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BHRELTOXRRR (1)

heterogeneous

appropriate segmentation!



BHRELTORRR (2)

Mutually interacting Each subsystem is
multiple complex systems heterogeneous.
genome

Gene expre
dependency

Cdtalytic reaction
U4
,2 network

disease appropriate segmentation!
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The Rise of Material & Catalyst Genome

Why “Catalyst Genome”?

INORGANIC MATERIALS

The quest for new functionality

Building on our understanding of the chemical bond, advances in synthetic chemistry, and large-scale computation,
materials design has now become a reality. From a pool of 400 unknown compositions, 15 new compounds have
been realized that adopt the predicted structures and properties.

Aron Walsh

aterials chemists are spoiled for Chemical Structural Property Targeted

choice. The 98 naturally occurring input prediction simulation synthesis

. elements o.f the:' periodic table give @ ‘ N Pt o y N y "o '\\\ Vs "\\\

rise to 4,753 potential binary compounds /gt one g\ VAR | BN / \
(that is, C,%®), 152,096 ternary compounds ¢ .—» — — "M - — “
and 3,612,280 quaternary compounds, / | seveqprssarsssee |/ - |
assuming equal amounts of each element \S ) / \‘\O/\/ AN pd AN / N S

in a single phase. The combinations exceed

Angewandte
Editorial

DOI: 10.1002/anie.201208487

The Catalyst Genome
Jens K. Norskov* and Thomas Bligaard*

The quest for the materials genome—  day’s chemical industry,
the properties of a material that define they are also essential for
its functional properties—has started. building a completely new,

o o TR x SR = SRS SESUD LOMETS P B B S S

Jens K. Ngrskov

Professor, Stanford University
and SLAC National
Accelerator Laboratory

The MATERIALS
PROJECT

a materials genome approach

Google

The Materials Project sers 1o accokormie Matenals raovation by frovding
100 access 10 & searchable, interactve database of computod matonialy
PROpties SPANTING MOBL KNOWN NOAGEN CoMmpaunds. Enter your target
matecials proparhies and Got nspieed Dy the Ssirch resuss, covering ot

henowen atvuctures and chasmiatnes. Tha dati is Qrowing overy day, and w
are asdng few Cropeted 1 enabie true rational design of new

Uty don Bartiery Explorer

Database Statistics

65935 43947

COMPOUNDS. BANDSTRUCTURES
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My Involvements
In Big Data projects

Cutting-Edge Data-Based Science or e-Science

— EU FP projects for integrated IT support of clinical trials on cancer
* FP6 Integrated Project ACGT (Advancing Clinico-Genomic Trials on Cancer)
(02/2006 — 07/2010 )
— 26 teams

« FP7 Large-scale Integration Project p-medicine (personalized medicine)
(02/2011 — 01/2015)

— 29 teams
Urban Monitoring and Social Service Management
— MEXT initiative project on Social CPS (Cyber-Physical System) for
Efficient Social Services (09/2012-03/2017)

» Project Consortium (NIl (National Institute of Informatics), Hokkaido Univ.,
Osaka Univ., Kyushu Univ.)

Program Officer of the JST CREST Program on Big Data
Applications (2013-2020)

Collaboration with Dr. Keisuke Takahashi in Material Informatics
(2014-)
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(2014-)
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The p-medicine Consortium -
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Kick-off Meeting p-medicine (270089) - February 14-15, 2011 - Homburg/Saar
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Cloud-Computing

Oncology -
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Cancer Domains

Breast Cancer

p-medicine
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ACGT}

Paediatrics 3
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Seamless access and integration of distributed, heterogeneous data
in a data warehouse repeatedly over time (= 200 GB / patient and time point)

Large scale data & computing

Organism

,‘a-l
d &
>\

o~
Orian {

p-medicine

tools

e SECUI Y
ACGT
Clinical data Paediatrics
Patient characteristics, age, gender, treatment,
outcome, acute toxicity, late effects, ... Oncology
Imaging and segmentation data

CT, MRI, Positron Emission Tomography, ...
Functionality
Kidney function, ...

Histopathology
Immunoassaying, in situ hybridization, cellularity, proliferation, ...

