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Explanation of frequency domain features contributing to EEG classification
using integrated gradients
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Interpreting prediction of deep learning models is important in many applications, especially in medical diagnosis
systems. Several methods have been proposed to interpret black-box predictions, but most of these studies are
intended to calculate the contributions of input features. In this paper, we propose a method to compute the
contributions in another feature space. The method applies differentiable transformations to input features and
compute the contributions of the mapped features using integrated gradients. This approach enables us to calcu-
late the contributions of amplitude and phase for each frequency in EEG classifications because the fast Fourier
transform is differentiable. The proposed method is verified using three EEG datasets and the results show that the
contributions of the proposed method are more reliable and has less computational cost than those of a conventional
method. Our method will thus enhance the reliability of data-driven approaches in EEG analysis.
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BRI IYMARRRER 72 1 TR <, kR AT & L7z TH
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ZNEND BT CREE 2 BEFT A RO FIE & IR
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AT &% [Schirrmeister 17]. Z O &R % RS W L B2 126
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Z D7D, {ASRHEHAGINCEB L 72 EE W E kD 5 FiE
MPHEIN TS [Sundararajan 17, Lundberg 17] 23, ZH
S5DOFEDL IFFHE A X SHIEFIZE L, — OB+
NEETHILEDHD [Zintgraf 17). £7z, —HOFIEIZHA
8L FBRD IRV Z LT\ 5 HREMA S D [Adebayo 18],
FHEIA N AT DEISHINCER U 72z sk 5 Z
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HEB DAL T4 M2 APHERLPTWI E2FHRICLT WS,
RER DN T — 2B W TIE AN EFDNA T 1~ ERKD
LEMEMNEC X 232 AV H#ET 52 L 13 L <, BY -
FRERLE T ORI DERD B 2 JA AL T D HIRD R AL
FLW. TD7d, AT L OIRIER D & A D OBk %
3k % Input Perturbation Network Prediction Correlation
Map (IPNPCM) #EPMER TN T WS [Schirrmeister 17]. L
MU, ZOHEIXAEREDIED & 5 IZHIHO M S HSEERKIC
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RTHDY Y TNVEBIRETH B0, Dlhniidnzin,

UK EHE], KIKZPIEE BRSNS, T 565-0871,
KB FWRHETILHE R 2-1, kawai@Qams.eng.osaka-u.ac.jp

Z 2T, KL TIRARBDEICEDWT, JARKR T & o
R &AL DEBE, DRV R TEMIZEE T2 2
xR EET. BRI AT D2 ADER L PN ZER A L 4
g2 LT, TOEMMPWIIRETHIUL, AL L
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3.1 F—4tv hEHIS

—ODATTF =Rty he, ZODRET—Xty NEHWL
7o BT — 2 D% 1%, #ERE OMERIZILDNT T ROVAHT
XN, HEROEMIZAHD LM, ALTF—Xty bOEBROE
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ALTF—=&%y M 5 Fv ), 60Hz TEHllEh, 50 B
T1ITRy 72U T7bb, 1 T—XIX5x%x3000DF—
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Ha—F) %y bEFAWT 5 DOREREMZ #5 L 7-.

£ DO DT —X+Ey M UCI Machine Learning
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PeERE X 122 ATH D, TDON 45 NFEETH D, 77 A&
TN A=)UKFTHD. AFEDEAAA=2—F)V 2y NEH
WT TV I —)URFED A %A L 7=,

*1 https://www.physionet.org/

*2 https://www.physionet.org/physiobank/database/
sleep-edfx/

x3  version 1 ZfffH L7z

4 https://archive.ics.uci.edu/ml/datasets/eeg+tdatabase
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b & H W TP & DRI & ALAH A O 3~ 0 Bk
AL, HMOBEME KLz, ATT—X&y MIEBR
DEMENBEAITH 5720, HROEE L DFAE% top-k inter-
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top-k intersection (& E Mk U 72RO A > T v 7 A% E L WIE
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EHE S 2 3 L7z, Z IR 0 B & EBIZEE ' T v
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HEE 0 X0 EMEIGEWEBROMEZ KD D Z LN TE -,
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IPNPCM £ & 0 $ EHilikE EHEIZRD SN2 L D395
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5. BEFRIZEIOREZERP LD IEMETHS Z 2 IFREIZK 3
IZRLUTHEY, IPNPCM HIZ &K B8BIE ) A AR ENZ &
Wohd, £z, TR (0~ 2Hz) OIFBOEHRIZETH
L5ZLIEN3I I TADEHREL T 5720, ZOHNERIEZEY
ThHdBEVRD.

X 5,6 12 UCI EEG T— &t v »® 7 )L 3 — URIFER A~
DOHE@RE AL L 72, L IPNPCM ETHEIO 77 H A
RKELEZDN, BEFEIZLZHHAPLEHTH B Z & I3
K 3IZR U728, ZDODRDEWNITHIERIEIC L B RGO
falsrt % =9

4. BbHYIC
I & A ST & U 7= 2 S 0 JEL R 2 & D HRIE 4> & A

SOEME DR WEHE R TIEMIZEIAET 5272012, FFT O
S AIRENEE R LT, AERESIEE W CREEBGES T H B iR

gk & NEFHER DY DBk Kb B Sk 2R U=, EfkDE(H
PHRATHEATT =Xy M EHWT, BEEITDLRVEE
HCEHBOEMAZEETEEZ 2R/ U £, ~DODMK
T—Xty N EAWTREEIIMNRETH S IPNPCM £ L D
& IEMERSHID RETH B Z L R Lz, AL, 4 iTRE
TR AV U R VBRI R R A L, T DZERE A
N UTHARAEET e 2 BELTEY, BIFEES &
R D DV Tld7e <, 1Zh O Alfe A 20z & i
MARETH 5. HIZIE, BEOEBFIZABTEIE L D FEM
VAN DARIL & BN (A U 7= eI D B 2 R 9 2 2 Y
T&E5., TD=H, ABFHEDOT— X TADT —XDE%K%Z
R U T WRER 2 JIR D Z e B SBOMETH 5.
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ARWIFEIEE ST SRR R IR AR B R LR (JST) g
RRBHEE (v X— 47 -4/ R=v 2 (COI) 7H
7' L) KO, JST, CREST, JPMJCRI7A4 DI L -
Tirbhiz,

ZE Xk
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