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Creating the Engine for Scientific Discovery:
x Nobel Turing Challenge as a grand challenge
project in Al and Systems Biology
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By 2050, develop Al systems that can make
major scientific discoveries that worth
Nobel Prize in Physiology and Medicine
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B This article proposes a new grand hat is the single most significant capability that
challenge for Al: to develop an Al sys- W.mihtial intelligence can deliver? What pushes the . ~ o .
temn that can make major scientific dis- human race forward? Our civilization has L@ U & KTH bR TVEBLHCHAT Lhdol
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form scientific discoveries into highly nition, I believe that the initial focus of this challenge should Fiud, NROREODREREE I OBBL TNEEROICETTEIA FRVESARIE LS [Kulkani
efficient practices, thereby enabling us be on biomedical sciences, but it can be applied to other areas HEREEALVIERT, BOTEE  7LOMRTHY, FO8%ELTA 90, Zupan 07], ZOFHROEAEEE
1;1‘ expand our knowledge in unprece- later. The challenge is “to develop an Al system that can BEMLEATHSS. oSS  EHEET S OMEARRT A IS by BT LR L
dented ways. Such systems may out- make major scientific discoveries in biomedical sciences and
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compute all possible hypotheses and that is worthy of a Nobel Prize and far beyond.” While recent

Iy sedefine Dhe natuae of scnif progress in high put “omics” mea tech- T, BRRYIVEFLIVRRE HETTE, FIFAT-LFh Y JOF LirL, BES  OREFHTRH
process o nologies has enabled us to generate vast quantities of data, Lz SV EFALY VR, v VBT ARERE Lo~ Br— 5RO © LAt L, Bk
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individual intuition, while researchers are often over- ) SV . b1 T ) . 55 F LR TOD. = DR
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understand. Even now, scientific discovery remains some- SHEFHFL, AROWMLEELY ALTW(lVILDLALRY v MRREGI S, BERIALS
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Nobel’s Will
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The said interest shall be divided into
five equal parts, which shall be
apportioned as follows: one part to
the person who shall have made the
most important discovery or invention
within the field of physics; one part to
the person who shall have made the
most important chemical discovery or
improvement; one part to the person
who shall have made the most
important discovery within the domain
of physiology or medicine;



Nobel Turing Challenge

The Nobel Committee to give Al system
the Nobel Prize without noticing it is an
Al system, not a human scientist.

The Turing Test at the Nobel-
quality scientific activities

\ Alfred Nobel Alan Turing J
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Satoshi Nakamoto

Bitcoin: A Peer-to-Peer Electronic Cash System

Satoshi Nakamoto
satoshin@gmx.com
www.bitcoin.org

Abstract. A purely peer-to-peer version of el ic cash would allow online
payments to be sent directly from one party to another without going through a
financial institution. Digital signatures provide part of the solution, but the main
benefits are lost if a trusted third party is still required to prevent double-spending.
We propose a solution to the double-spending problem using a peer-to-peer network.
The network ti ps tr: i by hashing them into an ongoing chain of
hash-based proof-of-work, forming a record that cannot be changed without redoing
the proof-of-work. The longest chain not only serves as proof of the sequence of
events witnessed, but proof that it came from the largest pool of CPU power. As
long as a majority of CPU power is controlled by nodes that are not cooperating to
attack the network, they'll generate the longest chain and outpace attackers. The
network itself requi inimal structure. Messages are broadcast on a best effort
basis, and nodes can leave and rejoin the network at will, accepting the longest
proof-of-work chain as proof of what happened while they were gone.




Two sub-goals

First, we will need to develop an Al and robotics system that can perform
biomedical and biotechnology research fully autonomously that leads to major

discoveries.

Second, the machine must be able to make strategic choice of the topic of
research, communicate in form of publications and other means to explain the
value, methods, reasonings behind the discovery, and their applications and

social implications.



