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Abstract

A Study on Explainability of Deep Neural Network-Based
Classification Models for 3D Brain MRI

FUJISAWA, Moto

Explainable AI, in which the basis for decisions can be interppreted, is an impor-
tant issue to solve the black box problem of convolutional neural-networks (CNNs).
CNN-based discrimination has also been studied in medical imaging, such as MRI, and
visualisation with Grad-CAM shows which parts of the image contributed to the discrim-
ination result, however this is still not sufficient. Many pre-processing techniques are
used to discriminate MRI images, and although there have been studies on the relation-
ship between pre-processing, such as registration and segmentation, and discrimination
accuracy, they have not been sufficiently explanatory. In this study, Grad-CAM is ap-
plied to the images at each pre-processing step, and the explanatory properties of the
discriminative regions of the CNN model are determined by the explanatory properties
of the MRI brain images, such as visualisation and accuracy differences between re-
gions. To do this, registration and segmentation are combined to produce nine different
images, which are then compared for accuracy and visualised using Grad-CAM.

The results were discriminative, except for the brain region images extracted after
non-linear registration, and the comparison of accuracy and visualisation by Grad-CAM
showed that regions such as white matter, in particular the cerebellum, peri-thalamus
and corpus callosum, contributed to the discrimination.

Although it is thought that there are sex differences in the regions listed as con-
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tributing regions, it has also been reported that there are no differences in human brain
structure, suggesting that the regions that produce sex differences contribute to dis-
crimination, but that other regions also contribute to discrimination, suggesting that at

least some pattern differences are used for discrimination.

key words CNN, Explainability, Grad-CAM, MRI brain imaging
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SCHR [3][6] TlE, BLGRAZ 22 OREED 0% ik FEETH 5. [/ LB,
EHOMEG, EESDEL IR L — a VR, EEZLLNEGRTHD, HEEDDOD
HBECBVTIEZOMORTLHEE R e MR TERETH 2 2 e h o, NEBIORHICEEE
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H 5% U7 B 21T S S e BMRRENS.

SHE DO BIIH 7RI 1T S5 Z 2 THIRR T E 223, FERICHELEZ T\ Z L ki
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PICKERENTE, FHTEZEBRTH200EHHABREICRD, #HTE28EE5
72O NEY)TH 5.

3.2.9 FHFWLIX L —2 3 EOMEEMHE
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3.17 123 % 3DCNN E 7L DR ERT.
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3.3.2 ZEERERT

32 HITHERT 2EHEGEA L, B LMD 227 7 A9 21T5. RELFIERZ
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M 66 ND 55%TH 5.

# 3.1 3DCNN EFILOREKE
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1 Conv3D(8, 4) — BatchNormalization — ReLU — MaxPooling3D(2) —
2 | Conv3D(16, 4) — BatchNormalization — ReLU — MaxPooling3D(2) —

3 Conv3D(32, 4) — BatchNormalization — ReLU —

4 GlobalAveragePooling3D — Dense(2, softmax)
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# 4.1 3DCNN E 7L DOZERT O R
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MaxAcc | 87 71 76 82 75 70 83 73 55
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L LIS, BRSE IR R v e i 2 &S D H D, STk 1] icBVwTd e
F OGO O R S FETE 2 mMIIEEDE D R wS Z e eI ntn
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EFNS DERDA] S DDA = NGECDDHZ e BEZ LS.

5.6 ZTOMDERESERDESE

ERDTOBMD ST, SEERS NSO 3D Grad-CAM 12D\ THF
REFELED DD FED R o1/, ZOMBIIHTI2ERED LV, FEHEHMDOEE
BTbhs e XDRWEEZS. 208G, WHNEZHWE X DR ODEIZITS
YT, FREOWMICET 2F5HICOVTHAT L LA THI L EZS.

F 72, BEWAEE OB TIE, ARHZETH W 3DCNN E FLEEHER S L IS AT A X
rEDLYE, 9ODFHEAETNALIENRT 2 XD ICHRE LD, RTOEBIIH L THL R
FA4 RV H A XBITHIZENTES 0, —DODFETINMIN L TEROETLHEE G2 AT
LCiaz475 Z & TR B X 2R HE TN EER T2 2 TES. Z
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5.6 ZoOMOELY SHOEY

AUTE D, KOEMRE AR D, ZRTHFEAIAIAET H 258 OTEHRIZ X D fHifEss
ENDDERBAREMNED D 5. AIFFLD 3DCNN € 7 MSEFO— RN LEEET Ve T
BT 5 BRIV IR NI, MR R A7 3RRAETH S AREMEIE D 208, 743 ) X A
PHEBIRBEOM 2K, XDZEBRETMILZFERIBNTAS%D, HilllEBEEZH TN
ETH2.

X 5T, AR TIEAUEFEE LT Grad-CAM ZEEL L7205, Hiic 7% CAM FiEd0ka
FREINTBD, LY RV CAM FEZ X2 AHLATThbN 5 L FEEMLOREIZ DD D
ILAD, KORWEHIME L EZZ 5. LrL, CAM FEZ L ICHFEGMOITAEIE
TN D CAM FEZHWTODHEDEDALNBZNI b H D0, B A
LA D TR X 232 RD 2 Z e PEETH D L E X 5. KT, Adversarial Attack
RIS ALITH T 2 WBOWZESH#EATE D, AL T 2RI 52 2 e 38t L
(I TV AJREMED D 2 - DRA R FIRIC X 2 HAMDPEE L Lo TV 2 e EZ D
ns.
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A2 9 TR O RTAVERER O B 2GR 2 1TV, KEOE WP Grad-CAM 12 X % A1k
WX o THRLHBINTBIT 283HEE KDz, 3DONN ZHWIEEICI->TE I X VT —
Tav I ORRDEVDLHENTFESHME LTEZLNS. £/, Grad-CAM Ik 3
AR & o CHEE, /DI, BURRELL, KR W LI FICTES T2 2 e bhofz.
SCHR (1] 188V TH INAH-1 % INAH-3 RRK RS, MR AR 58220tk =5
MWHEZONZEMTH 2720, FACIHMAAHEIICE > THELTWE Z b o .
L2L, b bOMHEICIEBERICETRZVWER@mOTONE b HD, CNN TOH G
RIZBZ RO FE L TWE ZeMRTHhD, £05 DEIRD] 5D D/SKX — ZE N
HBIENEZLNS.
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AWFREED 2 12H72 D, BHLERAERAR SHE BRI THHE W72
SLLEHVZ LR, SAI TR RAN  FEPHERAER 5 T, @SR IRRAN
AR PHRBZEZICEEIEZZ L TWRRE, RIAEH VL ET.
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