 DR %E
RUATZENTES [25].

2.2.6 R ICDEAE & BT

B MGRINGE, SBICTF — Xy bR TE BIAZSEKORD) ZIRDT -0 IR B A S B LN T

5. BlZIE, FMORIROGE R, RO RMNTE T84, BRI RO BEEREIT, By (1
< =) ETEF—HEyRELTRIRL, BRI T 55—y kD % Bl (3 25 50 5%
WEHT) TAHILT, DO OB A H RO BRI U ARIRTE DT — 22w MR 5 2 L7
TED. WIEHIIC LT, TF LM DR AR MRS LS.

2.2.7 T RS a2

B T VORI, RIS T& 72 [26]. £ 2 -BIRERMBWFE 5V
(B0 FE T NIV AL) 2T . £, TUHLUAO @SR E A I T&5E T /L EL T, XGBo
ost, AT — AT 4L T ET )V, EEOEEDOET VTR T DT — AT T NIRENDHD. T
FOBIFUIMEREE DA RO TT N DT —~v o Ak T E RIS EE D Hel 72 & 58
AL TiTbNS.
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£ 2-5 FhEH VT NTY AL LIEREMBRERFEEETV
S

TT V4

Gl

kNN (k-Nearest Neighb | k ¥Tf5%. 52 bN7=58 T — 25 _7MVER] B oy L TRE, REIOT —4 035
ors) BT, ZZLHEEDS VIR EOKEEZ IS, O TT —2nNR/T 577
AEHETE T B/ 3T AN w7 73l 0 R 5 [27].

Logistic Regression YL = AN B ORI IEIFET L O—FETHD [28].
SVM 2OoDNTANESFETLHEE YT IVINEZ BTl E, SVM [291i%, 20T TR D

Xvy FOMEZ R KALT DI, 8T — 2Rz Lo~y 795, REDJ
FIL DG I DR ZE RN~y TENDZE T, ITIVEROEEHMNIE T D
HANWTHT VRTINS, BROFEITIL, B, RO 5 INRE TED.

Gaussian Process HOAMMFRIZH-D< 5 FHAs [30].
Decision Tree RERIZEDHET MITOEICELRREOMRNERE G T D, WEAIL, R

FakL, BKRZDORFICELETORERDOEFV R T AMELZ T [31].

Random Forest FUH BT F VAN, T —F o "Rk % 12 T T S DORTEARE Y I, HE
EREE DM LA — =T 0T 42 7 DI DT\ EI AR5 7 7 v
HimThs [32].

Neural Net L\ —t 7 b syt [33]THhD.
AdaBoost T —HEyMIR L TT VIV A M HBESN -0 Eesawm AL, BRI F DLy

M Ao — LD, FIUTF —2 ey B E A5 [34]. 72771, S TSN
T =R T IVOERL, BRED BRI EmOAHIOEINS. HEEITEK
PNAERR SN EETFT VORI EEH L TEBENS.

Naive Bayes FA—=T A% (3501, RS DR (T —772) M EZ AN TRA X
DEBZw M LT, fERNEEHRO—ETHS.

E
g R T L [36]

oy

Deep Learning

7B, BEIEoTUL, B—E7 W TlIRl, EROET NVEERL, EEOET VO~ D 1%
B (B 2L, SO E) THZETCHRONIHERRERH 752055, Z0L57%, #EET v
DN EERKTEINCT VAL ENTZTT MEIT o7 VET IV [BT1EMEENS. TP 7
TNAOREE, Bz, kEIRZZERREEHWT, Frley Mo —LIkE 0T T VEIERL, 70
YTIVET NVERERR T D70 E N ETHND. ZOIINTTHIET, TNENRRDLINMT — 2 TIERKRE
NI-ET VOHERZFII TEL-D, H—FT LT R TR A NMASNLIER0, HEEREL
FINAI7RE DR CTED.

2.2.8 T L DEE

BB T AVOFEE, BT MCHIET — 4% 52 THESEL 70 A THS. TFT VITHHE
e BB E ST /38— 8 T — A DR T 5.

TN LA E = DI Z T 1T RIS, 2-131%, 2ENEI R 2L —Yar T —2E W, #5%
DEIeDERT NIAVX LEFFOTT NEEE ST, FHER EOFE T =207 L OfrE %X
RUIERE R CTHD. Vol —var s —2E, #ESA, IEMIERME 04, =B AR VDI
TWD. BT NVNETDLFEE T IVAVRLT LI F = D Z TTINBIRDZ W05 . T AAERE
XFANCFE T — X OWE BT 52T bRl R ARt 3258 7 VAV X a8 E TX
5.
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Input data  Nearest Neighbors  Linear SVM RBF SWVM Gaussian Process Decision Tree

K 2-13 YI2b—vari—F¥FAWVEZEETAITY XL EO2UESIEFRIIEROH]

Random Forest Neural Net AdaBoost

Naive Bayes

ETINOFE T NVIAVXLTFE OB ERMEDBVAETHDLHIENEL, ZOIIRFRESRM T A/ —
INTGRA=HEREEIND . NAIS—RGA—=ZN TR T NIV AL LRI D, BT VDA 73—/
TA=ZX, BRED YAV VTR LRI, BEEORER, BB R ESTo A/ 3=/ 3T A—273
ET L~ ASND.

2.2.9 7 )LD A FEMERET AR

— I, BT NOLEMERRIL, HEEORE (EMERRY), #EMEEHNT —2 00—, L
OHERNLIHliSD. 2 2 -6IC E/2F A2~ 3. — 8%, MR, BRL, HEEEITAT~L
DOTFEOKESE T T LEZHZELTELWD, EFANFE LI F— ED Y TTEVD BEDFE
fili, W FE OFAHIFIHEND. BIZIE, AUCHEIC2ODET A d-7235518, Log-losshi gy
IEOVRETIVOY TUIENDOLENEL, Log-loss PN RKIVVIRFEIT, BFEH RIS TCNWAZEZ W45
FRIEL22.

S FERIREO TR I X 2B AN FEAR L SN D . 7T A FEDYE1E, One vs One (—%f—) #8241
TETNEERL, HFET VOREROEEEZFEELL THWD HESR, One vs Rest (—XFZ O3~
~C) THENFHRSNS.

ZNBOFHmFEREE, MFEET AROBEE TR HEND. MAEREOFHmFEIE S H o B X, ek
WEEEET VT, BT VONA/R— /35 2= ERORFHIRINO T2 THY, B FEET LTI,
LRORIBBEDOT-OIHESNS.

BAEHNZT ARNT — 2T TT AR T, TOT A Sz E BT L > TET /L MERED
WEND.

# 2-6 E7RFLEREE

FEATFE AR Bk
Accuracy IEfiE R
Recall ( Sensitivity ) JARE
Specificity Ry LR
Precision ( positive predict | Gy H R
ive value; PPV )
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A

Gl

'S

NPV ( negaitive predictive
value )

BEPER R

AUC (ROC-AUC )

ROCHI#E Fifif% (area under the receiver operating characteristic curve )

Balanced accuracy

TUNTU AR T —=E ey NI LMl IV bG . 7T ATRLZY A= D
FEEL TEFRESND.

Average precision

Precision—Recall Curve% 45 Bl CEE% S 17=Precision®MEFHEL TEEDD. ZD
LX, BIOBED S Drecall OFEANIE AL THEHAINA.

F1 score

F1A27 [IPrecisionERecall DFAFIEE &L TR 35 Z LN TX, F1Aa 7 X1 T &
i, 0CHAK 725, balanced F-score, F-measurel b FEELIL5.

Fbeta score

F-betaA=17 [dPrecision&Recall DN EFHFI - THY, 1AM, 0434 16 il 4 H bk
95, FHEE, Va— LV OBEALERET Dbeta/ ST A—FEIRETH.

beta < 1{ZPrecisionZ XV EL, beta > 1iZrecallZER 45 (beta23 0D &, Precision
DHZEHBREL, betaid RELRDIEEVA—NDHEEET D).

Cohen kappa

SEREC BT 228 MO BRHED —BUE 2K T 237 ThD.

DCG ( discounted cumulati
ve gain ) score

ST ST B AT T DINEFEIZ L > TR ESNZ BRI TDED AT O
#t.
BT ULN BT 7SN TOBEAICEWEEESS.

Matthews corrcoef

Matthews$BEEf% %k ( matthews correlation coefficient; MCC ) 1%, ##F3 2B\ C,
27 TABLOL I TAGIADKEE DEZ WD RELELTHOLND. Ziud, ESIEL%
A BB L, 77 ANIER IR D YA X Th> THHEH TEHNTU AR FEHE
LRI HIREIN TS, MCCIE- 12D+ L ETOMAELMHBRE THD. TR
HENT SN =B LG EOTHIZRL, 0X T2 57, -UE Tl z2
T ZOREIEIE, ¢ R (phifRE) LLTHEIHN TV,

Jaccard score

Jaccard index (JaccardZBELEEARE) 1Z, Yo TIVOHEE T ~ILETERRT IV D2>DT
~ULy hOHGEE S D RESE, ZHHDOFIEEDRESTHRLZMEEL TERSN
5.

Zero one loss

ARHE OFIELRRHE DO, &k EOMEREL 0 TH2.

Brier score loss

Brier A= 71X, #ESNI-HER(0=p=1) LIEfET L (01 DfEE LD D) LD ZED -
P2 od U CIELNAE. 0L 1DORDEE LS. B BEOMEREIL 0 THA.

Log loss ( logistic loss, cros
s—entropy loss )

VAT o7 AR E DYEIR ThDH =2 —T /N Ry N — 772 8 THOWL DR KR
Thd. TN EOLGAEOHFIHTED. R NEE L.

Hinge loss

UEI T ADYGAT, BT~V (y_true) B +1 & -1 TZLa—REINTWAERETS
L, YT L DOPERIEK (decision function) THERRICI AN R E L2, Sl

OO E RS D H 77 (pred_decision) I, margin = y_true * pred_decision {Z#F 5723 —
AW H ALY, 1 - margin IZHIZ 1 L0HRELeD. EMRLIZHEIT08 R
5. INBEET TV CRIBUICAERIL, SHEMORERC T H#HEIAD LR
LI TE%. SYMET L OF T2 L IR AENS.

Hamming loss

FASTEHEE T~V DOEIE.
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2.2.10 5 )L OVERE HL

MR LRI X 0 B DM RE 2 B BRI RO T D72 DI NL D08, Sy fAas Bl O REZEA +
NI TERNZEN DD, KVIEMEIZIE, FEDT —2 Y MW T g O MR ISR R R D 22
DRSS ELTY, ZOEWDBHARDRIRTITRL, MEHICH B THLIMNE I EHERTHZLET, M
REZE X T DrHMli D E 2 L TEHEB X LS.

YRR OMERRIZX TR ENL, X T ~v—r T — Xy M AT, — IR AR (null-h
ypothesis statistical testing; NHST) (2L > TIThos. B2, Fl—DOT AT —X&%5LLC, R
SR % FAT CELER DR E LS 256, O t REEZH W TERZEND R LIS
S HEEEZ LT 5, @B R OEOITIRIFITIZ ¢ FREIC THENT D, O% ML
TR USRI AR (S DWW TR R A B2 500 E 0702 i § 572 8738 %. | Nathalie
DOIX, 27725388, 277 A3 FADRERHIZ2 AR E O BARE) FIEIZ DWW TR R T5 [38]. Zooftho Bk
HIZRIRE FIEEL T, AUCO DRI B 222 M 2 3 HDeLong Test [39)72E70365%.

2.2.11 bk 5258 7 a2 ~D %} i

= FH 5 A PN RbR B 2B 2981, R 7 — 22 OO Z LI B B R oI,
TNVEAERKT D ETOIERRMB®HS. Varoquauxh [40]1F, ZNHDEE FICOWTEED, 77 —4
Ty D&, BT VOMERFIECFN T EOBLENGIR S 21T T,

2.3 WG AR GL LR EE T T n—F

B OEAR O 1 DIZIRIE FE 305, A TIE, TRE=2—I LV Ry N — 027 ST 5720
DEMTRO /TN BRAARFRL TR 78 5. TR 8 IS ERSNDET /WL, TORED
S, ANEHTIORED RS/ EZPRHIC, ITFE B ZED WD, ZOREEL/2 D5 HET VIX
ANL=a—IL NI —7 (BHAVTEIC=2—F )L %y I —7, neural networks; NN ) T 5.