An Introspective Review of Scientific Discovery
in Biomedical Sciences

Case Study: Prediction of Aging Mechanisms 1994 - 1998
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Generating Hypotheses on Mechanisms

Molecular Mechanisms

chumulation
of molecules

Heterochromatin
Re-modelling
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Cellular Mechanisms
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Identification of a model that explains the data set

Ex

haust Search of cellular aging mechanisms using computer simulation

Over 500,000 simulation runs
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The only model that explained the data set
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Structure of Biological Discovery

Explaining mechanisms of biological phenomena

«
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Possible combinations of
molecular mechanisms

Biochemical Constraints |
Systems Constraints

Experimental Constraints
Empirical Constraints

Molecules involved




Inferring Sir2 to be the critical factor for aging and
predicting the role of Sir2 in aging and verifying it

1. Implicated in Yeast aging
2. Histone Modifier
3. Conserved among species

Zn2+Binding Site

]
1 Small Domain
Budding
Yeast oL
- ' g
Slrz Large Domain \ ;/f/ ’(43?_ «—— Acetyl-Ribosyl-ADP
L ‘Y
N-l;mmus i 5 Li, — C-terminus
A=
\
Rossmann Fold

Kitano, H. and Imai, S., “The two-process model of cellular aging,”
Exp. Gerontol, Aug; 33(5):393-419, 1998

Imai, S. and Kitano, H., “Heterochromatin islands and their dynamic
reorganization: a hypothesis for three distinctive features of cellular
aging,” Exp. Gerontol, Sep; 33(6):555-70. 1998

=

éxperimentally verified\

Transcriptional silencing and
longevity protein Sir2 is an
NAD-dependent histone deacetylase

Shin-ichiro Imai, Christopher M. Armstrong, Matt Kaeberlein
& Leonard Guarente

Department of Biology, Massachusetts Institute of Technology, Cambridge,
Massachusetts 02139, USA

Imai, S., et al., Nature 403(6771):
795-800, 2000

<

Sirtuins Family




Survival probability (%) X

Survival probability (%)

Life-span extension by SIRT1
over-expressing mouse

Females
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Cell Metabolism

Sirt1 Extends Life Span and Delays Aging
in Mice through the Regulation
of Nk2 Homeobox 1 in the DMH and LH

Akiko Satoh,! Cynthia S. Brace," Nick Rensing,? Paul Cliften,® David F. Wozniak,*> Erik D. Herzog,>¢ Kelvin A. Yamada,?
and Shin-ichiro Imai *
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The process of discovery

1994 Problem definition

Hypotheses on molecular
mechanisms

Computational modeling

1998 Biological interpretation

4

2000-2015 Experimental verification

2016 Clinical trials

Hypothesis
Generation

Constraint-based
hypotheses
generation

Experimental design,

execution, etc.

18
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Process of Scientific Discovery

Serendipity
By Accident
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Systems Biology is Science
for Al
or Al-Human Hybrid System



/ Cognitive Problems in Scientific Discovery \

1.Information Horizon Problem
2.Information Gap Problem
3.Phenotyping Inaccuracy Problem

4.Cognitive Bias Problem

5.Minority Report Problem

/
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Yeast Signaling
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Yeast Cell Cycle
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AlzPathway Pathway Map Notation Related Resources Condition of Use

. Neural precursor cell . Glial cell
=" A, lnsulin  Pathway . = production
arrier S5 S Sl J &3
= < cleavage_- - -= : Notch
Sinusoid _ Amyloid B Mitochondria signaling
degradatlon~— . . th
Intestinal » Ubiquitin mediated ~ patnway
epithelium-ceff=— . ApoptOSts proteolysis 3 i !
CSE&| = normal ;..
Blood Caleiim MAPK - Eegpamidemtsld
o S signaling signaling accumulation
L pathway RE(EEY
Miecogl'@: 5 Epdoplasmic Reactive Earamide
2 B = -~ mTORsi nalln 3
Inflammation Accumulation patﬁvsay 9 _L-|p|d
Céll Gycle °r;fa’::§";:3' DUt o8y
=} t] utophagy
rtz?r{]r:re:gllc AStrocyteArachidoniIC acid Cholesterol Neurotrophin
: - cascade

ot oo AIZPathway

A Comprehensive Map of Signaling Pathways
of Alzheimer’s Disease
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“Mapathon” = Mapping Marathon

Relevant papers New diagrams

Curators

Curation sheets

Base man

Matsuoka, et al.,, Weaving Knowledge of Biochemical Pathway in collaboration,
to appear in Computational Systems Toxicology



MINORITY REPORT

* 99% of reports indicate “A activates B”
* 1% of reports indicate “A inhibits B”

N/

(A) Ilgnore Minority Report?

