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DTOX: Deep neural network-based TOX| framework
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Prediction report

Predicted class
: informative (up-regulated)

Explainability analysis

:0.000
non-informative
:0.005

F 72 DTOX (B3 Dk RO FEiwm bz D T
%o

OREFTE LR W) ) AMENTT — 2P b0OF
BRI YS ) MEEOHF

T v IR E R % O suppression BE . ©
induction #%, @non significant #£D =FEIZHFETH Z
EERHE LT, AT TSR E s 7 —
F7T 7 FIESGEET NV EHELIRER, 1
LT T V4T T, non-significant #£ &, 4L
SO 2 B2 IEREIC DT 5 2 & RT3,
induction #EDEHR D72 < ST EE LVIRILT
HoT,

AFEFEIL Z @ induction FEIZ 3T 5 4 A Y
B9 5Z &AL LT, WEFEZEMEE LR
R W72 AT T LT H D “Generative adversarial
network (GAN)’DFEHEA1T-7=, GAN X, FXIZ
AT LIS, ORGSR Y FT—2 L QRERIEE R

FNI—=2D 25Dy NT—=7 BRI TV D,
AR Yy N —71%, T H LR ) A XN AED

BT — 2 BT D, Wil I BOmg T — 2 &

FEWOEBRT —F T 5, HEIZK Y ARk
Xy NT =TI K DB T — 200, AOBER AT
BT 5, ERERR Y U —7 LEBIgRR Y R —7

DA D BRICHIEA A TV E | FEIZ, GAN
XEERO WG T — & L RO R A £ 8T 0O B
ZARAREL 72D, LU b, GAN HiIAZ FIfH
TRHDITH, ZLOEBRT —ZBLETHD &V

IMER DT, £ 2T, AL GAN OB ERT
H % “Fast GAN’DFEHEAIT - 72(ZE Lk 3), Fast
GAN T, ##hlgs =+ >~ F 7 —271Z AutoEncoder %
FAAATAREEZ A LTV D, ZOfEOH T,
Mg D 7> 6t D %18 557 % Decoder Z BN
LT, TOETHEEE 0 ZTME THRD BFHE
ZEHLL TR DRV EIHEG ) & | G4 & [F
FR7R M & RO Big & AR R 2 o

Training data (real image data)

GAN D&

Al WEERE L FARIC, Fx T r 7 AHE
TREGETLIEEENE LT, ZERRGEEY
BT =7 7 F v IS EET VAL LT,
INHOWEFET —F7 7 F ik, REMRKH
G T — 2+ v b (1000 77 TV —IZHETE S
120 T OE B THEK SN 5) Th2H ImageNet
dataset Z VW CT L LA =07 ENZHDTH
b, ZNHE, TS AEBRICKH LTI R 21T
W ST T LA AESE LT, induction BEIZXT LTI,
AT —2 & LT, EMRNLRUEEZZ T2 457 1
DFETF—ZEBITINZ T, SFEFEIEZIT > 2R
FTIVCARR L2 HEE 6,000 #th, FIfET—2 & L
THWE,

FedE L7z Fast GAN %/ L. induction #£ D H|
Ba BT DT NVOWELITo T2, Al ARE
T ATOWT, 500 AL, 5,000 AL, 50,000 HAL
DANAEATVN, E DAERLER OFFEIZ DUV TRRGEE D
1To7= (FD,

-50_

WAEE, METIT-ERMET R LI ICHIRT
)



5001H1%

5,0001H1%

50,0001H{%

R
i TR ]
R RREE R e e
L TR s K R O
TR TPW 11 T PR O A PR T

Fast GAN iz k % Eﬁﬁﬁfﬁ

BUZRT L 91T, 500 A TIE, (ZIEFIE GO
%@%%i%ﬂfw&moamoﬁﬁ?m\ﬂ@@
@@i@%@%%i%ﬂfﬁné%@@\ﬁﬁ%&

[R5y AFAE LTV D25, 50,000 A TIE, 13I1E5%E
imﬂﬁﬁﬁmﬁﬁ%&azkﬁﬁéiﬁﬁézk
NTE, ZOMEE, ZoEKETLVERWD Z
LD FIER T — & OER DT OIZNEET
o= HMZE DY) L R %2 . KIBICHIKCE 5 Al
BEMER D Z EERL TN D,

&Iz, 50,000 HADOEFTLEZMHH LT, 6,000
# @D induction BEDERKEE 2 A/ L, HEF
TV OFIFIZ =,

ARl =vS7 7 MEMIZET 2 FET — X EBROND
80%& . AEMETNVTAEKLZEREZ, ML A=

77— LTHWTEBTFEHET VEMBEL,
Z D%, TR D 20% DT —F T AT —2L LT
AWTHELZET VDS ﬁﬁr@ﬁ&%ﬁot

(PR, BUIRT L D12, ML THOSHE

4 7C T, non-significant #£ & . FIL LS D 2 Eifz
IEMEIZRT D Z E R, L LR s  HEEEL
7o TFFEOET V4T T, induction #4045 =
ERREETH -T2,

Resnetl8

Alexnet

induction [ns |supression induction [ns |supression
induction 0 1 91 induction 0 2 20
ns 0| 469 1 ns 2| 462 6
supression 0 3 1185 supression 2l 13 1173
Resnet34 Densenet
induction |ns  |supression induction [ns |supression
induction 0 2 o0 induction 1 1 a0
ns ol 468 2 ns 0f 467 3
supression 0 2 1186 supression 0 2 1186
Resnet50 Squeeznet
induction [ns |supression induction [ns  |supression
induction 0 1 91 induction 0 2 90
ns 0] 465 5 ns 0| 467 3
supression 0 2 1186 supression 0 4 1184
Vggl8
IER —— _
induction |ns  [supression
jvﬁ induction 0 1 91
jﬁ}J ns 3| 464 3
’ supression 3 1185
3 R4S — N =
BRIEHE T OTHREE OREE
. . BB =3
OFERI S, induction FED IFeH 5 2 FEhE 4
HDOIHTIE, ZNHOEBFEHET WVITHHEIC 5
RS E A I TE TV RN L AVURIE ST,

@i: G AEIfENT Y 7 7 =7 SHOE Dk B
AR L. Garuda Platform | C. Percellome DB

L SHOE mHE#EhZ LV EIiZ L7z, T

k.

_51_

(@)10b Tite
GeneList &

—EDOWEE Z T D,

NEW:
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. Stream Length: Length of
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SHOE: An interactive visual tool for promoter analysis [ | Emm [ E“j Viowo
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Example 1 of ChIP-seq peak in Liver predicted by SHOE

Diabet Type 2 genee in Liver: EIF4B and PKLR
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