19584F1ZRosenblattiZ > T 3 —t& 7~y ( perceptron ) NELEINT- [41]. XR—E T, ==
—INFY N =7 DT NAYZX LD TR EMREELET NV ThD. B0/ —k 7 hrd, Bl
N7 b EMETI, ANTJT —2 %5 D AT g EHEERE R A )32 8 D28 O H THERK
I, Bifli s—t7 b O FNERRIL, BB E FEITWO e TESD. UL, HeAaaERF
(XOR) DIHZ, BT THIMIERFHFIIRIL TS ol T T, FERUERHFEICHISH T
DI BENT B =2 —T L Ry NI — I MR RSN T, BEERl =2 —F L 2o T — 71X, Bl
R—=TT I HELTHRERY NI = DARZED T2 D1 DD F T ADINUZZ DO A N %TH=2=
VU THZHZET, BHEHEICKIST 5. BER =2 —F L )y N — 213 O Bl S —2 7~
R BN EEELTREL, 612, AJ@L g orIciEivE (b2WITHEE) & 28l E
LR ENA. 2@l —t 7 hay (multi-layer perceptron; MLP ) 6 FEEND. —ARICHEER =
2—FNFy NI =71, AROFEHE [420NZ 5D MR AR TEEZ W TNEL ST A—4, KT
WEHE D72 O E A Z it 3 5.

BEIE = 2 —F L 2 N — 20, BERAIE, A o3 2 TRELZFmDHIENTEDN, B
FZREBOYENNTIX, EEE oI QIR AR = L, FE £ o (A)fEd
HR) ootz DT ERNTITEE A LT ZENTET, DD (W) Ry T —27 L
WFCEIeh ol TNERIRT 2 7ED12EL T, IO AT ORHSE RN EE TEL Ry T —2
WERDHAA AN L EEESFU TN

HintonbiX, LAY —UA XK —=0 T LW FEATIZ L > TARLHE R ORI L RTREZR T 4 — 7Y
— 7RV MARR LU [43]. ZhU, BB LB T 80T TN IRE 2 SSEINTHS. B
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JER Ry N — 7 ORI, B AL IELSKJE~T A — Ry LRRG, Xy T —7 2R TO/RTA—
AR YN CE IR T8 5. LAY —TUA XN —=0 T3y N — 7 AR 2w U i b3
DA A E L TH ML,

H[ R ORI TlE, LAY —U A XN —=0 VT DMEBENALARINC, LeCund [441I2 8> T
BEINTE A —=2—T )L %y T —7 ( convolutional neural networks; CNN ) (2L EH-
7z. CNNIE, B =2 —F L oy NI — 7 D—FiTdhDH. CNN TIET AV Z DB FHIAFEH ( convolut
ion ), 7B AT AT E W N A A 22 PSR T 52 &2 R E 3%, LeCunbl, F
FEHFEG I ETIIAODNZBITEDOCNND T L 725 LeNetZ R EL TS, MIZ T, B AL
B A W B R R DS TIIAE B [45]0DNeocognitron [ZHia R L TWAZELRFET REIETH
5.

ZDIHRERERT, BIEOSESEREE =2 —F /L % T —7 (deep neural networks; DNN ) 73
HHPLI B CRIHEND I o7, RO T E =7 NV L, RIETE £ 7 /L O F#iFH I
IS, B ERS T —<IZBW T, MO ARG, B0 AR SIEEHEE T2l v 7 e
=27, BERFNEEN DD T TRl Zik D LN TEDRecurrent Neural Network<CLong Short T
erm Memory Network, &0 5 E {44 H#ETE 4 5HGenerative Adversarial Network=<°Auto Encoder72 &t
X275,

2.3.1 PER DRI 728 LD

B FE S RELTZGE, RETFHEET VOER T TR, BERIEROM T E T VAER T
T EREILAL TWDDY, WD), FIFCRREED 7 A THRRD K35,

RESFE T NI 570 ACBITHENELT, FlEY, BR8N RToNn5. FHie
FX, AR T — 2 CHE R LB 21T CRE, F8 T — X OB\ Z— o & eSS C
BLRETHD. BBE1X, HOHERI AT R DI B E A OTT )V, BET D5 0OHE
AR DIZDIZHFEUTHH T2 FRIETHS. Hlz1E, — R E xR L LT KRR g T — 4
Ty N ChDHImageNet [46] CHE FADORE FEET /WL, EHEBZHWIFFEDO 720 DR 7
EF LU THIEHSI TV, CTOMRIE #7728 OFE A Ei#IL, 71 —A 7 — VB THhAHZ NS
<, EEMER72E DRSS RREIITSE R E S T2 E 7 AN SN DB THY, (ERHEE -7~ — %Y
REITMEE N5, LvL, ImageNetD XIS BDT —2 2y NCEEHSNI-ET ML, SESF245
W H— B RBTEL RN — IR L CNDEBZHIENTEDLID, [EHEGE VD HER S
ATIZBNTY, BT NNFEE T HEEOREO S — A ZE 5. EOXH7pEXI X0 E Bhein
EINRIRRIZIR DD E BT HMENDHLG AL, RELIEOT-OICHESN =T — 4y ot
LB R ICHODIIE AT VDT — 22y "OWEDOIREPBLR D1 D% [47].

BFED 7 0w AZBITDENEL T, 16RO (REXT —2% H0D) B FE ORGEL, HE0CH 5y
BISNT-AET —H 2R ZERERERE T 7By MEL, BT N/ RTA—HDF 2— =0 7 SORHERIN A
HIEL TThONADIZRL, REFEICB T HMGEEE, MOIRATONSET NV OFH B4 T 51
DICFIHEND. Hl2IE, BT VOFBEBEETHIET, Mk ChbiHMBfE N Ll s TR DRy
KT — 7 B A E AT T VO BEAEL TRATDRE N RIITHOR TN,

Zofh, RETFEET VER AL TR T 5260 T&E2.

2.3.2 BhhHes s L CoOBREFE =TV

DDFFIEDIATR U TR S — 2B B A OWRE FEE T 7 VIR i L L Tok Bz R
7ZFZEbTEL (K 2-14). B, CNNI, Bl b, TROBICARDIZE R — ORI A
FTLODEIRT, IRWESO PRI NIRRT T —Z DR F— %, TROEDSD 3R
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JLIRT —BDFHENE— G LTS, ZOLIRFHEEZFIAL, 78 B ARG E T VOMLEED
R D%, B R D7D ORI S L L CTHWAZEN AIREIL /2D . 2O X7 T L~
DANETHZEZE XU THREOLELIO X, RERHE ( deep features ) EHFEHLND. TEE
B0L, B0 FAIIILKEEAERHITHLEINER MV Ry 7 ((bottleneck layer ) HEEINLD
TEBZUN.

[ 7 — &t bW LA | TR ~723512, BRARMFSE Tl ML e BLa DI 8 2 o TR
7R TN AR BT HIENH NN DD, P TN AXDNSWNGE, RETE T 7 m
—FNEHERINERDRWGENR DD, ZOLIGE, WEROBEWTE T 7 v —F N@RIRSNDH3, 7
JE R A T — 2L THWAZET, FE OIS TELLEAENHS.

o

Y

h%]

w

X X X X X
5

input
CNN — SVM

X

n-1
Bottleneck layer
B 2-14 ZEEHORBFEE ET N0 ORBHIEHA A —
( CNNZFRHgdh HER L U TR 35 2 & TRONDIRB RHBE R OB T E &7 (Bl 2 1%, SYM)D
FEIZHNDT 7 a—FOf)

2.4 NS LD DR MLE =3 Hiffr

BB OT NIV R LD B EEHENTFE T — X ~OT7 72 A iR E E-T-2 81280, &
FAINERIEFE DU — 77 0—0—fEME IS 208 WIR STV a. Lo, EFANT
KBS TODEITN 20, EIFRA~OTEANEFROERBE B O 1O1L, FFEOHIRTE 7 /L3
R, FRCT T IRy VAT VA AN BB T 2B AMENRZ LN R 2T BN 5 (48, 49]. RMLZIE
SERIT, BEREOBPMENEHEIND. ZDIH7RE AN BT DO R EI L 57~
¥, ERRSTEIZBWTH L A EEZR AL ( explainable artificial intelligence; XAl 23FZEE31CVA. AB
Arrietal> [5001%, XAID F/eRek (R 2 -7) &5 2281F T .

£ 2-7 XAIDO LAk
R

S

o

Understandability (BEAEL R°7°X) T ILOWNEREIESLE T VRNEECTT —Z 257 LT Y X LW 7:
TEADI T 20BN, TOMEE, DEVET ANEDIDICENMET
B NENCERSE 5T T VO AR,
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Comprehensibility ( T fi#4:) R T NIV LREE U miE NIRRT W TRBLT 5
HEFET. ERACSIREER -0, @E, TF /L OEHES DTN B

o,

Interpretability (f#FR R BEME) ANRNCESTEFLOT WS ETEREHI 5, Foidthafefts
DRESIELTERIND.

Explainability (F5 8] A] REE) ADBBREZEATI O DAL E—T 2— AL L TOFH LW

HLBERETHY, NCHEfEAREChHDHIL.

Transparency (% 1) ETIUE, TN EKRNERTRECHEA, B THHLHREND. £
TIAZIIEA RER LT XOES VRS L0, BT VOFEHMED,

Ralb—ar iR T IV, SRR ET IV, TOVTURX AT

7eE T A D3 DDMEIZ DOV TSNS,

ZNHORHE, BIZIX, AT —2BRET NMIHEZONIZEED, R HEERRIZONT, 77—
ADEDERNEMINTNERTIE, TR CRINT IR B R IFRNIERTIE, HDH
%, T DA FIOBRE AR R Tho)0od WM A E & # X, HERORREZ R T ZENTED
LR EDTEDITEBEIND.

DI EEBIT D7D, TNETICEBEO L TEIMRRIN TS, £ 2 -8ICfAFEM
TRXAIAT BT 5.

R 2-8 —MBVZRXATEAT
FEIK X 4y FiEA4 LRZE
(e Sin] LIME [51] B O E TT V OREE &I UL~ TR
T5.
SHAP [52] FHEOTEME LS — LB IEIEZ DT L
Tt 7 5.
Permutation Importance B EOEEZT A DIy 7 )V, HEERRZEORE A
HES D, ZOBFLBFHETRHROIRL, vy 7L Eh
T2 L CHEERRZE N KR ELRDRHBE RO 5. REZENK
LD FHREDHEE IR T D EE R R Ch DR TZ
L CHHE FREICT A,
Partial Dependence Plot/Individual | &L MEMREE €T L OHEGRfE R 52 D8
Conditional Expectation AR LT 5.
Tree Surrogate PERET LD, BRI TS.
BRI E Gradient TR E Ry N — 7 O AR E LTS,
SmoothGrad [53] BED /AR EINZ T2 AN FINT, A0 T AR
T 5.
Integrated Gradients [54] A SO AREFES L, AT (SHE) 0L
155,
DeepTaylor [55] Relevance propergationlZJFHHE SN AE Z R LT
Wb~y 7 a2 5.
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DeConvNet [56] AINCKT D 513706, RS0 WS 7E421T
W, FOREREED ., WEREOBRIE, ActivationZ S
VLI~ AT ADEETYBRT-0IZ, BB~ AT A
72D E T A 0IZ L B FEGI R IEIZReLUZ VD 2 L
LIRS EHEA.

Guided Backpropagation [57] AT T B 155700, H IO W{REZ1T
W, ZORERESD. WEIEOBIE, NEERERFICReLUD
WHENTZ AR L CReLUZE 5.

Layer—wise relevance propagation Layer—wise relevance propagation(Z&~>7C, JgZ Lz AJEL

(LRP) [58] IRIE L CRHR SN A b~y 7 R AR 5.

CAM/Grad—-CAM [59] CNNODFy "I — 2% T, CNNODE- IR ATy @ D A
ERIRALT, BN CEEREREZEHR L~y 724
BT 5.