(B) Examine quality of Minority Report
(B-1) All reports are from one lab.

(B-2) Reports are from diverse labs

Kitano, H., Al Magazine, March 2016 (to appear)



Human Cognitive Bias and
Limitations of Semantic Mapping

C_ognitive Bias_in \ Human Cognitive
Clinical Reasonlng Human Cognitive Representation 1 Map iS not

the terrltory

Reprosantation 2: 7 = S MMy

* Anchoring Bias

* Availability Bias

e Confirmation Bias

* Premature Closure
* Representativeness




Limits of Human
Cognition



Power of Computation
Power of Al



Orignal Image Image of Noise (amplified)

Free Image (https://pixabay.com/)

Deep Learning identified
as Ostrich

Szegedy, et al., “Intriguing
properties of neural networks,”
International Conference on
Learning Representation, 2014



b C  Machine learning
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Person
Centered Care
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Non-Pharmacological Intervention for Dementia

Aikomi Dashboard Aikomi Analytics Aikomi database
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Aikomi
monitoring
always on
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:
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Aikomi
Stimulation

Screen

speaker
vapourizer

non-pharmacological therapy
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Oral, Inhalation
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Per One Chemical,

4 time points (2hr, 4hr,
8hr, 24hr),

4 dose levels (0, 1, 2, 3)
16 groups n=3

48 mice

Liver (Lung, Kidney, brain,
etc)

Open Access : BMC Genomics. 2006 Mar 29;7(1):64

Percellome “Per Cell” -ome Database

1425645 = at
Cypzbid

Affymetrix GeneChip
MOE430 N
45,000 probe set data )

One chemcial
data consists of
45,000 layers of

3D surface

Acephate DMSO Paclitaxel (Taxol)
Acetaldehyde Domoic acid Paraquat dichloride
Acetaminophen Estragole Pentachlorophenol
Agaritine Ethanol Permethrin

Alpha lipoic acid 4-Ethylnitrobenzene Phenobarbital sodium
3-Amino-1H-1,2,4-triazole Ethynyl estradiol Phenytoin
4-amino-2,6-dichlorophenol FK506 Phytol
2-Aminomethylpyridine Formalin 5-Pregnen-3beta-ol-20-one-16alpha-carbonitrile
AraC Forskolin Pyriproxyfen

Aspirin Fullerene 9-cis retinoic acid
Azacytidine Genistein Al trans retinoic acid
Benzene Genistin Rifampicin

Bisphenol A Glycyrrhizin2K Sodium Arsenite
Bromobenzene Hydroxycitric Acid Sodium Dehydroacetate
Caffeine Hydroxycitric Acid Tamoxifen

Carbaryl (dl-p-it opic acid) TCDD(2,3,7,8-Tetrachlorodibenzo-p-Dioxin)
Carbon tetrachloride Indigo TCDF(2,3,7,8-Tetrachlorodibenzofuran)
2-Chloro-4,6-dimethylaniline Isoniazid Tebufenozide

Cisplatin Kanamycin monosulfate Testosterone propionate
Citric acid-calcium salt Levothyroxine Thalidomide

Clofibrate Maltol Toluene

Coenzyme Q10 MEHP Transplatin

Curcumin Menthyl Valerate 1,2,3-Triazole

Daizein Methanol 1,2,4-Triazole

Deet Methoprene Tributyitin chloride

DEHP Methoprene acid Troglitazone
Dexamethasone Methyl dihydro jasmonate Valproic acid sodium salt
Dibutyitin dichloride 3-methylcholanthrene Verbenone
1,2-Dichloro-3-nif i 2-Vinylpyridine

Dig i ine (C57BL/6) Warfarin

Diethylstilbestrol N-ethyl-N-nitrosourea HE1S Blue No.1
Digitoxin N-Methylaniline #8255  Blue No.2
2,4-dinitrophenol Omeprazole #R®40%  Red No.40

BIVIC Genomics

Methodology article

A82268  Red No.226

BioMed Central

Open Access

"Per cell" normalization method for mRNA measurement by

quantitative PCR and
Jun Kanno**1, Ken-ichi /
Atsushi Ono!, Yukio Kodama' and Taku Nagao?

icroarrays
saki®!, Katsuhide Igarashi', Noriyuki Nakatsu',

‘Address: 1Division of Cellular and Molecular Toxicology, National Insttute of Health Sciences, 1.15-1, Kamiyoga, Setagaya-ku, Tokyo 158.8501,
Japan and President, National Insttute of Health Sciences [ 155.8501, Japan

5 115.1, Kamiyoga, Setagaya-ku, Tokyo

b hi@nih uki Nalkatsu - .