Immunology, Cytogenetics
circulating tumour cells
stem cells

DNA Level ======p sequencing, epigenetic profiling, array CGH
RNA Level  =—==3p MIRNA profiling, gene expression profiling
Protein Level w3 Tumour specific auto-antibody profiling, proteomics

Cloud-Computing

ation

educ



Infrastructure Project

r &

security framework

tools

p-me/‘dniv_‘c’:ine f

e SECUIILY
ACGT
Clinical Trials Paediatrics
OSPIla
Information ' System
4 Oncology
framework
medical

=T =

Architecture focusing on:

- the interaction and interoperability of architectural elements

- data warehouse

Oncosimulator
VPH-Models

Decision support

- -
._4”_3.11

3P Personalized Medicine

Computing

Cloud



Led by IRI p-medicine
(legal partner in p-medicine)

—— ACGT:

Paediatrics 3

_ _ Oncology .;

« established in 1983

« first Institute dedicated
to this goal at a German
University

+ Directors of the IRI:
Prof. Dr. Nikolaus Forgo,

Prof. Dr. Axel Metzger,
LL.M.

« Special focus on data
protection in medical
research and IP-issues
with regard information
technology




Trial Outline Builder (TOB) (2010)

(Web-top integrated environment for planning trials, patient
data acquisition, and exploratory data analysis)

Trial Plan Editing

— Copy-and-paste of trial event
types to design both a trial flow
graph and a set of some additional
events outside the flow.

— A click of each event opens its
CRF editor

« Patient Treatment View : CRF input
for each patient through the TOB

— Possibly with the specification of
some additional outside-of-flow
events

* Query & Analysis View: Querying
the DB
— for specific cases for their
statistical analysis or the

visualization of correlations among
specified items
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TOB Demo videos/2010-08-31/TOB-level-2-hd.wmv
TOB Demo videos/2010-08-31/TOB-level-2-hd.wmv
TOB Demo videos/2010-08-31/TOB-level-3-hd.wmv
TOB Demo videos/2010-08-31/TOB-level-3-hd.wmv
TOB Demo videos/2010-08-31/TOB-level-4-hd.wmv
TOB Demo videos/2010-08-31/TOB-level-4-hd.wmv

How to find out patient cases in which some
treatment arm may show significantly better
performance than others?

In traditional clinical trials,
~ patient segmentations were a
priori designed.

This Is not the case In
personalized medicines.

Each stratified patient group leading to a randomization of more than
one candidate arm may show no significant difference of survival
rates among them without further segmenting this patient group.


TOB Demo videos/2012-03-14/tob-level4-img-map-1.avi
TOB Demo videos/2012-03-14/tob-level4-img-map-1.avi

My Involvements
In Big Data projects

« Cutting-Edge Data-Based Science or e-Science

— EU FP projects for integrated IT support of clinical trials on cancer
* FP6 Integrated Project ACGT (Advancing Clinico-Genomic Trials on Cancer)
(02/2006 — 07/2010 )
— 26 teams

« FP7 Large-scale Integration Project p-medicine (personalized medicine)
(02/2011 — 01/2015)

— 29 teams
+( Urban Monitoring and Social Service Management h
— MEXT initiative project on Social CPS (Cyber-Physical System) for
Efficient Social Services (09/2012-03/2017)

» Project Consortium (NIl (National Institute of Informatics), Hokkaido Univ.,
\_ Osaka Univ., Kyushu Univ.) )

* Program Officer of the JST CREST Program on Big Data
Applications (2013-2020)

 Collaboration with Dr. Keisuke Takahashi in Material Informatics
(2014-)




Snow Removal in Sapporo as a Large-
scale Complex Social Service

PO p u |at|0 n: 1,920,739 LB sl i N .=;99|_’90HA
Annual snowfall:  597cm o~ 3

— The largest annual snowfall among
the cities with more than 1M people
in the world

Annual budget for snow plowing
and removing (2010):

[K17] 2>
(AD: BI30RA)
R3ER : 100cm

(4] EXRUA-IL
q
(AD: ¥160RA)

FRER : 215cm

[hE] R
[A—ZRKUT] 24—> :
(A0 : BI110KA) (AD: ¥I780RA)

BER : 172cm © [ eER:49em

14,729,000,000 yen
(147,000,000 $) .c
2nd |ast season: 5% f»’%’
22,000,000,000 yen .
(220,000,000 $) , =
Total distance of snow plowing : C_.a
and removing during a single -0 (\10008/B)
night: 5,328km Lo @%%
Han 1lff«afoow\/a)

($11122,000nA/B)



Preparation of Data
and Realtime Monitoring

Traffic Data

— Probe-car data: private cars (past 2 yrs), taxi cars (past 2 yrs + realtime:
12/2013-)