Attention [60] ANT —HIZHkTHEREEFE T HIH5EE T DAtten

tion#A# & FI I L CHE B il nT k372,

#F 2 -8IZIF T oM, T L OHERRILO RS T, FEH-oERICL-T, ¥ —F vk
BIRFDOY T VDN E L, FEHREER AT T AGHINOE T T AR T DR TR 7R E DI
GO E TR A E I SVASN

XAIOEAMIREL, #kD (FERRT =2t REU) R T V8, REFE IS DIy
b, Z20h, REZREINC OV TS,

2.4.1 BRI 72 2ot R & LT HEEARSL D7 A

2-15, 2 -16\Z, WtBH ATREZ 2T VI L AR AT REZR T WA 7Rk T, 2-151%, VA D
CWEEHEE T AETANSELNI-HEER RS, LIMEZ W TR L FlZ R TS, UL DME
PHEE T HT-OICEHE THLIK D, VAL O =B O M E OHEEIZE DINTEHE L= )N EBBln
\Zhs.

Prediction probabilities NOT good Feature Value
bad alcgi;sul =1140

eood oot
excellent 1.70 < residual suga.. |

fixed acidity <= 6.30)
o0

3.18 < pH <= 3.25|
oo

citric acid <= 0.27]
T

0.47 < sulphates <=...
0.00)

olatile acidity > 0.33
0.00

free sulfur dioxide 34.00

2-15 LIMEIZ X B A E o#m~DFEEIC L 235
(LIMEZ FHWWTCU A D GE  bad’, *good’, “excellent’ Z43 B LT-1. £33 A E DI
BT INEBCHB SN TWAZEN DS, VAT —4 [61])

2161, PERET N (J48) 2 E L, IRERT T 72w U ChHDH. ERE T T7 ORI T
ETCETFTANEDINTHIW AT > COADE BB R T ZENTES,
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petatwidth

<= =0,
Iris-setosa (50.0) petalwidth
o=

petallength

petalwidth

K 2-16 WEANIZ X DR FTRE /2T T V4]
(WEKAIZ TClris7 —# 2y MM JA8HEE L, SR fE LU TIRON TR EARE AIF L. IREARET L
L, HEFEAR A WA LN TEA-D, fEIRA[RERAID—FELE 2 5. )

2.4.2 TRIE 87 )V OHEEARILO A

VRJE 738 OHEEARIO KRBT FIEITIL, REBO2OT T m—F b5, 2=y DS~y
T AFE, PREOH EZOEERFUET5FE, WIROBIRLEZ R~y T2 BT 5
FIETHD [62]. o077 —F 055, WIEOEIMSALE A T~y 72 AT 5 FEITE SIS
DR TWNEVDRFTMNH LD, BRSIEET WICISFIHII TV, Zhou b [63]1F, HDHEIEE
FHEBFHOEG R NI — 2 AT LT 6 OB AR EDH T (FigE~> ) &, R 7T AL
KT D afE G B O EAE W TEAMTEME T HZETHER 77 AT 2R OIS E 4 7R3
<o PR LR RAL AT 15 ( class activation mapping; CAM ) ZHER1L TVA. Selvaraju & [59]1% Z
hou 5DF 2 &S ET-Fik ( Grad-CAM ) ZHERL TD. X 2 -17(2Grad-CAMD Bl Z7= 9.
ZHIBRE A BICBITAIER V7 AO M &R E~ Y 7 TR T 528 T, R 7RI 5 R
BV T ORET X FNVOEEELRD, SHICZOEEELEALEL CHEAMNEME T H2ET, CAM
EIRERIZIE B 77 AT 2R OIS AL E 23~y 7 a2 A L AT b T 05 D Th 5.

X 2-17 ImageNet3BEF HXceptionZ FV\7=Grad—CAMD ]
(block14_sepconv2_actE Dt F1%F| F)
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# 3%  Radiomics®HEGETH 7172V : Radiomics]

3.1 ZLHIZ

Radiomicsi¥, EMEGENODIEMWZ 77 FAEMFRIFEEL TR A, i FRIMEEL ~ bR T
FT, HHHREFEOmics|IZIESEFEDBRER D 3 B HDHWIEFE Th . RadiomicsT 7'm—F
V%, BURBRIE RO R ORI > TEHERER LZ X LS. ZIVETIZ, EIZNADFEEKT
Radiomics 7 7 @ —F ORI TS [7]. Fanb [6411%, 1p/19q3t /R 2 (IS 0D Yu (AR 28 L)
DF A2 TR T 5 et A2 R L7z, Wangh [65]1, Radiomics®HEAS, JHELD 502 LW 5 L6 yE ik~
DS T DH T2 AT~ — I =720 B LG LT,

Radiomicsid, & —ZUREELF 2L — g, BELENK ( region of interest; ROI ) < A7 {ERK, Radiomic
SPFEERIR, 7 MEREFTHTE VO AT v 7 CIThivh. —iIZ, RIFET —2IXE /L7 °PACS
DUV B X SN, The Cancer Imaging Archive ( TCIA ) [66172E DA —7 o5 — &4 < FI A E
AUCND. ROL A2, {6 R OfifAT kSl A B T D7 OIT/ER SIS . 2o EAER, EH
B fRAT 7 N7 = 7 eDICOMY —F AT — > ab & AN TITHIZE N TES.

Radiomics$HBEDFHHRIITHFHO T 07T LR ETHS. BIfEE TIZ, PyRadiomics [67], Radiomic
s Calculator (RaCat) [68], Medical Imaging Interaction Toolkit (MITK) [69]72E DEINLI=A—T 2V — R
Tl LNV —ASI TS, Bl ZIE, PyRadiomicsid, fHHBEDZNT I/ AFYOFIHECSED 7 1
7T NTHREL, Python®D T/ 3— THEAEZ ATREIZTAZE T, iR LAl O W ENMEAZ W2 LT
W5, F7z, 3D Slicer [T0]07Z7 A LLTEIEL, V974 2—P — A H—T 2 —Z L TOMWER
HLARETHD. LML, A TEHMBOFHEEDOFASCFH HA ROIXD X, EITTEXHVAT AL
WZHIIRA N D72 8 OFFEDFRS LTS, ZO LRI IS rTREZe #7723 E 747 Z U1, Radiomi
esDIMEE RS DI DEFRITIRD.

AWFECTIE, ZOIH AR 3 5 —BEL T, A —7 ) —ADRadiomicsFH¥EH R 747 7V T
HDHRadiomics]ZBHIE T 5.

3.2 RadiomicsHF{#

RadiomicsF¥#%, 7t/ UG BB SR, AN TAIZIESFHE, TEREIIZRRHE, 727 A
FRIEE SR LTSNS ZSIFHEICEBR R ED R BISND. ZNHORIE, AASHE{S
& B CHWT DR D 32—, 2B, AD B T SHVEHKD /5 — 2 7T T2 D A
BRI RER BB 0T — 2 LTS,

RadiomicsH I Z ML THY, FHMFE L CTHWVIZEVRWERZMNEIZENTED. Hil2IE,
FLIRFE R A7 FFECOE AR T MM I DSFFBIE, AN H TR TRARD 2 — L ik CE L L0 AT
ThHo T\ F—2E BT HZERNHELWEERHDH. ZOIRG T I AT X I H S E D
T HIET, BRI FTREZR 72 B D/ Z— U AR CE 5. — 5T, RadiomicsFHE D FITIZ,
FHBS T DRSO E BN E VLR — THARL N B2 Db 0L — B FTWD. ZO L7 RH I
Bk 738 D/ SA T T A ANl ORI LB CERRANS DL E R B 5.

3.3 Radiomics®FEEIET A7 Z VB3

ZHETIZVW DD D Radiomics B ETH RN A REZREH R T A T TUNABI S TEZ. UL, IS RHL
EET AR, HETEDOERDOEWREDOIHIZL T, [FURadiomics B ik &4
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PR TERNWIENFEL L RSN TS, Z0 X972 Radiomicsh D FH R 2 AZHE(V 357D D B
VLA, Imaging Biomarker Standardisation Initiative ( IBSI ) 2385. IBSIIZZ< ®RadiomicsEi{# D &
FAEWEIZTHEEDI, IR ROEESMEZMIR T D202, T VXV 7 7 hAERZ -5 BE
Z/NBAL TV [T1].

ARFZETIE, IBSINYEHLG 22 &2 7 HI|E U CRadiomicsk i B HH 747 IV ABR% L=, £7-, IBSIIZIE
TEFRSAV TR, BRI A CTHEE LS X IR (Fractal Fi#72 &) HIBSPE Sk A DR & IX
BNZIBINT 5T & THI 73 ~ R AL FTRE R B IR O iR b & X > 7.

Z% 3 -1iZRadiomics] CEtB Al HEZR RS T 7)) — S 4585 %A 7~ . RadiomicsFif 7 7V —IXFNn %
NWERRDBMEEZ AL TRY, ET AP — P T2 MIT 5. BT — 2O 2— 22 D
72012, EROIE FIRER—ADREFHCE AN T WA —AD TS ER DN BV TND. JERERY
TR, FLASAOMIS AvZe E DB B F I EAR L SN DR DR E T 2 DIZH T 5. £
72, TOVAF Y ORI EL T, GLCMIZ, FLalt it ECE AN T AT Tl C&RW R A7/ 37—
L ERINSEHET2DICH R THD. S5, GLRLM (B IS/ 235H45E) , GLSZM (2125t
a9 BBlobHAR), GLDZM (JEIR KT DBlobiLE L VA X)), NGTDM ({§ 5 7/34—>), NGLDM
B BBA RE =) RE WD, LT, 7TV ZNRTTIIEEDEMESEE£T.

Fi2, TNHORIT, BRI X S CRIEES - BiE ) DR R SND5E, BT 1L
VTN HESFFEE L TR ZEN TS,

%% 3-1 RadiomicsJASEE FJEE/2Radiomi cs B ( IBSIASFEHEIZR DI TIRAT. )

Feature families Num of Additional Excluded
features

Morphological 25 - VolumeDensity_OrientedMinimumBoun
dingBox
AreaDensity_OrientedMinimumBoundi
ngBox
VolumeDensity_MinimumVolumeEnclos
ingEllipsoid
AreaDensity_MinimumVolumeEnclosin
gEllipsoid

Local intensity 2 - -

Intensity-based 21 TotalEnergy -

statistical StandardDeviation

StandardError

Intensity histog 23 - -

ram

Intensity-volume 6 - AreaUnderTheIVHCurve

histogram

GLCM 25 - -

GLRLM 16 - -

GLSZM 16 - -

GLDZM 16 - -

NGTDM 5 - -

NGLDM 16 - DependenceCountPercentage

Fractal 1 - -

( GLCM: gray level co—occurrence matrix; GLRLM: gray level run length matrix; GLSZM: gray level siz
e zone matrix; GLDZM: gray level distance zone matrix; NGTDM: neighborhood gray tone difference m

atrix; NGLDM: neighboring gray level dependence matrix )
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3 -11%, DICOME =—U L&) 4 ARadiomics ] DENEA A— %7~ $". Radiomics]iXRadiomicsi
A ETDHEa— /L L THERETAZE T, DICOME 2a— U ~EF UM ER R IS A 695
ZEPESNTND.

e G Foe
L Tl o At g o -

ORISR ASBLBO -0 v AL

X 3-1 DICOME =— VU L#BE)d HRadiomics]
( /£:DICOME =—", 4 :Radiomics] )

3.4 7L —R2,3MMMEEMRIE 2 F VN 7= 5 Y 0 R 28 B HE 2 58

Radiomicsi3—f%iZ, BB LB LMEEZ ED, BLOEBNDREAIIHL, 260 RH#z i
DI (BRERI2E) LB DR TT —F ey b et gL, 07—ty b N TET A2 E T
2. 3 2R FERFIEDO AR

MRI series Tumor Feature extraction Model creation
segmentation

ROI Mask

Feature selection

" Feature families )

. Test and validation

Clinical variables

X 3-2 7' L — F2, 3MEBEMRIE £ % A\ - B R 2 B EBR D 72 ¥ DRadiomicsFIE
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3.4.1 F =Xk

REBRTIE, 159 AOBEERE DOIFFHTMRIZ & e Cancer Imaging Archive 1p/19q7 —4 &~ M 13]% 1
L=, 2057 —ZI2iX, 1p/19gDco—deleted armZEi-2102 A &, co—deleted arm T/ b7 AN D ERE 23
EENLTNZ. HEDZ L —RIZZ7 1L —R2(h=104) BLOB (n=55) ThH-o7=. LGGOFESHEIL, Z 24t
EMERE (n = 97), Z2EEBAE (n = 45), BLOEMIEME (n = 17) TH-o7=. Flvod H I 13 425% (F
P, 13-84), 2O F —Z By MITLMET6 N, BHESIANEG EN TV, ZOF —Z v M, K95
FHOWER TR B, T25RFHES, BIONEBROI~AZ G NE TN,

3.4.2 fh.dRadiomics 7477V LD L

Radiomics]J& D EL#Z D 7-H1Z, PyRadiomics (v.3.0.1) BRI HE . KV — DT 74V N CEEPE AT
BT N COEBFHEE FE 7 — 2y MU TR L. 58 IR B P G O R D72 L
OEBERITET VOMERRANCERES N2, £z, FBIRED0.90L EORHEEITE D — F RIS
iz, 7 VOFHMmIZIL, PyCaret (v.2.3.8) ZEH L=, 7 —&EyMNIT0%% N —=7F —ZENY
T —ar T —HIZ, FROIET ANT —ZIERE AL T N — L TR EIS Iz, 7TAT VDR
YJfiiiX, Synthetic Minority Over—sampling Technique ( SMOTE ) {EIC k> CIREE S LZ. 104581
RREEVEIZERY, AUCD i MR BT 7 LV INEIRS L.