Katsu
Yukio Kodama - kod Tako Nagao.




Examples of Percellome Data
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DTOX: Deep neural network based computational
framework to analyze omics data in TOXicology

Training data

Class balanc Gray scaled/resized

( Gene 1 ) [
‘ . o
Gene 2

Gene 1

/Deep convolutional\
neural network

S (A |8 [ |5 f s [=lfl=] |=
il [ialbield
HEEEEEREEHEEEREEER

Resnet (https://arxiv.org/abs/1512.03385)

We used network composed of

Gene 2
| r?o ‘
Gene3 ~ OrenCV | Gepe3
| —— Open source | =
L > computer vision {

"} softwrare library
Image size: Image size:
321x321 32x32
Test data

Positive:
Negative:
Rough:

1,148 images
95 images
124 images

Intermediate: 125 images

18 convolutional layers and that
of 34 convolutional layers

- P

Classifier model
The model classify surface images
into 4 classes, positive, negative,
rough, and intermediate classes

Performance
of the model

(Accuracy)

42

98%



Creating the Engine for
Scientific Discovery



DENDRAL (1969)

Joshua Lederberg, Bruce Buchanan & Ed Feigenbaum
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ORGANIC CHEMISTRY

The DENDRAL Project META-DENDRAL

Robert K. Lindsay
Research Scientis H
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Bruce G. Buchanan

Adjunct Professor of Computer Science
Stanford University
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Stanford University
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The Automation of Science

Ross D. King,™* Jem Rowland," Stephen G. Oliver,? Michael Young,> Wayne Aubrey,*
Emma Byrne,* Maria Liakata,* Magdalena Markham,* Pinar Pir,? Larisa N. Soldatova,*
Andrew Sparkes,1 Kenneth E. Whelan,1 Amanda Clare!

oo e %! [A“ AUTOMATED
LY EXPERIMENTATION
REVIEW Open Access
Towards Robot Scientists for autonomous scientific
discovery
Andrew Sparkes*!, Wayne Aubrey!, Emma Byrnes, Amanda Clare', Muhammed N Khan', Maria Liakata', nitial START point

Magdalena Markham2, Jem Rowland’, Larisa N Soldatova', Kenneth E Whelan', Michael Young? and Ross D King'

System model and ~ ———J» Hypotheses —_— > Experiment generation

nowledge base genergtion and design

Cycles of Execution of

Update automated hypotheses | experiments on an
the generation and automated robotic
system experimentation system

model

Analysis of results ollection of experimental
— Y p!

New knowledge by statistics and observations and other

machine learning meta-data
Figure 2 Adam's laboratory robotic system. (a) An external view of Adam'’s laboratory robotic system, also showing Eve's on the far right, and (b) a Figure 1 Hypothesis-driven closed-loop learning. Diagram showing how iterative cycles of hypothesis-driven experimentation allow for the au-
siew looking down through the middle of Adam's robotic system, again with Eve's beyond. tonomous generation of new scientific knowledge.

King, et al., Science 324, 85 (2009)
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Redefining Scientific Discovery

Massive search and verification of

hypotheses space

How efficiently can we execute?
What are science specific constraints?
What is computational definition of “Serendipity”?



