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Abstract

Explainability of Age Estimation Model Using CNN from
Brain MRI Images

YOSHIDA, Shoma

In recent years, computer aided diagnosis (CAD) systems for medical diagnosis
support using image recognition with convolutional neural networks (CNN) has been
actively studied. However, explaining the diagnosis in CNN-based systems is challeng-
ing and it is difficult to use in the medical field. The global trend of an aging population
emphasizes the importance of early detection of brain disorders such as dementia. Es-
timating the age of the brain is considered as a foundation to addressing these issues,
and age estimation models using CNNs have been proposed.

Previously, class activation maps (CAM) have been used to visualize the regions
contributing to CNN classification results. However, CAM-based visualization methods
only provide a rough understanding of the areas influencing the decision in the image.
They fail to capture detailed information such as pixel differences, shapes, and pattern
variations.

A new explanation method for CNNs has been proposed using generative adver-
sarial networks (GANs). This approach has shown applicability in gender prediction
and lung disease detection from brain images. In this study, CycleGAN is employed
to extract differences in shapes and patterns within regions from the results of mutual
transformation. The research aims to verify the usefulness of the transformations based

on differences in classification results before and after transformation.

— iii —



Results of mutual transformations between young and elderly age groups in MRI
brain images reveal changes in the parietal lobe and outer frontal lobe in the elderly-
to-young transformation. The young-to-elderly transformation shows changes in the
temporal lobe and cerebellum. Classification results using the transformed images in-
dicate variations in the outcomes. However, an issue observed in the young-to-elderly
transformation is the duplication of images after transformation. Future considerations
should address the problem of mode collapse in GANs, where the network duplicates

images.

key words generative adversarial network, convolutional neural network, Cycle-

GAN, explainable artificial intelligence, computer-aided diagnosis
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I C®IC

IR, ERBIGTRAFARICIDEMOAHSEZ 28N D 5. Z D7 Computer
Aided Diagnosis(CAD) OWZERBEACITHNTE D, Convolutional Neural Network
(CNN) Z W2 EEREEHIC X 2202 {fThbhTWwb. La L CNN 2HWzERE G
ZW TIIZMNERE DML NEE L WO B H D, BEANDHAIT R RV DB DE
ADPEATOWZRY. Elinftit R OET CRRANESF OO E D FIAFE R EEIZIR > TET
W3, R OREE R L FEROEIZMNER L B0 5 5 L SATHED Cole & [2] 13
FEROHEERTTO CNN OETAEIRE L. Cole HIEANEIG L LT T1 5RFAE{R DRI
HE L TOWARWED T — X L RiUE XN VEER, KOEEGRE#FHAL TV, HHL:
7 — X OBEE 2001 MTHEEDOIEIZ 18 1 v> & 90 %, “FII4FH 36.95 THMERZAD 18.12
TH5. fawme UTHEBEGR THEHNEAED 5.14 5%, KEEBEBSRT 4.16 %, HEHEBGE
IKEVEERT 4.34 7%, EDF— X T 465K TH-o7-. BEFHOEMITHTHTI L
MTEDZEEINTED, FhnD FHNIMOMEEELFRA N, R, INEPERREE &
OREMEZFNDL e N TEDZ L INTNS

S ETD CNN OZWiERDOHIIZFEE LLETVOEARHEZHH L THBICHS
T %R E A {b$ % Class Activation Map (CAM) NX—Z2DFEHNZL L VWL T E 7.
UL L BEICHG LB O ATIEHANI A7 TH D, 7HEICHFG T 2 O EIR
DFENRNRE =V AR T 2REDRDDEEZS.

% ZTH LW CNN DT ¢ LT Generative Adversarial Network (GAN) % Fiw
T IEDRRE N, WMEE S & DM, MREANDISAIREE I REh TS [1]. Z0F
i GAN % AV CIKER TH &, MEEGRTHRED D L il L OB A Z T WA



DL sy

it DGR & 20 EREERT 5. ERL 27 HEED SR EIRDE N & —
OEGZEAREE LTW3. Z ZTAMETIX CycleGAN ZHW, CycleGAN 2251854
T-HBEZEHLOR R D SHEBANDOEIRDE NS ARZ -V OEVWEIIET2 2t Z2HNE T 5.
CycleGAN 37 —& X 27— X Y ICEHL, B 17X Y 7K X KR2 &5
T—X KX VEOBREFETL2HMB LDERETLVTHE. T—X Y IZHLTHHE
BROHEEZ1TS.