LRERORESRE, Radiomics] DB RHEA FLIZVERR S VIZET /L3, AUC 0.78, PyRadiomics® {4
% BB S NT=E T VIZAUC 0.76% 32/, Radiomics] 2Nt CED MG KD 7 13 R E D
WETAELELLE (K 3-3).

w0 ROC Curves for LGBMClassifier 0 ROC Curves for LGBMClassifier
I_,_i B —|
08 f 08 i

—Ll

o

-

True Positive Rate
True Positive Rate

=
=

— ROCaf class 0, AUC =0.76
ROC of class 1, AUC = 0.76
micro-average ROC curve, AUC = 0.79
macro-average ROC curve, AUC = 0.78

02 — ROC of class 0, AUC =078
- ROC of class 1, AUC =0.78
micro-average ROC curve, AUC = 0.81
o macro-average ROC curve, AUC = 0.80
ap = [
oo oz 04 06 o8 10 oo 02 o4 06 o8 i
False Positive Rate False Positive Rate

3-3 AUCIC & 5 trilg
(#£ :Radiomics]& 7 /v, 45 :PyRadiomics &7 /L)

Radiomics]E7 /VDAUCH K72 ST BRI EL T, FHHE ATREZRFFBED BIRL TV o EB 2 bz, Py
Radiomicsid3 W ITHFEELEL T 110 {8 (B 7 L2V 7720 ) ORFEEE F H TEHDIZXIL, Radio
mics] TIE 1T2E DK BEZFIHTEA120, BT NLOFEBICH R MR- E 2 6n5. #i
% 1E, RyRadiomicsiZ, Gray Level Distance Zone Matrix*PFractalfF iz & A TR, T, KRRETTC
ERBRITRBRN ST R EEL T, RER Y —FH (120280305, 2D L9572 %F#b Radiomics 7 7' —
FIZHNTHD A REENRHS.

A A%, PyRadiomicsD A% ELEZIZ T3, ZoofhiZbRaCat, MITKZ2E, IBSICEFSF17-Radiomi
SRR R AT — b 5D, LnL, #HR ATRE RSO FE OB T K134 — k735
728, Bk, SORDLEBRFI AL ETHD.
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3.5 F&o

ARAFGETIX, A —7 ) —ADRadiomicsFHEGEHH 717 7V T DHRadiomics ]2 B FE L7z, Radiomics]
IZIBSIV 7 7L v A~ =7 )L CHELES U CUOD R 1 C7<, Fractal fF A FHE 762N TE D7
&, BE BB EIRATRIECES. Radiomics] 23 T2 BIR R IE R DO T8 7 7 m—
F ORI E72DET VOREEREET 1T T/, AP CELRBIN T — 221D VOB T
OFARTREMED M) LI E k5.

Radiomics]Jld, RadiomicstiZILADMFZED = Z X D=0 DB T 7290 — N L2 T2 Tl A —

T = AT T LELTARSNDZET, EM R ARG L LT R RO 72D D HIERY Y — AL
HZEDBHIRFSNS.
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HATE ISR B At R E LT TG S
T OB AT REME DA E DT> DAL EH LI L A K
(RN

4.1 1ILHIZ

RIBAT — 2% FH] T — 2L THOWDIEROM - E 7 7' —F 128680, FEEIRIIZ D17
FTAL ORERAZRDETRWFIAE 0o TS, FEEGERIUE, B RO HEE A 272 e Bk iR
FTHILNZLDHEERE ) b, SRR E O M) E, HEE TR D72\ RS BT (K TTEIRD 3
LHZEIZE DRI RE O Em R EE HRE L TIThiLs.

INFETIZEL DE A Mg 2 % R E Ui 5 FE DO 7280 O R ORIN FIEN 0 B RS T& 2.
LoaL, ZILTHRBE—72 FIEFRNIER, B0E CIVIWFIEORBAEEINLTNDLIEND,
FrEUEIRO T VTV X DERRHT DRI TV,

AIRETI, BERNT ATV RLE AT UORHEORIR FIEZR R L, 20O FiEE AW REEE 5
ZmCCEDOARAMEICOWTEERTS.

4.2 BARHIT NTYRX LNBIGHNDIRIE (R A 7 L N B

PERDFFGEIR I, Filteri®, Wrapperis, Embeddedi®, HOWTZNHOMAEDLEIZEVITHID
ZENRIITHD. ZNHD FEICIDRHEINT, T NV OHEERBE 2 R RMES DDA /T
HHLOD, FHEOMA B DEET N—T LU THRATZHAIC, 7V —TORZ B FIImkEsh -5
WEVIORRED o7z, BRI, BT VR —ADORHEE EE S C, EEEIRICEEEINEI LT
FE e KA T DR OMAE DR ERE T D0, EHEEOESWRHEOMAGHOEEL TOZ V—T L
BUIATONDD, EHEE MRS E 7 V— T 1CINZ DS KA BRSNS,

UKL T, BT VIV R AL DR MORING, B Vv —7 LU COR AR RAHEERE O’
DR D2 ENTEDLI AFRIED 1O THD. LnL, BT VTR LI D RHORINE, £
TNNR—ADORHAEEE DI, T VORGSR B L 5.2 DR T ZNANL S DR 72\ o), i
IS EE DN RIS DI M N — T HRR LT 1%, Z DT THEE ~D BN RE VAR E 528N
WL D07, 2T, ARETCIHEEH T DY R MO AR LIRS BRSO At
(Hall Of FameZ2ff#l{£) &L CHhH S 7= F5E (A ZRE AL T 2K 1) O BRI EFEE (I ML, Z
NEBEEELLU IR DRIER AT REZEE | (T LT U XA 1) EHWZBE T LT R LR —
ADWrapperiE 2 35.

Algorithm A genetic algorithm that internalizes selected individuals count importance

Procedure:
1: Population ({EAFE: RO AEEHE) 2 0IHME 775
Hall Of Fame (i it~ B 23 e RO RHERA A G o) 20 L3 2 XA BB DR8I 7 & A
for number of generations do
F R MAROEERD)ZN—F AN TR T 5
F AR TE DT MR LGRS Bl A LS D
A IER DS B Z RO T RN DR (R DM A& 08) 27T T2
Hall Of Fame# - $&IZ 59
FFRNOME A THall Of FameZ EH7 3%
Hall Of Fame (Z DA Cli i OFEE 2 ERR LT FFR OB o) R 1FT5

© 0 3 O O &~ W N
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10: PopulationZ T FRIZE & H#LZ D

11: end for

12: KR OHall Of FamelZ & FAVHRHE O H B[S GERIYB A A 7 N TR & 5
13: e KKSE OHall Of Fame D8 b, BPRER DT NREEE LIRS

TAIY XA 1 BREEDY VEEELZNFE LZEBEHT ALY XA

4.3 BTV —F2,3 BERE1p/ 19 KRR 3 HAZ X R E LI RF
BEINFED H

4.3.1 F =Rk

3EDT — By MIHET S, FHF —#L LT, Radiomics 5%, =B E, ERRZE 8 (8 A#0E 13
5. 205G, FRIRECHAERNT, HRIBIED L —REHEET 5 FCHRERKN FTHAZENHS
LT3 [73].

4.3.2 EERERE

RadiomicsFF{#I%, Radiomics]Z FVNVTIT20ORHEMNFHR SN, RBFEOMIL, €T VDR —
Vo7 B ERILS L TUVDESfcientNet [74]& VT T4V, FREdh I AW DAL/ EfficientNet D & A
TVX, TAE FERRIC L b S SRS Sh 72 R g A i A U7 SR8 1T 7 EfficientNet-B32S 6
. B RS XEfficientNet DR MV 1 7 B CTdh D Average Pooling Layer2 b SAU7-. 1R K
BIIT 4 LML, ImageNet (552872 L) , B8 €T L O NE b S 7= R
Y

FEEORPGEELLC, L, HA BRI EIEIRIES L T F HEHEICED 5 H 1 (ANOVA-F), &
TNR—=AFEELTTUH B TV ANET VORHEEERE, T7 L-_X—A TR OEWFE LU
CPermutation EEEEE, BIOARRR FIEOSFHEN VOGN, & 4 - 1S FHEENEDOR E/ T
A—BHmT .

K 4-1 BRHBRRIEORENT A —F
Feature Selection Parameters
Variance threshold Threshold: (.8 * (1 - .8))
ANOVA with F-statistics (ANOVA-F) -
Random forest feature importance Number of estimators: 300, class weight: ’balanced

Permutation importance Classifier: random forest (number of estimators: 300, class weight: bal
anced), scoring: roc_auc, number of repeats: 3

Genetic algorithm Estimator: random forest (number of estimators: 300, class weight: bala
nced), cross—validation: StratifiedGroupKFoldCV(number of repeats: 3),
scoring: roc_auc, max_features: 100, number of population: 50, crossove
r probability: 0.5, mutation_probability: 0.2, number of generations: 3
0, crossover independent probability: 0.5, mutation independent probabi
lity: 0.05, tournament size: 3, number of generations no change: 10

4 -UTETNOFHE 7 vt A% /T, FEdhHOT- D ORTELELC, (L, ERDOFRE, 8
BAMREORIME (0.9 LLE) Zi L=, 87—ty M, 70%% 3 IfT —2%, 30%%7 AT —2IZFIH
L7z, FHSORPULINT — 2% W T Tz, 8RO fERE S L C, AUC, TEMESE (Ace) , J&
BE, FFELEE, fl-score, Log-loss?SHWBALZ. 2055, AUCITEHFEEL L THWWoiLE. £FT /v
DLFNERRIE, AR EEERIE THELND BRI TR SO RS A AR INEIZ L > T
MABDEEEZDHER SN,
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» = i ;
< a H . v i
5 = Variance . i i
=] o ) '
g < ; Threshold | Variances o ;
= =] . i i ;
3 21| ¥ .
@ =4 : ;
T g ; H L ;
g, » % — ANOVA-F test - F statistics ] H
£ S| 5 ! i ‘ Prediction model '
w |~ R i evaluation ;
<] c H !
Ep Sl= |2 | e ‘ ]

o} @ ' . P
L-‘i 5 N[ T | & ; = | H Random Forest 1 | Feature Ny ;
o | § Tle |3 —: | S i1 | importances 1| T with feed forward

'g 2 ; § S = : © . ol selection
5 & ! gle| S L1 B H i ] I s i
© @ P n =] © H < ! !
€| 0| e = - v b .
i 2| B & | || Permutation i | | Feature L
; 51| 2 Importance i1 | importances i o '
= g ! I '
(2] '
g 5 | i
> c : Number of feats :
® 5 ' ) i1 | counts selected as i umber ot features !
g 5 Genetic Algorithm 1| superior individuals i '
£ 3 | ‘ !
&= !
4-1 FHl 7 =& ABE
3 ¥ - B2y = - - PAN = N 32533 -

ZLTC, AEEOBACIC I A BT D012, Bpb5E T — 2y v T SN Type 0

25 Type 2-cETOTODET ANHIRSINTZ. R 4 21Tt SN 7 VOFEHAZ R T .

# 42 BWBRINTZETNAEZA T (ENENOETNLVTEET— 2y hOMABBELENRRER

%)

Predictive model type Combination of dataset

(Type) EffNet Image-based Deep Deep Deep Clinical
type feature feature feature feature variable

[RandomInit] [imagenet] [transfer] (age)

Image-based feature (Type 0) _ (4

Deep with randominit (Type 1-a) B3 v

Deep with imagenet (Type 1-b) B3 v

Deep with transfer (Type 1-c) B3 v

Img+Deep [randominit]+age (Type 2-a) B3 v v (4

Img+Deep[imagenet]+age (Type 2-b) B3 v (4 4

Img+Deep[transfer]+age (Type 2-c) B3 v (4 (4

4.3.3 Sy KA

F 4-31F, HEFIETROAUCHELRST-ET VDA, e RAUCH DRSS, 4y 3ErERED %K A
AT HRLIZHDTHD. T X TORHERIIET, &b @ WAUCERLIZET LV DF A7 [ IRadiomicsh
o IEFE T —2LUT-Type 0CTH-o7-. Type 0BT IR WT, IBEFIEETV A LTV ANILS
P C L DT 7 a—FTlid, AUCH30.69, R HEEH0.65& 5 i<, Permutation 8 2 & CldAcc
730.64, JE&JE0.64, fl-score 0.69¢Fch EiA 72, ANOVA-F% IV /=Type 07 /L DAUCIH0.64L 5
&> 7=.