/ SEARCH and OPTIMIZATIOI\N

Goal: Reprogram Cell to gain Stemness

Search 24 genes
from FANTOM
DB

SEARCH

24 genes will enable reprogramming

OPTIMIZATION Leave-one-out

experiments

Yamanaka Factors identified

Nobel Prize in Physiology and
Medicine 2012
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ACCIDENT, SEARCH and
OPTIMIZATION
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Accidental discovery of thin film formation
in polyacetylene polymerization process

v

Goal: Polyacetylene thin film formation conditior]

ACCIDENT

Search optimal thin film
formation condition

OPTIMIZATION

Prof. Alan MacDiarmid
Goal: Conducting polymer

SEARCH & Prof. Alan Heeger

OPTIMIZATION

Conducting polymer thin film

\_ J

Nobel Prize in Chemistry 2000




Technology Platform

Autonomous Al Scientist
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Technology Platform (SBI/SBX)

Bio-

Domai ns B'?_, Engineer- Clinical Health-care . Drug Bf:yond )
Medicine I Discovery Biology
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Garuda & Connected Devices

Connect to diverse spectrum of sensors and devices

The Garuda Platform provides the capability to build connect

digital solutions by integrating off-the-shelf wearables and
monitoring devices

Smart Phone cameras

l Compliance detection
ce Recognition Game Theran 1

o Wireless
Mood Monitoring Alert System communications

& WATCH n "
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Motion Sensors

monitors

Behavio
patterns Reminders

Movement patterns Tremor sensors

Physiology Sensors
Motion sensor on pill-boxes

Behavioral Wearables and
Analytics Sensors
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Shimadzu Collaboration Project

= S EsHMAD2zU

Institute Technologies Excellence in Science *p&*':?j

OSAKA UNIVERSITY

29-9

bix
i
@ %
F i
H ©
® A
phi g
§ (1 wzation z
' % @“ﬂ ",
i : S % VizCloud*
5 % Metabolites Information
% z Query
PN : | : % N
e
.| 9001 =N
oy Gene Annotator*
—s Explore KEGG pathway
( /\) for KEGG metabolite IDs

Shimadzu Data Explorel
Gadget receives and
processes the
metabolomics data (szf)
file from the Machine

T GARUDA

. I
Shimadzu Data Explorer (Proto) 2

Metabolic iPath
Pathway

Enrichment in
Reactome

Reactome Pathways

Load experimental
data and visualize 3 g

Case Studies vantep 54




SBI

The

Systems
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Multi-Omics data analysis configuration
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Technology Platform
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Target discovery using Large-Scale Molecular Interaction
Map and Machine Learning based Docking Simulation

ERATO & AMED Project:
Discovery of host response modulating
factors for a novel influenza drug
development with application to avian flu

Collaboration with Prof. Kawaoka at the
Institute of Medical Science, the
University of Tokyo
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Network-based Compound Screening (NCS)
Case Study

369 Compounds

Proteln Uniprot acc. UniprotID PDB

ABL1 P00519 ABLI_HUMAN  2HZI 7o Hnese Y
ABL2 P42684 ABL2_ HUMAN ~ 3GVU  human ABL2 in complex with
147 proteins

ML-based Docking
simulation

.. 304 proteins
% 3,321 edges

Pepstatin A

v' For proof of concept, here we
describe the example of compounds
Pepstatin-A (protease inhibitor) and
PD98059 (Map Kinase inhibitor)
marked by blue and red boxes
respectively

v Previous studies have shown that
these compound possess activity
against viral replication in human cell
cultures (Barber et al, 2002 and
Matarrese et al., 2011).

v' Based on docking score they were
clustered in different groups,
however, after including network
property in the clustering algorithm
both Pepstatin-A and PD98059 are
clustered together



Very Simplified Process of
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Literature-driven Approach
Influenza infection and replication network

Influenza A Virus Life Cycle Map ..

ndport to membr:

Matsuoka Y. et al
BMC Syst. Biol. 2013




Large-Scale Knowledge Extraction from Text
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Key Case Studies

Text mining approach for BioMarker Discovery

Biomarker Knowledge Mining Pipeline Biomarker Galaxy
Associate biomarkers with diseases
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H - -
A domain specific word2vec Model

150,000 Articles on
Alzheimer’s Disease

Over 15,000,000 words




PUBMED based hypothesis
generation system

Image + Text based Pathway
Reconstruction

PUBMED
> 20 million
articles
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Network controllability Analysis
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Network Controllability Analysis

Class-l Controllability Analysis: Full Controllability
(Liu et al., Nature 2011)

/ FluMap Convert to Calculate Reflect \

(State Bipartite maximum results
transition graph matching with on FluMap
diagram) Hopcroft-Karp

algorithm

*|dentify

Critical Nodes
Critical Links /




Computational Network Analysis
(To identify and prioritize potential therapeutic targets)

Controllability:
* Who is the major hub on the map?

