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0.05) W&, BEEBEHIZT AKX AT &FEKR LTz, Positive,
negative, other 7 7 ADT —X% L LT, 4,591, 377, 496 7' &
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A |\

Rough

K8. HBT—¥@: 7T 7+ sDOAENSRLEET, &
BTFREEROEHCET S P HEOBHRE 2 TEBL: 500X500
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BT A Y A7 HFKx LT, Positive, negative, other 7
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JLCd 5 (Kaming He et al. 2015, arXiv:1512), 4 [al,
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3. Integration of ChIP-seq Array data into SHOE EHBIT. COREET 4 — KXy T L, EHIZ
SHOE Project Websita i B EE E O 7 v A DR A BT,

Sequence HOMology in higher Eukaryotes

ASING ChIP-560 Ay Express Basus-speciic cata

Addlng ChIP-seq Array Express tissue-specific data

F._#roess#
1. i LHESR
i N _ Polouliakh. In Silico Transcription Factor
Human, Mouse and Rat ChilP-seq on Liver Discovery via Bioinformatics Approach: Application
was integrated in SHOE /ﬂ : on iPSC Reprogramming Resistant Genes.
' - 1 Leveraging Biomedical and Healthcare Data, 2019 —
Elsevier

@ Polouliakh N, Horton P, Shibanai K, Takata K,

Ludwig V, Ghosh S, Kitano H. Sequence homology

_ - S in eukaryotes (SHOE): interactive visual tool for

K1 2. SHOE ~ ChIP-seq 7 LA 7—% @{HSA promoter analysis. BMC Genomics. 2018 Sep
27;19(1):715. doi: 10.1186/s12864-018-5101-3.

Example 1 of ChIP-seq peak in Liver predicted by SHOE

DuabeﬂypeZQem in Liver: EIF4B and PKLR — — Peak ;Ye;

: 0 55 63 S 2. FRGER

gen o ne _oownes e T2 T Natalia Polouliakh. Garuda/Shoe and Percellome
= 3= [a;;-ln — analytic workflow. OPENTOX ASIA 2018, Asahi

Seimei Otemachi Building, Tokyo, May 24, 2018.

@ Takeshi Hase, Samik Ghosh, Ken-ichi Aisaki, Satoshi
Kitajima, Jun Kanno, and Hiroaki Kitano. DTOX:
Deep  neural network-based  computational
framework to analyze omics data in Toxicology.
OPENTOX ASIA 2018, Asahi Seimei Otemachi
Building, Tokyo, May 25, 2018.

Kitano, H. Al-driven systems toxicology.
Toxicogenomics for Accelerated and Refined Hazard

Identification of Chemicals (Joint Symposium
between IUTOX and IUPHAR), 18th World
Congress of Basic and Clinical Pharmacology, Kyoto
International Conference Center, Kyoto, July 6, 2018.
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