HROFTIL, EFIEDType 087 L) /IMDLog-loss (0.65) 27k L7=. ANOVA-F&T 4 2
TV AMIEATFIEE, 0.700 5 KDLog-loss ThH-o7-.
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£ 4-3 FEEIGIRRAICET VI L BZ D55 MR

Feature selection Best model Num of Scores of metrics

type selected  AUC Acc Sens Spec f1 Log-loss
Variance threshold Type 0 24 0. 66 0. 60 0. 58 0.62 0.65  0.68
ANOVA-F Type 0 40 0. 64 0.57 0. 54 0.63 0.62 0.70
Random forest feature importance Type 0 30 0. 69 0.63 0.61 0. 65 0. 68 0.70
Permutation importance Type 0 24 0. 68 0.64 0.64 0. 64 0. 69 0. 66
Genetic algorithm Type 0 13 0.69 0.63 0. 62 0. 65 0. 68 0. 65

4.3.4 RO IRED R I B 355 5%

MRFIEL, RODRWVEEE (7205, mORITHIBEIR) , &b EWAUCERFERE, B U/
DLog-loss ZFFOET NERMLLIZZEND, LM ORFEGRIUEIZIE, RERIZh 2 Eb JNE
FNERGELIZEEZ NS, O TENEHTLICEH T50I125 L, BT VA R LIRS
P Bt b T DRFMRE 2 RN 5720, RadiomicsF{¥, RN, BRRZE D IHNTEHRE OERE
RV ENSNEERR DL N T, MR Z S O DR 2 R IN CE v RE D B 5.

72720, 2 EDBAEBUC LD T ClE, WY7REEHT LT XD NA /=T A—Z DGR TE
SNIRORY, RFIENGIINAB DR GAENHDLZELEZLNDTZD, NA /3= 3T A—Z Dk
NEHOMETHDHEE 2T,

BPUEA A O NEEE X, BEOT VTR ATERSN-A MR OHall Of FamelZ & AU HRH%
OHBFHAFER LI ETH LI, RICEEEZS SR EA SN LN DD, ZORE IR
T 572D, HARDINEAL CEASITEITIREDEEELL COMMGEL @D LU RN HRMLETHD
EEZ LN

AR S HEIE EANOVA-FI, R BOEIR FIEIVS D FEMEREDME 723, Hiat
HIFEITITRFHME TR TED AV h3dHY, 73 HEBIESPANOVA-FRE DGO Tl T528
HTEBHI0, FMORINFELL CTHERS AW DIT Tlided, BENDEE TET AR ORI
HAENAZENEELNEEZ LN,

4.4 F&b

AIRFTIE, BARHT VIV R A LD RHORPUIRIUEA T NE B 238 AUz, J=IRE R
VNEEEL, BB T VTR AO AT LIRS B BRSO A S DENBELIDE R
HOHBEEOERME CThH L. ZOBEEEIL, SN RHET L —T O LEGITHEE IS EED
REWK T ZRIET DIDITENLD, HEROBIRIT VT VR A EDFHEERIR CIILBE TE o7
R v — 7 i % O B |2 LD WrapperiE & FIREIZ 5. IMMRIE{E 2 N2 1p/19q 3 R 05358
ZEXBRELTZERIZEBW T, 1R FIEIIRGES Nt O FFOR UL L L, IRTTHITB O R K E
<, 20, FEREEDNEL, BRI NESDET VAL,
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50 EfﬁcientNet%ﬁH Wl er o7 4 BERA
JRAV A 455 F512 381 A Grad—-CAMIZ L 530 B 7] g
PEDRRFY

5.1 IXL®IZ

RREE LD EG O T 7 a—F L, 1ERTIEIVL R E A ) LS AT ENTEL ATREMEN
&;D, (= FH [ 1%:%\713&% FRFZEIT IS FHEN TWA. 2, CNNROERE %5 £5 /113, Grad—-CA
MIZE > TEBH) TONOT O HEEARILO BN v e L 72 b7e 8, R E DT Ty 7Ry 7 AREIC
KT DR EL CTORH ATREMEDUED HEDH HIL TV,

ZOXHRAEFEOLE, RIFFE T, ~ TS T7 4 LA IR D B Bk HEZ I A, Efficient
Net [741% A= JRAVGA D43 HEKS B 16 L ONGrad—-CAMZ F U= 3 B AT REVE IS SN T B AT REME 2
FREELT=. LA ZE RIS L LT IT I &*i%)$< FLAN A ORI B LR T 72 DRI A IR A2 6 52
J:Lﬁﬁ{%v\*”ﬁ ZEAT AL T CITE W R E S IR CE D FENHA [T5]SITnATEN D,

REFH ié?7m—9‘0)*ﬂﬂ}%ﬁd%ﬁ5t LI R R THHEB 2 HILD.

~UERITTAE, RIS EEPMRIZDS A K LA HZ LB TS, AR CRrICiU A

JRAL) DFF R, FUBEIRZEORH BOZW-CHEAME R OH| EICEE CTHhD [76]. AIRKLOF A B BhH 5]
T HODOBMILUE D FEET VX, A a—F BB W AT MBI LE MR T 2— LD —
DELUTHERET DA RENED 5.

5.2 EfficientNet&Grad—-CAMIZ LAHEEGIEBILOFER

EfficientNet!E, HRFIZ=a—TF L2V MET VOBEEELL, FE/N\TA =254 THILETEFEE
RETNEGIOETHO TR, S, LS, ffEEOBLENOET NOT —X 7T/ F ¥ 2B BT
WZET NV ERELTHERSIIEAT =V 7 FIECER SR 28 €7 /L ThY, ImageNet
R L LT FRGIEC RO FEE 2 5h 8k L QO DEN T JERR D 1O THS. BOODLBTRE, AJJHAX
R U2y NI =T RGA—=Z DA r— LN A[EL 72> TRY, ET VDT —F%T 7 F v IETEIN/R
W2, AP AXNEHIND IR F AT EB O THRGEHZ AW T WEWI RN HS.

Grad-CAM{Z, CNNOD R v —27% T, CNN@E'_%%%L)ZOD’@EHMHLT BN TEER
AT L=~y T E BT DEAMTTHY, TF N OHERRILE A THLL, NCLDE R E L 42
T5.

3 FLIRAIR LA 5 G LB 8 LD 0 KA AT B E D 2

5.3.1 F =Xtk

PR TTADT VR IT —H X —A ( Curated Breast Imaging Subset of DDSM, CBIS-DDS
M) [TTRCE ENDHEAIRACIRZE 187205705 i i B FL 7 (PR FEALL ) ZBR N2 14T 2 ks T —
ey heU T Lz, B 5 - e A IRALTE IR 273, 7 — 4y MIIF40F O A KL TR
("ROUND_AND _REGULAR "7 & O A S Te) N FN TN,
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PUNCTATE ROUND_AND REGULAR AMORPHOUS
- T, ol

PLEOMORPHIC COARCE VASCULAR

b

K 5-1 %A FHIOFERARE]

5.3.2 FEERER T

HE {2 ETALFRE LT, Full Fields Digital Mammogram (FEDM) Ejf§ 28t N/ — R — L2 F
A — L, KRBT FG AR T e T o — BRI SO R T~V E S AE L. HET A
JVIEE X, FEDME 4 EOXER~—H 07 521l 3 7= MG B o FH & 7= ( 5-2).

5-2 LB~ R 7 EBDIER
(e AVDF v, Pk HLET~VENG, £ fLE~ AV i)

FLE~ A7 BRIE, AIKALIRZ LFEAIRAGIRZE O3y F i (200 X 200) OVERITAE S 47z,
FIRALIRZE 25 Lo o T BIE, AIKALIRZE D~ A7 INE /2 ST f NG T # M 328
WX ERR S, AR bE S W IEA IR L, Sy T8 1 Xsliding windowlZ XD ERLSILTZ. A JRAL,
<~ A2701%, OtsuiE L A2ME RIZ LT, CBIS-DDSMAS T Z T 7)o 7 ST )72 3
MR 5 3R E B 2 D T A A IRAL TR E L Co-~UL &N Tz, fAJRIL~ A7 DERDR0ME F 0T
HHLDIX, FEAIK b Sy TF B DERI S L.

PTG OS5 HEERE L TEfficientNet-BOSHWHTZ (K 5-3). BOZEEEDHA 7 D Thy
H/INESNATITFARX (224 X224 X3 ) BEEEIINTEY, T X—AORKEOFHFEUWREZEEL
AL T L THHEEZ BN,
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\

: | (None, 7, 7, 1280)
(None, 1280)

- | (None, 1280)

: | (None, 1280)
(None, 2)

input
output
mput
output: | (None, 1280)

= Presence
it . . =] _ E 2
— " EfficientNetBO || % % :
| % 8 8 Absence
is 2 z z
. 3 5 £
Patch-image o bl ]
(224 [h] * 224 [w] * 3 [channels] ) / - =
g
|

5-3 ABFFERTHW\ZEfficientNetE5 )V

EBT UL, BEFM (CC, MLO ) &2 DA E DRI CRHDTERRS L. £y T HEifigR T
—&yNE, T0%% 31, 10%%FRG0E, 20%% 7 ANZ B, F5ET VORI, RAFAUCH D H
IR RS-

TTIVOSFERSFEIL, Ace, AUC, J&JEE ( Sensitivity ), $52E ( Specificity W2 CREiELZ. 5L
OFHATFTREME, GIKAE AT IVRNCT AT —Z D) H@RIRENT-EE D /o F Bl 25 4 L L TG
rad-CAMIZEZ AT b~y 7 & VW C B I GRS 7=,

5.3.3 S EMEREE Grad-CAMIC LD AT b~ >~
£ 5-UIHETT L OEMAEL R

# 5-1 HETNOLIENRE

CC MLO
R L R L
AUC 0.86 0.83 0.88 0.85
Acc 0.77 0.75 0.79 0.76
Sensitivity 0.77 0.75 0.79 0.76
Specificity 0.77 0.75 0.79 0.76

T RTOET /VOAUCHO.8LL EToHoTeEWNIFERIL, —MIEN B s L CHIr CE R
DIEMEZFERR L CNDTD, RPFAX AT DFEB RTREM 2 MR 57 0I2IE+ 0 ThoHEB 2 b,

AT, T PTREMEDFHM &L TDGrad-CAMDRS KX, AIKALH Xy FHG DY, AIKILDHD
FEHIAEZ TR T DZEDENOBNTZ (X 5-4). L)L, £DO— 5T, ELHEENMTONI%E
ThoTh, AL TRV EIRZ TR T AR 23552 LD SN (X 5-5).
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X 5-4 Grad-CAMPEREICELEIREZIEZTWDZ RO IEEME] (AIK{bHEEMRER : 0.9

9)

100
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200

0 50 100 150 200 0 50 100 150 200

X 5-5 Grad—CAMSIEREIZ BEOEBRZ IR X R0 o - EBHA (CAIK(LHEERESR : 0. 82)

ELLHEEDM TN A ThoTh, AR L TRWEIR A TR L CLEST- /G R, R &
A REMEDIA T EUMRINCTED. ZOILIRIAT YT RUESNLT-HODT 7 —F D12EL T,
HesmFs E O EsE, AN R CTEBIICO N T W A~ 7 2R D B i 23 ME &« TSI LGl
HEDEINDLOTIT L, #igms b~y 7 LB T 52 LA AR IR SN T VIS DX IS
HHE72DRTRENVEN B 2 BTz,

HIFRETEE L C, ABFIE MR S C, CBIS-DDSMT —X v MalE, A IRALDZETZ -~V i (K
b~ A7) NEENTELT, T XTOEGE ANDOFTIIZRAIRY ST HIENREETH T2,
ARETTCI, AKALE ISR AL REL T, FRREE B E LT 2fE AT > THIR (LT
NEEFRLUZ. ZOFIED, g EREOIFEREDREIZLY, AL ThHTIVINT —H
Ty MIAKIbE & R OEBRN L REL CLEI AR L TR 23 L T d. J0aEil7s
P D712, KIEMEZR A IRILD BRI T~/ LS TIRAED I TN DI EDEELL .