ARG TIIME A ZAT o 72 H G2 HHEBOBIRDE NS X — Y DEVOESZHIE .
T 5. BEATo - ER e BEEIEROZE D ZED, 2L RO g5 5.
F7z, ZOANERMERT 5 7 DICERIRDOEIBZ Wz CNN 2 X 20 EDE N
ZWER T 5.
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BE ST

AETEEET 25, AR THHALEARA=2—F L%y b (CNN: Con-
volutional Neural Network), HUMAJAE > b7 —2 (GAN: Generative Adversarial

Network) & 7 7 A{EH(b~ v 7 (CAM: Class Activation Map) IZ2WT, k3 3.

2.1 CycleGAN ZAW7= CNN OS2 EERORBEICETY
YA

fEHOWIE [1] Tl CNN O FEHROFTHD =D, GAN ZHWTHHICHFS T 5H
BOWRDEBE NS AE -V 2R T2FEZRRE L. O TR 112,120 Ko MEE X
FREIG & 590 K> MRI BB G2 L, B X SREGTIRDIER L EE BT Sk 2
27 A, MRI KEHGIEFEMNE e ZWD 2 7 5 A TOERELRETT - /-

DIER-ZEER L O X R 7 TROEKRDIERICH o BB oI, AISULFIETH 2
Grad-CAM++ ¥ LB U CREMIARAS R 2182 C e BT & /2. ZHFIROE SR Z V72D AE
K-BEEIZ L DTS CNN O B BICH MR ZEEATON T Z &b & AT D m oG R
Bohr.

i MRI Hifg % Fl V7= Bk a o2 s 2 7 ci3—Bo b 2 ENE NS, Ak

ZEDTHONIROVRER E 72 o 2.



2.2, WOMAIAER A Y b7 —2 (GAN) €7V

2.2 BNBERRY FT7—2 (GAN) €T
2.2.1 BXBERRY FT7—7 (GAN)

GAN([3] I% 2014 ££i Goodfellow HHBERLZFH LWERET LD I L — LT =2 TH
5. K21 0k5%MERZLTED, £l G Lil#hld D oMl Ens. £lds G IEA
NENT ) AR 2RO T =& x T —2E2ANT 5. @ilds D I3ENLE G 234
JRUTABD T =R EARY)D T — & x 2R h 2 s 5. ThzEigDiIRS Z & THER
WIAYNGENT =R 2ERT 5N TED.

A 2.11% CAN THOWOATWAEKERTH 2. H1EHI D HPTOF—X x ZIELL
AL TO 20 %W T2 DICHWSN, H2HIZ G KXo TERINZT—&% D DIE
LB HIWrs 52 7-DICHVWHNS.

— Real/Fake

X 2.1: GAN EToF—&E®

minmaxV (D, &) = Eqnpy, [108(D(@)] + Eanpy ) [1 — log(D(G(2))] (2.1)

2.2.2 CycleGAN

CycleGAN[4] i Zhu SRR L&z L THE T2 GAN €7 L TH 5. CyclGAN
BT =R FXAL Y X, Y2EZLNEERXAL VOBERG:. X Y L F:Y - X %
¥ETL. ZELTFGr)~z) BLAUOG(F(y) ry) &b L5284 7 v—HIEEK 2B



2.3. CLASS ACTIVATION MAPPING(CAM)

M5 2 L TRIS LTV VENS L BHE QLA TR 5 5. $-3A% D,, D, LA
U, D, 3% {2} & {F(y)} #XAIL, FHC D, 3E& [y} & {Gx)} 2KHF 3.
CycleGAN O#EKLBEEIZR 2.2 TRENS. Lgany & GAN THW S W /-HELBEE T

HY, X23 kUK 24 TEREND. Loy BEHO—BEMNZREFET 294 7 1 —HMHE

KrmRwL, R25 TREINS. A7 L—BHHEEINAAL Y X OFEG 2 12X LT

r— G(z) = F(Ga) ~z 725 X5 IS 31K TH .