(2] ) @93/ Help | Result inspection || In-Out || Path Search
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Computational Network Analyses
(To identify and prioritize potential therapeutic targets)

Controllability:

* Interactions/paths between particular molecules?
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Computational Network Analyses
(To identify and prioritize potential therapeutic targets)

Controllability:

* Interactions/paths between particular molecules?

ﬁ =

e e

2 BJJ ) @8/ Help || Result Inspection || In-Out || Path Search || Longest path

B 15t layer
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The virus-interacting network and the virus subnetwork

A

Virus protein

Virus interacting
host protein

® Host protein

Virus interacting
“ host protein

Internal-essential
host protein
) Connecting Host

Protein

............. Interaction
Shortest path

Emily E. Ackerman et al. mBio 2018;
doi:10.1128/mBi0.02002-18

.
This content may be subject to copyright and license restrictions.
o Journals.ASM.org yibe ety Pyrig n90

Learn more at journals.asm.org/content/permissions



Target Biological Processes

cccccccccccc Early steps
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translation viral lfe cycle
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Potential Intervention Targets
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Virus Associated Molecules

Ce“ Cell Host & Microbe 2014 16, 795-805DOI: (10.1016/j.chom.2014.11.002)
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Evaluating compounds that targets host factors
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Docking Simulation

Target protein = .«

« Posing
« Scoring

Hsin, Kamiyoshi, Asai
@ OIST



Performance Evaluation of Docking Simulation
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Performance Evaluation of Docking Simulation
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K.Y.Shin, Ghosh, Kitano, PLoS One, 2013



A case study on a simple MAPK pathway

Lapatinib

Bioassay contrast

Lapatinib

Sunitinib
e

Our Method

Bioassay contrast

Sunitinib

pKd/pK
i

AutoDoc-VINA

Bioassay data is from Karaman, et al., Nature Immunology, 10 356-360, 2009




Computational Screening = Experimental Validation
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Uncovering Mechanism of Action of Maoto (Fk 3 /%) for Influenza

Complexity : 1T00s X 1000s X 1000s X ---

Inosine strand .

ﬁ OHO
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S
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Cytidine strand

Poly(l:C)
Influenza Virus  (Polyinosinic-polycytidylic acid sodium salt) Rat




a. Comprehensive analysis |

1. Detection of compounds and metabolites after I
; administration of maoto

Polyl:C-injected rat Effect on Wide-targeted
Maoto extract Compound detection - symptoms metabolomics
Constituent herbs Ratio(%)
Ephedrae Herba 373 * Non-targeted analysis Maoto / Herbs i Maoto Rat plasma
Armeniacae Semen 323 by LC-Orbitrap-MS ¥’ Body temperature
Cinnamomi Cortex 258 ¥ Maoto ¥ Cytokines * GC-MS/MS
GlycyrrhizeRadix 9.6 * Targeted analysis + Constituent herbs + Maoto vs Herbs
by LC-MS/MS + Ephedrae Herba v Locomotor activity * LC-MS/MS
Rat plasma after maoto +Armeniacae Semen v Body weight
oral administration + Cinnamomi Cortex v Food intake
+ Glycyrrhize Radix
b. Profiling
1. Compounds detected after maoto administration 2. Metabolites affected by polyl:C/maoto
+ Compound profiling of maoto extract and plasma *+ Common metabolites * Lipid mediators
* Distribution of compounds Primary metabolites Prostaglandins
* Pharmacokinetic analysis of major compounds in maoto Catecholamines Leukotrienes
EPA metabolites

| c. Integrated hypothesis of mode of action '_
Literature knowledge / database curation

* Categorization of detected compounds and metabolites

* Metabolome pathway integration

* Suggestion of mode of action

Nishi, A. et al., Deconstructing the traditional Japanese medicine “Kampo”: compounds,
metabolites and pharmacological profile of maoto, a remedy for flu-like symptoms,
npj Systems Biology and Applications, volume 3, Article number: 32 (2017)




Measuring Maoto Extract and Rat Plasma Metabolites

1

Maoto extract | Plasma 1h (89

Number of CCDs
in Maoto extract
and rat plasma
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Host Physiology Profiling ( Drug )
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Two Arms Robot for Lab