5.4 F£&W

AWFFETIE, v T7 0 BHMRA KA AR RIZLU T, EfficientNet 38 X UGrad-CAMZ VT
Oy RS FE LA A AT REMEIC DWW TRREEL 72, ZDfE R, EfficientNetZ iV o/ 8o F 438 281E, AUC 0.8L4
AR, Grad-CAMb A JRALO SRR A SR T D A 23R C& 7. A% OMFETIE, 672558
AREMED ] EDTZ DDA =R LD BN LEEND.
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eI GOMEH W=~ ®7T7 0 LI a IR A
WP RAIZHS T DA ATRETE DR

6.1 ZLOHIZ

R 8 T NV OHEGIRILE NIZEBH 3570 D afi b~y 71, HBEAKALOF H2HEE T 55
(2, HeRmis RO A HEAARILE ERACHA 272D E D ThDHEEZBND. LL, Alffilb~y
T UG IEREZR B D EIR A HE 2 TOD EITRBN o, HEgmAs RO b~y 7 2@ AL
ThHa72il e N &2 RN ENHD. Fex DTSR [78]TlE, AIKILHD I Z ATk T 5HG
rad-CAMICE D I Ak~ > 71, AIRAEUSNDTEIRAIEZ TOD GG RO LI LRSI, K IEMEIC
FIRAC DB DR A 2 52 E N CE D b~y T NEH XL, BRI ERREDEZ M X
BT OB ATREMED [7]_EIC Ik CX 2 TN B 5.

5 [7911F, Generative Contribution Mapping ( GCM ) &V LWL Al REZ R IRE =TT V%
B L7z, GCM I, — iR mfE I IS JE CEDIEIE 5 7 /L ThY, Class Weight Map ( CW
M) <°Class Contribution Map ( CCM ) EWS Rk~ 712k, HERm RO & AR ILA E B
WA DRENEH T 5.

Bz 1%, GOM DG IRAL DA e i BE ISy L, 70, TR B O EI A R4 o it~y 7%
AL CEDLBE L. AWFZED BENE, <27 77428 EA KL OB ED 43I 55 G
CM O MMEERGEST 22LTHD.

6.2 ERSIHORILZFHHAL ZWRE Ry Y —27: GCM

6 ~ LA THHLIZGCM O —%77F ¥ %~ 7. GCMIX, A —bhxra—F —&~X—2k
L7-fn B rTREZRRfE 7 L THY, — R E X RE LT EBRIZB W TE WD R E 22k 15
ZEINTEDIZT T, HEmAG Rk D EEAI 22 A BRAARIL A S 3~ 5 ATl b~ 7 & L TCWM &
CCM AR TED. CWMIFA 17 —Z Lo TUEMHA LS NI 7 T ARG T DA/ THY, CCMIEC
WMEA G AFE R LI/ A 5%,

‘ Encoder 1 Decoder

224x224x16 224x224x16

224x224x3

112x112x32 12x112x32

Xewyos

56x56x64

1
Blob
L

Block

Decoder Blob: Upsampling2D, Conv2D, BatchNorm, ReLU

|: Encoder Blob: Conv2D, BatchMorm, RelLU

6-1 ABHFETHWIGMT —%7 7 F v
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6.3 GCMZH W -~/ 77 ¢ FHNRA IRV A BHEE

6.3.1 F =Xk

ARFTTIE, 108 NDOWEER# DFFDM% & teINbreastT —4 b [8013F i &#17=. INbreastT —4
oM, CBIS-DDSMERRD, 7 —2 o MNAERR LTZ BRI LD A RAL D HHi T~V i 7 — 2 3 G
FNTEY, AIRAGICKT L TRV IERMARE B T2 5.

T =2y NI, MUNIKIEE A T 590 NOFEERFE (n = 308) BEFEILTWD. ZDH5, 16D EIR
r“#L}%f“ Bilx, HEDA RIS E O LR~ E 7T A B CmlN ke L CllnsIE

WACE IR CH D0, FERBR10FELL EO S EHERTIZ L > TR STz, BfErgiz8o A
DYEERE DWW I RALTT LA 3 HFFDM B 3038 A3k 78 7 — 22y R L RIS U,

FET—HEyNL, S TTAOEE T M OEWIZ LD BGOSR FRREIEN R b hE

JEL, CCEMLOIZAEISNT-. EDELIZHOWTIL, T2y DY A X2 EE L THEZ(TH
N7z,
6.3.2 KRR E

GCM & EfficientNet-BODIEE 38 €7 /LA LB DO 72D I AV B, GCM-MLO, GCM-CC, Efficie
ntNet-MLO, EfficientNet—CC @ 4 FEEED 43 FAZEIMER SILT~.
A THWZFE S OREER 6 -1UTRT.

R 6-1 FHEMH

Settings GCM EfficientNet
Total params 159, 746 4,052, 133
Number of layer

51 240
S
Input size 224 X224 X3
Output activati

i SoftMax

on function
Optimizer SGD Adam
Loss function Categorical cross—entropy
Initial weight Random initialization
Batch size 32
Learning rate Max: 107, Min: 107
Epochs 200
Checkpoint Maximum validation AUC

AT AR13224 X 224 X 3L U7, Hid b B%X, GCM TR QB 1% ( stochastic gradien
t descent; SGD ), EfficientNet CiE Adam2 M H &7z, WIEAIZT X DI ba T o7, 8
REDFIRRT — X DA —7 AT — a2 LB, EE AR EATRIERD A ET o7, TT VO EAL
RAEERFD AUCH e i< 7e s T AR A ST,

SrFEMERBIF Ace, AUC, JEE, R ICL > TRAIICEHMES . At b~y 7 OREIL, CWM,
CCM, GCM~-GradCAM, EfficientNet-GradCAMZ XL T, AIRILT VG EEFAL 3 A D [
b~ 7RO~y 7 AUC ( AUCvis ) ICTRHlS=. X 6 —21CAUCVIsD FHE T 4R
T AUCvislE, 7 3EFE EEHRAE CTohHROC-AUCH AN 7~V ELS S HE E R R B S B3R D HNDHDIT
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XL, BT~ VIS 2 BT~ VG, HEEMHERELY 2 ERE LT T L~ 7 (0L 1D DfE %

EZt2) L TROLND.

o th>0 2 th>0 4 th>0 6 th>0 8

a b

g

R _ f

AUCvis :

Y " FP T (Roc-Auc)
- FN TN

Ground truth Segmented image Confusion matrix

6-2 AL~ v FAUCOFE
(a: original, b: calcification label, c: visualization map with min—max normalization, d: examples of segme

nted visualization map with thresholding, e: calculation of AUCvis).

6.3.3 SrFEMERE LRI~ RS

F 6 -2, BHEMOSENEREATT. GCM D4 T Ace & AUC 23&H1C 0.9 22 D0
PEREZ R LT=. DelLong testDfEH, EfficientNet|ZLDET /MEIGCMIZEE ~MBENLIZAUCH @V EE S &7
ot75> GCMIZHESLMLOECCOAEZHIEBIZAUC > 0.9% KL TEBY, —#%IZ, AUC 28 0.9 %A

DO IEN T R E AR 5B 2 0N5T20, GOMbL 07 R EEZHA L CWDHEEZD
2(L7‘:.

x 6-2 HFETNOEMERE

Models AUC (95% CI) p—value Accuracy Sensitiv  Specificit Precisio NPV
ity y n (PPV)
(Recall)
GCM (cC) 0.925 (0.917-0.9 0.92 0.95 0.90 0.89 0. 96
33) < 0.01
EfficientNet 0.989 (0.987-0.9 ) 0. 96 0.97 0.95 0.95 0.97
BO (CC) 91)
GCM (MLO) 0.949 (0.944-0.9 0.91 0.98 0. 86 0. 85 0.98
54) < 0.01
EfficientNet 0.986 (0.984-0.9 ’ 0. 96 0.96 0.97 0.97 0. 96
BO (MLO) 89)

6 —31XAUCVIsDfE A R L TVD. AUCVIsOEHIEIE, GCM-CC-CWM 0.87, GCM-CC~-Grad
CAM 0.86, EfficientNet—-CC—GradCAM 0.44, GCM-MLO-CWM 0.87, GCM-MLO-GradCAM 0.87, Eff
icientNet-MLO-GradCAM 0.37 Tdh-7=. GCM-CWMIZ, CCEMLOD 7 —AIZ BT, FbE W
PIAUCVIsZHAGHZ LN TET.
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. T i} - - 1
08 i i 0.8
g 06 g 06
2 w ——
- e = el —
S 04 N O 04
< =
0.2 0.2
0.0 1 —— 0.0 1 —I—
GCM-CWM GCM-GradCAM EffNet-GradCAM GCM-CWM GCM-GradCAM EffNet-GradCAM

X 6-3 AUCvisDEHliskEE

6 —41L Al b~y 74 2R3, X, (a) cluster, (b) microcalcification, (c) false negative cluste
r, (d) false positive noisy sign Z/RLCWA. ¢ (AlKAEHVHE]) & d CHIRALZRLHED 1%, GCM & Efficient
Net DWF D3RS IEFEIZHEE T DTN TE R -T2 Th%. GCM-CWMIJEfficientNet-Grad
CAMED A IRAL B A BRI R BLL QDA% (Fig.7 a, b, ¢) . GCM-GradCAM £ KAk
BRIZHE X TODDY, GCM-CWM®D F-HEJAUCVIsIZGCM-GradCAMDZ LA T i< 72 o 7.

GCM EffNet
Original Mask CWM CCM GradCAM GradCAM

H 3 EEF o ew

. ‘
4. ‘.
-} 3 i | | ¥ [ " 3 i 5 = ¥ 1] 3 i E 5 F o2 - F B = 3 0 N
" h . .
= ® " ]
£ g g g
¥ M M 1

¥ 5 §E 58 a e u . '1=E=E:=-r-
: ¥ S ES T aen 5 % ¥ 3 EEE

g3 EEHEaen

:.*

IZI 6 -4 HI’FE{I:? > 7

(a: cluster, b: microcalcification, c: false negative cluster, d: false positive noisy sign)

6.3.4 EEy =

— RIS D A S B L5 EfficientNet DAY FEMEREIT GCM X0b A EIZEL R oT=08, K
KBt TRV Y=GCM I EfficientNet JI0E Ry NI — 785 A—H L@ $3 /) i;:b\(i% 6-1). GCM D%y



MR, MEbsnA—bxra—F — 3%y N —27 85 % U-net [81] DXH72thod %o NI —27(2
BEHRZDZEZEST, SO LT DA et d 5.

I RTARIMEL, YA XD NSV N IRARIE, GCM, EfficientNet &b 4 etz A LS5 R K IC
72572 (B 64 ¢). J0RhRAREGRTEZITIZET, ZOBBICH L TEL AREMENHS.

EfficientNetiCEDET /M, fAMEREITES, A b~y FIIAEEAENOIAvy F2ALSE T
5. 2O — A7 CNNTH RO L2 D 28N E 2 HND. ZIUTHL, ARGERE R Do)
58912, GCMTIXB L EIZ IEMEICHE 2 D AT b~ 72— 228000, ZOIRy F 2L T
WHEWZ D, F2, GCMIT, Bl HEsmoMalatt: Th-72E LT, ARbZ 7 AD At b~ >~ (GCM-
CWM, GCM-CCM, GCM-GradCAM) |23\ CTAJKALFEIR S L=y NI Z RS-, 2Dz
LiX, GOMMPMHEEZFR-T2LLTh, GCMD Al b~ 7 MR A7 iR 2 AR — h CE D AT e &
HIEHRLTND.

HIRAE R CEDHEARNIZRE T VOO 1O, BRERE & 7o bR E LR R E N R 5
\HIBTCERNAIRALDOF A KB 5, HDOVIE, BEREEIETIHNIZAL TNDHILETHD.
ZORENERFET D702, SORDRAENLETHD.