L(G, F, Dx,Dy) :LGAN(G,Dy,X, Y)
+ LGAN(F7 Dmava) + )‘Lcyc(GvF)

LGAN (G7 Dy7 X’ Y) :Ey’\’pdata(y) [log(Dy <y))]
+ Egmpgaa () [108(1 — Dy (G(2)))]

LGAN (F7 D:ca Y7 X) :Emrvpdam(:c) [log(DJE (SC))]
+ Eywpdam(y) log(1 — Dy(F(y)))]

Leye (G, F) =Epmpguen (@) 1 F(G (7)) — 2[[1]
+ Eypana ) G (F(Y)) = yll1]

2.3 Class Activation Mapping(CAM)

(2.2)

(2.3)

(2.5)

CNN B7REZD L BAERICR 0T HATELRNT Z v 7Ry 7 2O MED

H5. ZOHIWDOFHHD = ®IZ Bolei[s] 5id Class Activation Mapping(CAM) Z#% L

7z. CAM 3FEHEAD CNN O E 7N DREDEAAAE DR~ v 7 L A& 8 D HA

RO SN HEICHES L -EBEEEE Yy T2 LTEHT 2. L2L CAMIZETFT LD



2.4. MODE SEEKING GAN(MSGAN)

HFI DB E R BRE, R R D& X 7 TIXEHTERVWEENI BT oS, 22T
Ramprasaath & [6] 3ZEROEAZHHE S, WRERKONELDOAZHNWSE I TET
LD ZFRRT L 72 Grad-GAM Z2FR L 7=,

2.4 Mode Seeking GAN(MSGAN)

GAN T T — 2 DM ZIRZ 2 Z e TET, Z2LOZLWVWT—XDAZHERK
LTLESE— NHBEINLMEND 2. £— FERENEZ 25K L T2t 2 1
THREATHEIANORT V) A X WAL TLES 28, AR&ELDH 2T — X 2HEMK
U7BR, AR 2R N TE 2 e AMBIZDOT — 22 HE T2 2 & TlZaZ b L
PRI BB Ry P — 2 OBEER BT BN B, 72T Qi & [7] EIEKBEC
E— FREZR S 72D D IERMLIEZBINS % 2 & TEZREAREG % 45T % % Mode Seeking
GAN(MSGAN) Z42R L7z, MSGAN O#EABRIIN 2.6 TRINS. Loy 1& GAN Tfff
RSN 2HKREHTH D, A\ FIEAMLORE 2353 21H, L, & MSGAN TEMI A
SIEAMEIETH 2.7 TRE NS, T OEKERIIEEZ B O BEREC N 2 4 & D iR
HEDOLERERARICT 2 Z e ZHIICLTWS.

Lnew :Lori + )\msLms (26)

dI(G(Ca 21)7 G(C7 Z2)>
dz(Zl,Zz)

) (2.7)

L,s ::I%%X(
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AHFFETIE CNN 2558 3 2 DHICHF S T 2 HHDBIRDBE NP X -V DEVOES 2
HfsL, BHOFELZAWRICEHAT 2. ST EMOMHALER LTS 70, ZHETILLAT
DI TE7 CNN HIFE T X 2 FHE %2, MRI 7 — & 2 HEHE, EHEED2 7 7R

2533, CNN BHEEF AL TP 2 5% %2 L 5. £ LT 3.1 1IRT & 51 CycleGAN %
FWCEERE, BEBONEROMEESEYE T2, 156N L08Ry & 20 G E /F
R LUTEIRSe R Z = DEVWERZ, CNN OJHICHFEG T 2HEEZRET 5. $/, K 3.2
RS &5 KEBOHEMEE R T 2 72D ICHEA X h 7z i AW TR EAD CNN
WK EB0EZTV, HEDEWEZIREET .

CycleGANIZ & %
HEZHR

3.1: CycleGAN (T & 2 HI{RZAHR & 225710 & 5 anitE
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RETEIARIFETHN T =&ty b, Finnfo CNN 71, CycleGAN OREEIZD

WTEER T 5.