Crowd Robotics Consortium
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Structure of Protein Interaction Networks and Their
Implications on Drug Design
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Nobody can develop an entire pipeline alone

Open Platform Open Collaboration

{sTuoY DESIGNS
commentary

Software for systems biology:
from tools to integrated platforms

Samik Ghosh*, Yukiko Matsuoka*', Yoshiyuki Asai®, Kun-Yi Hsin® and Hiroaki Kitano**

. . . .
Social engineering for virtual
l . . ' . .
big science’ in systems biology
Abstract | Understanding complex biological systems requires extensive support from A. o "b, ) |hn .' ik Ibaation and colaborst |
software tools. Such tools are needed at each step of a systems biology computational “f;,'{’;‘:,u‘,‘;’;:‘;',’“ﬁﬂf im,:v: p::kimﬁ:,:zm:;m;m ,,: ,::::,r‘,;":

workflow, which typically consists of data handling, network inference, deep curation, dynamics have a critical role in making the project successful. Thus, proper ‘social engineering’ will have
greater role in scientific project planning and management in the future.

Nov 2011
natur,e Ghosh et al. nature - May 2011
ROV GENETICS chemlcal blology Kitano, Ghosh, Matsuoka
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Experiment and Analysis Pipeline
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GARUDA 2x

Automation and Recipes: Support for multi-device and cross-
device automation of processes and workflows through “Garuda

Recipes”
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Garuda & TaxilaZz #1#&3A A 12 In-silico Experimental Platform
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Recipe 1 steps:

MULTIOMICS DATA ANALYSIS RECIPE 1
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Industry and Research
Case Studies
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Text driven network/ pathway reconstruction RWE analysis for novel understanding of

Unstructured Data -> Structured representations -> Insights Neurological diseases ( Unstructured Data -> Insights)
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Comprehensive real world evidence collection, curation and
analysis to understand novel mechanism of specific neurological
conditions to uncover new hypotheses.

Real World Evidence

Data source: Publications, Blogs, Discussion Forums, Clinical Trials,
Social Media
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major pharmaceutical company
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Microbiome
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Analysis

Work for due diligence
analysis
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Key scientific leaders
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Hypothese

Up-dating
knowledge may
impact outcome of
previous hypothesis

generation from

Portions of knowledge
believed to be correct

Entire Hypothetical Body of Scientific Knowledge

Some hypotheses
require experimental
verification
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Hypothesis Generation and Verification in AlphaGo

Learning Human Play Exploring Unknown Play
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Game status evaluation is
possible in the game of GO

Value network



AlphaGo

Human played games Possible moves based
in the record on past human played

games

All possible moves on GO



AlphaGo ZERO

AlphaGo

Possible moves
based on past
human played
games

Human played games
in the record

/ AlphaGo Zero

Tabula rasa based
generation of games

All possible moves on GO
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Discovered knowledge Human discoverable knowledge

%, Scientific truth



Discovered knowledge Human discoverable knowledge

Knowledge that human may to be able to
generate and understand

Scientific truth



Data Acquisition and Generation

Existing Data
_|_
Data Acquisition
_|_
Virtual Data Generation
(Populating Hypothesis Space)

4

Can we develop a
proper evaluation

system?



Data Acquisition and Generation

m Discard biased data

4+ Turn over to more

o accurate data
Data Acquisition

_|_
Virtual Data Generation
(Populating Hypothesis Space)
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proper evaluation

system?



Asking Right Questions

This may be critically important under resource
constraint situation. One cannot work on so many
issues, so focus on an important issue.

Eliminating a bottleneck

Build up ways to run super-fast hypothesis-testing cycle, so
that every questions can be answered quickly
“Asking Right Questions” may not be that important anymore
Or
Human sense of “Right Questions” may be suboptimal




Redefining Scientific Discovery

Massive search and verification of

hypotheses space

How efficiently can we execute?
What are science specific constraints?
What is computational definition of “Serendipity”?

143



Is discovery path dependent?

A population of

characteristic Al
One Universal Al Scientist Scientists



Process of Scientific Discovery

Serendipity
By Accident
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Implications

. Alternative forms of scientific discovery
. Alternative forms of intelligence
. Accelerating sciences at unprecedented speed

. Machines to evolve by itself?