6.4 F£L

ARFZETIE, il ATRERIEIE F BT N THHCCMN, T T77 4 LR IR A BED 4 HEIC
KL TERWAEREE 2R3 LEb10, GOMICEDHERMIRILA FI 3 272D O At b~ v 7 1 I D — i)
72CNNIZ LS Grad-CAMIZ XD Al AL~ 71T, A IRAL B ORI EREICIE 2 D2 &N TE D A]
BN ®HDHZEE R LT,
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Vivar =~ <) §‘L\
B ﬁ A

Hi 58 A58 2 1LU7-CADF L URadiomics X — ADEF /U T4 ERE FE 35 L O IA AT RE M sk D B 1
D, R SCTHE, MR R R B, UG IRALZ AW RO G E LT, (kD ERT —X
Tt BT =R LT T T a—F L, RERE T S a—F FNE N CTREELT.

K ETHRLINIZRIZLL T O#EY THD.

7.1 Radomicshif¥Et% 71~ 7 :Radiomics]

A SCHERE 5 TIE, BN R SN 2A4 — 7Y —ZDRadiomics#H58Y — /e, ZOBLED
B, AWFFEIZ THARE S A7 Radiomics] S ENHI DR E72 5 L5 2 Hivd. iz, RadiomicsiCHHED
B R ORE AL OF R ATRE R R D B IR 134 14 &b BB L0 D . ZOFEIZ DWW T, Radiomi
csHITEBRA 2T 777 NAZ L —REIRDIBSIV T 7L L AIZHEL TR S TN AZ LR, IBSHT ALk
DI FHSTH D Fractal fFiBNFHE FHE TH L LWV EFTRHD. AL CTlIEHI 28 T, fidoRadio
micsEFEEHEY — /L LD Z1THZ LT, Radiomics]Mb H /1SN B B 2B T 7 VI RER B 6
722 LB FEAELT-. RN ESIC FE E LT~ Radiomics B MET E I AT TV LR L7 L IS5,

— 5T, HEEREOBIOBLEND, WEFE LT 7 a—F T HIFFRE > T0D. BHEAY7
R W 8 7 7 e —F 10, IRIE B ST I —TF O G BRI E Ao
=R IR, ZHUTKT LT, AR BRI E, AT 5 FEBIRI 72 B2 B D/ Z—%0
A EH TR TR 72O ER EOIE B 35— %55, NSBR r[§E/ 2 BBIIFEIE L 72D L
B, 7T IRy AL LT VER FE T VI TLU TRFSNDZET, FEELH RTEEMEDO M 1
~EHFRTES.

7.2 FMIEE YL OARDE At S L UT- A FERS B 3 L OVE A T REM:
DA _E D72 DHEALF I I AR IR

H S OHEE (A 2072 R BB IR 4 5 2 LI Ko HEE RS R 0] L, SRR E-CA R 1) |, HE
TENZR B /D IRWRFEAHII (R ITHID) T2 Lk pitEomshRb7eE % BREL T, #EkDER
A7 VTR ML DRI, BPYER Y FEBEEAZTRRL, BT ATV NIED
FrSORINGE, SOITIERIYEAR D B EENEO B NINEIC TR RO R EEZER T H5ET 1V E
RRTHFEE R

7V—R2, 3 D Yo i AR 28 A B A HEE 32 RIS TRGIEL 75 3, RIRERFIET, thikshi-
FREOERIEIC AT, AW ERREZL BT VOB E FIREIC L.

7.3 EfficientNetZ W=~ 87T 7 ¢ FILA R A HEAFE I
B AHGrad-CAMIZ X550 0H AT REME DRt

R E DR S DH—BRIKIZ e D05 LR FEET VEHWT, B EOFEFIDLE VI FE
FEEOEBLATREMEN A EN D~ BT T 7 ¢ EILIRA IR BeA 5t 5L LT, TR ETITREERE N
DIpnERE 2 BTz EfficientNet CBIS-DDSM T —# -t hOF A A D EBREL E N8B\, v
BT T7 4 LHMRAIRACA TEHEE 2 R R & LT S BUR FE 36 L OV FTREMEDIRGERA T o7, S0 BURSEE
7217 T7e<, Grad-CAMZ VN CHEGRARMLAE I A PTRAL 352 8T, G ATREMEIZ DWW TH F M LTZ R

43



DAKFZED E 2 BHIMETHY, ZOMBIORIZ, GCM~EATET AT A TICE RN ST-Z LG ARBFZED
D 1->TH5.

7.4 GCMZEH W=~ T T7 40 EHMA KA B FEICBITS
AR AT REME O R Et

EfficientNetZ W \c~v &7 77 ¢ RRMA KA 312 31T HGrad-CAMIC K550 I ATRE RO F
O RAEBNE X, R L ATREME O NI E Al CThHEB 2 b Al Re R 8 7
IV THHGCME V=T 7' —F & EfficientNet|Z LD 7 7 o —F L bl L7-.

GCMIZAUC 0.9%#8 2 255 ks i~ L, GCMO Al #{b~ > 7 13EfficientNet?® Grad—-CAMIZ -~ T
AIRAED B O EIR A IEMEICHE X DT ENTE. RRRGEE, — A TOAMBIESN TE-GCME &
B BIS A LTI TOMZE T D E[RIFIC, GCMA A7 IR A #1258 45 Z 812 L» TIRAEZ I
DE B E AR AR O P ATREME I 3T 2RI L T, GCMMMGH FTRE CH 2 ATREMEZ 7 RIBL T
W5, GCMDESIRH ey NI —7 D e Bt AN S 5.
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EIEgs

LB RO RN E, $2, EHOELD AL, BRELOIERTZIF AN TFEY
D0, MIFEICBITHATEZHAMICS HEICL TEELZTRE FSWEL:, BE B Z0RI2LI0vE
LU BT ET. F7o, R LaELDDIh-VEERTIRELTHE 2R EE L, HIRAIA,
BImELEA, ARFEEA, AIIE—SEAEIZEHRL LTET

IR TR EE LR BSOSO EH P L BFE9. MHEEE%2Et ¢,
SFESFERYAR— MW R EE L R EOMERR T, RABHEEZ/R0ELZ. ZL TV b
SFOEZ TEHATWDMIBLEFIRITITVLDIREGH L TH RV EE A . BREO B HIRZ I L > T ED AT
TR HDIENTEEL L. RYIZHINREI TSI NEL.

=BG Y, EREAT — I A T REICH T AL T, SESFRIFDESINETTERD
ST RRRICTAIEN TEL N D—DTHAHLFELTWET . AR TE 722D NEFREEL T,
DOHFZELLTHRL TV ZEIZEB CEA A REERHHLE T TTh b ER L 7.
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Genetic algorithm for feature selection

# sklearn—genetic — Genetic feature selection module for scikit—learn

# Copyright (C) 2016-2022 Manuel Calzolari

# Copyright (C) 2022 Tatsuaki Kobayashi

#

# This program is free software: you can redistribute it and/or modify

# it under the terms of the GNU Lesser General Public License as published by
# the Free Software Foundation, version 3 of the License.

#

# This program is distributed in the hope that it will be useful,

# but WITHOUT ANY WARRANTY; without even the implied warranty of

# MERCHANTABILITY or FITNESS FOR A PARTICULAR PURPOSE. See the
# GNU Lesser General Public License for more details.

#

# You should have received a copy of the GNU Lesser General Public License

# along with this program. If not, see <http://www.gnu.org/licenses/>.

nnn nnn

Genetic algorithm for feature selection

import numbers

import multiprocess

import numpy as np

from sklearn.utils import check_X_y

from sklearn.utils.metaestimators import if delegate_has_method
from sklearn.base import BaseEstimator

from sklearn.base import MetaEstimatorMixin

from sklearn.base import clone

from sklearn.base import is_classifier

from sklearn.model_selection import check_cv, cross_val_score
from sklearn.metrics import check_scoring

from sklearn.feature_selection import SelectorMixin

from sklearn.utils._joblib import cpu_count

from deap import algorithms

from deap import base

from deap import creator

from deap import tools
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creator.create(“Fitness”, base.Fitness, weights=(1.0, -1.0, —1.0))

creator.create(“Individual”, list, fitness=creator.Fitness)

def _eaFunction(population, toolbox, cxpb, mutpb, ngen, ngen_no_change=None, stats=None,
halloffame=None, verbose=0):
logbook = tools.Logbook()
logbook.header = ['gen’, 'nevals’] + (stats.fields if stats else [])

best_select = None

# Evaluate the individuals with an invalid fitness

invalid_ind = [ind for ind in population if not ind.fitness.valid]
fitnesses = toolbox.map(toolbox.evaluate, invalid_ind)

for ind, fit in zip(invalid_ind, fitnesses):

ind.fitness.values = fit

if halloffame is None:

raise ValueError("The ’halloffame’ parameter should not be None.”)

halloffame.update(population)

hof size = len(halloffame.items) if halloffame.items else 0

record = stats.compile(population) if stats else {}
logbook.record(gen=0, nevals=len(invalid_ind), **record)
if verbose:

print(logbook.stream)

# Begin the generational process
wait = 0
for gen in range(1, ngen + 1):
# Select the next generation individuals

offspring = toolbox.select(population, len(population) — hof size)

# Vary the pool of individuals
offspring = algorithms.varAnd(offspring, toolbox, cxpb, mutpb)

# Evaluate the individuals with an invalid fitness
invalid_ind = [ind for ind in offspring if not ind.fitness.valid]
fitnesses = toolbox.map(toolbox.evaluate, invalid_ind)

for ind, fit in zip(invalid_ind, fitnesses):

ind.fitness.values = fit
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# Add the best back to population

offspring.extend(halloffame.items)

# Get the previous best individual before updating the hall of fame
prev_best = halloffame[0]
# print(prev_best)
if best_select is None:
best_select = prev_best
else:

best_select = np.vstack((best_select,prev_best))

# Update the hall of fame with the generated individuals
halloffame.update(offspring)

# Replace the current population by the offspring
population[:] = offspring

# Append the current generation statistics to the logbook
record = stats.compile(population) if stats else {}
logbook.record(gen=gen, nevals=len(invalid_ind), **record)
if verbose:

print(logbook.stream)

# If the new best individual is the same as the previous best individual,
# increment a counter, otherwise reset the counter
if halloffame[0] == prev_best:
wait += 1
else:

wait = 0

# If the counter reached the termination criteria, stop the optimization
if ngen_no_change is not None and wait >= ngen_no_change:
break

return population, logbook, best_select

def _createlndividual(icls, n, max_features):
n_features = np.random.randint(1, max_features + 1)
genome = ([1] * n_features) + ([0] * (n — n_features))

np.random.shuffle(genome)
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return icls(genome)

def _evalFunction(individual, estimator, X, y, groups, cv, scorer, fit_params, max_features,
caching, scores_cache={}):
individual_sum = np.sum(individual, axis=0)
if individual_sum == 0 or individual_sum > max_features:
return —10000, individual_sum, 10000
individual_tuple = tuple(individual)
if caching and individual_tuple in scores_cache:
return scores_cachelindividual_tuple][0], individual_sum, scores_cachelindividual_tuple][1]
X_selected = X[:, np.array(individual, dtype=np.bool)]

scores = cross_val_score(estimator=estimator, X=X_selected, y=y, groups=groups, scoring=score

cv=cv, fit_params=fit_params)
scores_mean = np.mean(scores)
scores_std = np.std(scores)
if caching:
scores_cachelindividual_tuple] = [scores_mean, scores_std]

return scores_mean, individual_sum, scores_std

class GeneticSelectionCV(BaseEstimator, MetaEstimatorMixin, SelectorMixin);
”””Feature selection with genetic algorithm.
Parameters
estimator : object
A supervised learning estimator with a fit method.
cv @ int, cross—validation generator or an iterable, optional
Determines the cross—validation splitting strategy.
Possible inputs for cv are:
— None, to use the default 3—fold cross—validation,
— integer, to specify the number of folds.
— An object to be used as a cross—validation generator.
— An iterable yielding train/test splits.
For integer/None inputs, if 'y is binary or multiclass,
:class: StratifiedKFold used. If the estimator is a classifier
or if 'y is neither binary nor multiclass, :class: KFold is used.
scoring : string, callable or None, optional, default: None
A string (see model evaluation documentation) or
a scorer callable object / function with signature