4.1 T—2tvkhk

A2 TiE Imperial College London[8] TIREEXN TV IXI F—&Xty b EHWVS.
IXI 7— &+t v M MRI THE S W@ E OB 533 Kb D, BiffE T A #CEtE
Bz X br—ra v, M, HE, KBEZhZh 2t Lz T1 maaEsgz Huv
2. HEOBIHHT 2 I~ VEME L TV A ERY — MBI TH 2 ERE ML,
T—Xty b 45 EARTE 50 A LD 2 HIcHEIT 5. ROMREEIT 2HB L LT
T—ROBEHROBNENER LS FFIE27:0THS. GAN OFEF AT 27 —X1% 45
AT, 50 L LA 183, TR MH0KRE T 3. ZHUET — X OREDE NS
L2ZMORY MR 27D TH 5. 7—2ty bERE LI MEZE 41177

#4.1: IXI 7— & v P OHEINE

CNN 0%# | GAN 0¥#
AR BREE | AR 7R

45 A | 188 46 183 50

b=

b

50 A B | 207 51 183 50




4.2. HwrEETL

4.2 HEWEIZIETIL

RBEFEORIEICD H W Fhi o %Z1T 5 CNN OfiE, CNN o9 #ricHwvw % Cycle-
GAN ZHE T 2EMET N, @AlE T LVOREIZOWTREART 5.

4.2.1 CNN E£7J/L

AL TIIEE DML THERHETE DR E D EITHNRAET 6.28 M Th o =TT L& HH
$5. K411 CNNDETILVOMEEZRT. £/-KA42ITETIVDOFMERT. BEDH
2 I AR I R 22 2 W T WA EEBR TS EE, EEBOSEEZITO 29

27 I ANEERITOMBICEE L TWS

4.1: CNN =571

Conv3D
RelLU
Conv3D
RelLU
MaxPool3D
GAP

BatchNorm

#£4.2: 2y T — 7KK

Block No. Architecture
1 Convl(8, 3) = ReLU — Conv2(8, 3) > BN — ReLU — MaxPooling(2)
2 Conv1(16, 3) = ReLU — Conv2(16, 3) = BN — ReLU — MaxPooling(2)
3 Conv1(32, 3) = ReLU — Conv2(32, 3) = BN — ReLU — MaxPooling(2)
4 Conv1(64, 3) = ReLLU — Conv2(64, 3) > BN — ReLU — MaxPooling(2)
5 Conv1(128, 3) = ReLU — Conv2(128, 3) - BN — ReLU — MaxPooling(2)
6 Global Average Pooling — Dense(2)

— 10 —



4.2. HwrEETL

4.2.2 CycleGAN EFIJL

AR TIIERETLE LTI EBOTHER XS ResNet ZHW=. ERETNVOMER

4.2 1287

BatchNorm
BatchNorm

4.2: CNN €71

4.2.3 EDER

AOBEBROFEHEZN 4.1 187, DIEETER, TIEANEIR, G IEZERE{RZRT.
AT & 2R 2 FRE LA ERZ LR T 5. 2070, Z7HIRTEOEZ I H
BUIEIN U 72908, IE D fEZ B % fEIsI IR L 7 il e 72 5.
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CycleGAN % W/ AHEZAR, ZEHRTR ORGE DEWIT DWW THREE L 7R 2 7l 5 5.

5.1 CycleGAN [Z & 3HHEZE#:

5.1.1 [KBEER

CycleGAN I X 2 HEZHh 18 5N AHHER D &, HFICH ST 2 M L HBEN O
TEARDE N % T L AR 25l 3 5.

KEBEGROEEE - HBEFBOLEMSER LT 5.1 28860z, KR XD, Saggital
CIHTEARNNE S FE R RTHREY, /e EHE, —JGHEFENE OB 2 72 Z & D3RR T
%. Axial TIZAMURERIRL, WETE ORI 2, Coronal TIXHULETEISME O IS L
AT EDIMERTE B.

HEE —» BFREEOEHHRR L LT 5.2 M5 5N 7. Saggital TIZEFE — HFEEOK
ORI 2 CO I ATSHATE S 2 E LR ERE O IR L TW\Wa Z e DR TE 3.
Axial TWE LBARHRTEAR], /A, BIRREMIOHEED A L TWws. Coronal Tl
—JCGHEENIT R B E, REABMEOHEBAHD L Tns e MR TE 2. T4hbb, K
HED2RNLREMIREINT VWD Z DD 5

- 12 —
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5.1. CYCLEGAN 2 X A 2
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5.1. CYCLEGAN 2 X A 2
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5.1. CYCLEGAN 2 X A 2
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5.1. CYCLEGAN 2 X A 2
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5.4. F&— N
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6.2. JBHNFERFGR
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7.4. MODE SEEKING 1FAILIEZBN L7z CYCLEGAN 12 X A tHHZ#a v EEHETE O RS E D% W
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