“scorer(estimator, X, y) .
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fit_params : dict, optional
Parameters to pass to the fit method.
max_features : int or None, optional
The maximum number of features selected.
verbose : int, default=0
Controls verbosity of output.
n_jobs : int, default 1
Number of cores to run in parallel.
Defaults to 1 core. If n_jobs=—1, then number of jobs is set
to number of cores.
n_population : int, default=300
Number of population for the genetic algorithm.
crossover_proba : float, default=0.5
Probability of crossover for the genetic algorithm.
mutation_proba : float, default=0.2
Probability of mutation for the genetic algorithm.
n_generations : int, default=40
Number of generations for the genetic algorithm.
crossover_independent_proba : float, default=0.1
Independent probability for each attribute to be exchanged, for the genetic algorithm.
mutation_independent_proba : float, default=0.05
Independent probability for each attribute to be mutated, for the genetic algorithm.
tournament_size : int, default=3
Tournament size for the genetic algorithm.
n_gen_no_change : int, default None
If set to a number, it will terminate optimization when best individual is not
changing in all of the previous n_gen_no_change number of generations.
caching : boolean, default=False
If True, scores of the genetic algorithm are cached.
Attributes
n_features_ : int
The number of selected features with cross—validation.
support_ : array of shape [n_features]
The mask of selected features.
generation_scores_ : array of shape [n_generations]
The maximum cross—validation score for each generation.
estimator_ : object
The external estimator fit on the reduced dataset.
Examples

An example showing genetic feature selection.
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>>> import numpy as np
>>> from sklearn import datasets, linear_model
>>> from genetic_selection import GeneticSelectionCV
>>> iris = datasets.load_iris()
>>> E = np.random.uniform(0, 0.1, size=(len(iris.data), 20))
>>> X = np.hstack((iris.data, E))
>>> y = iris.target
>>> estimator = linear_model.LogisticRegression(solver="liblinear”, multi_class="ovr”)
>>> selector = GeneticSelectionCV(estimator, cv=5)
>>> selector = selector.fit(X, y)
>>> selector.support_ # doctest: tNORMALIZE WHITESPACE
array([ True True True True False False False False False False False False
False False False False False False False False False False False False], dtype=bool)
def _init_(self, estimator, cv=None, scoring=None, fit_params=None, max_features=None,
verbose=0, n_jobs=1, n_population=300, crossover_proba=0.5, mutation_proba=0.2,
n_generations=40, crossover_independent_proba=0.1,
mutation_independent_proba=0.05, tournament_size=3, n_gen_no_change=None,
caching=False):
self.estimator = estimator
self.cv = cv
self.scoring = scoring
self .fit_params = fit_params
self.max_features = max_features
self.verbose = verbose
self.n_jobs = n_jobs
self.n_population = n_population
self.crossover_proba = crossover_proba
self.mutation_proba = mutation_proba
self.n_generations = n_generations
self.crossover_independent_proba = crossover_independent_proba
self.mutation_independent_proba = mutation_independent_proba
self.tournament_size = tournament_size
self.n_gen_no_change = n_gen_no_change
self.caching = caching
self.scores_cache = {}

self.importance = None
@property

def _estimator_type(self):

return self.estimator._estimator_type
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def fit(self, X, y, groups=None):
”””Rit the GeneticSelectionCV model and the underlying estimator on the selected features.
Parameters
X : {array-like, sparse matrix}, shape = [n_samples, n_features]

The training input samples.
y : array-like, shape = [n_samples]

The target values.
groups : array-like, shape = [n_samples], optional

Group labels for the samples used while splitting the dataset into

train/test set. Only used in conjunction with a “Group” cv’

instance (e.g., GroupKFold).

nnn

return self._fit(X, y, groups)

def _fit(self, X, y, groups=None):
X, v = check X y(X, v, “csr”)
# Initialization
cv = check_cv(self.cv, vy, classifier=is_classifier(self.estimator))
scorer = check_scoring(self.estimator, scoring=self.scoring)

n_features = X.shape[1]

if self.max_features is not None:
if not isinstance(self.max_features, numbers.Integral):
raise TypeError(”’max features’ should be an integer between 1 and {} features.”
” Got {Ir} instead.”
format(n_features, self.max_features))
elif self.max_features < 1 or self.max_features > n_features:
raise ValueError(”’max features’ should be between 1 and {} features.”
” Got {} instead.”
format(n_features, self.max_features))
max_features = self.max_features
else:

max_features = n_features
if not isinstance(self.n_gen_no_change, (numbers.Integral, np.integer, type(None))):
raise ValueError(”’n_gen_no_change’ should either be None or an integer.”
7 {} was passed.”

format(self.n_gen_no_change))

estimator = clone(self.estimator)
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# Genetic Algorithm
toolbox = base.Toolbox()

toolbox.register(“individual”, _createlndividual, creator.Individual, n=n_features,
max_features=max_features)

toolbox.register(“population”, tools.initRepeat, list, toolbox.individual)

toolbox.register(“evaluate”, _evalFunction, estimator=estimator, X=X, y=y,
groups=groups, cv=cv, scorer=scorer, fit_params=self.fit_params,
max_features=max_features, caching=self.caching,
scores_cache=self.scores_cache)

toolbox.register("mate”, tools.cxUniform, indpb=self.crossover_independent_proba)

toolbox.register("mutate”, tools.mutFlipBit, indpb=self.mutation_independent_proba)

toolbox.register(“select”, tools.selTournament, tournsize=self.tournament_size)

if self.n_jobs == 0:
raise ValueError(“n_jobs == 0 has no meaning.”)
elif self.n_jobs > 1:
pool = multiprocess.Pool(processes=self.n_jobs)
toolbox.register("map”, pool.map)
elif self.n_jobs < 0:
pool = multiprocess.Pool(processes=max(cpu_count() + 1 + self.n_jobs, 1))

toolbox.register("map”, pool.map)

pop = toolbox.population(n=self.n_population)

hof = tools.HallOfFame(1, similar=np.array_equal)
stats = tools.Statistics(lambda ind: ind.fitness.values)
stats.register(“avg”, np.mean, axis=0)
stats.register(“std”, np.std, axis=0)
stats.register("min”, np.min, axis=0)

stats.register("max”, np.max, axis=0)

if self.verbose > 0:

print(”Selecting features with genetic algorithm.”)

with np.printoptions(precision=6, suppress=True, sign=""):

_, log, best_select = _eaFunction(pop, toolbox, cxpb=self.crossover_proba,
mutpb=self.mutation_proba, ngen=self.n_generations,
ngen_no_change=self.n_gen_no_change,
stats=stats, halloffame=hof, verbose=self.verbose)

if self.n_jobs = 1:
pool.close()

pool.join()
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# Set final attributes
support_ = np.array(hof, dtype=np.bool)[0]
self.estimator_= clone(self.estimator)

self.estimator_.fit(X[:, support_|, y)

self.generation_scores_ = np.array([score for score, _, _in log.select("max”)])
self.n_features_ = support_.sum()

self.support_ = support_

self.importance = np.sum(best_select, axis=0)

return self

@if delegate_has_method(delegate="estimator’)
def predict(self, X):
”””Reduce X to the selected features and then predict using the underlying estimator.
Parameters
X : array of shape [n_samples, n_features]
The input samples.
Returns
y : array of shape [n_samples]
The predicted target values.

nnn

return self.estimator_.predict(self.transform(X))

@if delegate_has_method(delegate="estimator’)
def score(self, X, y):
”””Reduce X to the selected features and return the score of the underlying estimator.
Parameters
X : array of shape [n_samples, n_features]

The input samples.
y : array of shape [n_samples]

The target values.

nnn

return self.estimator_.score(self.transform(X), y)

def _get_support_mask(self):

return self.support_
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@if delegate_has_method(delegate="estimator’)
def decision_function(self, X):

return self.estimator_.decision_function(self.transform(X))

@if delegate_has_method(delegate="estimator’)
def predict_proba(self, X):

return self.estimator_.predict_proba(self.transform(X))

@if delegate_has_method(delegate="estimator’)
def predict_log proba(self, X):

return self.estimator_.predict_log_proba(self.transform(X))

Usage: BEEL L CERERI Y FE2EBET S
def calculate_ga_selection():

X_train, y_train, group = load_dataset()

cv = StratifiedGroupKFold(n_splits=3, shuffle=True, random_state=76)

estimator = reference_classifier()

selector = GeneticSelectionCV(estimator,
cv=cv,
verbose=1,
scoring="roc_auc’, #scoring="accuracy”,
max_features= 30,
n_population=50,
crossover_proba=0.5,
mutation_proba=0.2,
n_generations=30,
crossover_independent_proba=0.5,
mutation_independent_proba=0.05,
tournament_size=3,
n_gen_no_change=10,
caching=True,
n_jobs=—1)# n_jobs = -1 default

selector = selector.fit(X_train, y_train, group)

features = X_train.columns.values[selector.support_]

importances = selector.importance[selector.supportj

Usage: BRMEGD ¥ MEIZEBHEIMEC TR OBEDOEL RIETNVEFHET D
def evaluate_with_importances(feature_names, importances):

# feature_names : array-like

# importances : Importances with feature name order. array—like

imp_dff ‘f’] = feature_names
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imp_df{ ‘i’ ] = importances

imp_sort = imp_df.sort_values(by="i", ascending=False, axis=0)
imp_sort = imp_sort.dropnathow="any’)

sorted_cols = imp_sort[ ‘" ].values # to numpy

print(“check sorted importance”, sorted_cols[:5])

# Searching for a feature combination that yields highest performance.
num_of feature = []

print(’start evaluation from 1 to ’+str(num_max_feature))

accs =[]
aucs = []
senss = [}
specs =[]
TNs =[]
FPs = []
FNs =[]
TPs =[]
aics =[]
bics =[]

log_losses =[]
train_aucs = []
train_aics = []
train_bics = []

train_log losses = []

# binary classification example

X train, y_train, X_test, y_test = load_learning dataset()

for i, nof in enumerate(num_of feature):
X_train_selected = X_train[sorted_cols[:nof]]
X_test_selected = X_test[sorted_cols[:nof]]
clf = eval_classifier() # To simplify, skip grid search.
clf.fit(X_train_selected, y_train)

# train auc

train_proba_ = clf.predict_proba(X_train_selected)[:,1]

fpr_train, tpr_train, _ = metrics.roc_curve(y_train, train_proba_, pos_label=1)
train_auc_ = metrics.auc(fpr_train, tpr_train)

train_aic, train_bic, train_log loss = calc_aic_bic_logloss(y_train, train_proba_,k=nof)

# test metrics

proba_ = clf.predict_proba(X_test_selected)[:,1]
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fpr_, tpr_, th_ = metrics.roc_curve(y_test, proba_, pos_label=1)
auc_ = metrics.auc(fpr._, tpr_)
Acc = clf.score(X_test_selected, y_test)
pred_ = clf.predict(X_test_selected)
tn_, fp_, fn_, tp_ = confusion_matrix(y_test, pred.).ravel()
aic, bic, log loss_ = calc_aic_bic_logloss(y_test, proba_,k=nof)
print(”” * 50)
print("num of feature”, nof)
printCacc’, Acc, ’auc’, auc_, ‘sens’, tp_/(tp_+fn.), speci’,tn_/(tn_+fp_))
print(tn_’, tn_, 'fp_",fp_, fn_’, fn_, "tp_’,tp_)
print(Caic’, aic, ’bic’,bic, 'log_loss_’, log loss.)
accs.append(Acc)
aucs.append(auc_)
senss.append(tp_/(tp_+fn.))
specs.append(tn_/(tn_+fp_))
TNs.append(tn_)
FPs.append(fp_)
FNs.append(fn_)
TPs.append(tp.)
aics.append(aic)
bics.append(bic)
log_losses.append(log loss_)
train_aucs.append(train_auc_)
train_bics.append(train_bic)
train_aics.append(train_aic)
train_log_losses.append(train_log_loss)

evals = {
“num of features”:num_of feature,
“test_acc”:acces,
“test_auc”:aucs,
“test_senss”:senss,
“test_specs”:specs,
“test. TN”:TNs,
“test_FP”:FPs,
“test FN”:FNs,
"test TP”: TPs,
“test_aic”:aics,
“test_bic”:bics,
“test_log loss”:log losses,
“train_auc”:train_aucs,
“train_aic”:train_aics,

“train_bic”:train_bics,
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“train_log_loss”:train_log losses

}

eval_df = pd.DataFrame(evals) # This is result
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