— Realtime probe-car data from buses (20 buses)
— Traffic jam sensor data (past 2 yrs)
— Probe-person data (retrospective data +realtime data?)
Statistical subway passenger records (past 9 yrs)
Weather Data
— Meteorological multi-sensor data (52 locations) (past 10 yrs +realtime data?)
— Weather mesh data (past 4 yrs)
— X band MP radar data (realtime: 12/2013-)

Snow plowing and removing records

— Retrospective records (past 5 yrs +real-time data)

— Realtime probe-car data (25 vehicles)

— Complaints from residents (past 5 yrs +real-time data?)
Traffic accident data

— Injury or death traffic accident records from Hokkaido Police Office (10 past yrs)
Road condition

— 3D road measurement by a bus with a laser range scanner (realtime: 02/2014- )



Clustering of road links after snow removal
(two days after the snowfall)

Each road link is representge
as a vector of 288 dimens
showing-the change-of-the
average taxi speed-at ever
min.|during a day. -

The segments from the major roads are
generally clustered together.



Clustering of road links on a day directly
after a heavy snowfall

Each
as a
show

average taxi speed at everny 5
min. during aday. =

road link is represente
vector of 288 dimens
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Macro Analysis vs
Micro Analysis

e Personalized medicine

— aims to find out a group of patients in which one
candidate treatment may show better survival
rate than the other candidate treatments.

— The whole group of patients is heterogeneous.

— The analysis of a heterogeneous set of patients
cannot extract meaningful knowledge for M,
personalized medicine.

« Social CPS

— The influence of snowfall and snow removal on
traffic is not uniform across different road
segments.

— We cannot apply macro analysis methods to
obtain any meaningful knowledge about winter
roads.

heterogeneous

appropriate segmentation!



Interoperability among Data
Segmentation and Micro Analysis

 Standard solution: Workflow

— Data segmentation by a query -> statistical analysis /
data mining / visualization - decision making

— One way from segmentation to analysis
— Good for planned-for analysis scenarios

* In both cutting-edge scientific research
processes and strategic planning of urban-scale
social services, the finding of analysis scenarios
itself is also a research goal, and this process is
iInherently exploratory and improvisational.



2 Types of Analysis Scenarios

« Planed-for analysis scenarios
— use already-established analysis methods
— mostly for routine analyses

« EXxploratory and improvisational analysis
scenarios

— support the finding of analysis scenarios, which itself
IS also a research goal.



Coordinated Multiple Views as a Well-
Known Framework for Exploratory
Visual Analytics

scatter graph

map
heatmap
histogram
/M}/ W
Q2(V) Q3(V)
F . 4
Database or Semantic Web




Coordinated Multiple Views as a Well-
Known Framework for Exploratory
Visual Analytics

% selection
QL(V Q4(V)
Q2(V) Q3(V)
F\ V 4
Database or Semantic Web




Coordinated Multiple Views as a Well-
Known Framework for Exploratory
Visual Analytics

x selection
1(V’ 4(V°
Q2(V?) Q3(V?)

—I

Database or Semantic Web

Overlay of Q1(V’)
with Qi(V) will
highlight the
selected objects In

Qi(V).




Each visualization view
attr(Qi(V)):

list of (derived) attributes

cond(Qi(v)):

selection conditions in the where clause of
s Qi_(v), which should be true.
Qi(V) Direct selection is defined as a condition
dsC(attr(Qi(V)) on the set of derived
attributes attr(Qi(V))

This should further quantify V as

select *
V; fromV
Data set where dsC(attr(Qi(V)))

to make 1t V’




Exploratory Object Quantification

map
Visl Visl Visl

histogram |
// Vis2 // Vis2 // Vis2

V. ol \/! sl \/’
\

Visiﬁvhour \ > -
\Clock Vis;j

' selection - \ . Visn
Visn VISN  selection

scatter graph
Filtering (+ Brush & Linking)



Query & Analysis View of TOB
(Trial Outline Builder)

Intermediate Risk.

av | g (feyA

0) /17

AV2

Wnat is imadiated Hyes, o
fyes, treatment
gwen

Date of Diagnosis
Arm Alas Metastasis:

date of relapse  Date of death Date of last

1995/10/20Y- 1995/02/13

2000/12/06

2006/09/29 ‘

Living Patients:
100% [TE



TOB Demo videos/2012-03-14/tob-level4-img-map-1.avi
TOB Demo videos/2012-03-14/tob-level4-img-map-1.avi

Geospatial Digital Dashboard for
Exploratory Visual Analytics (2013)



Jonas Snow/CPS Dashboard 2012-12-20 two hour averages demo.wmv
Pavel/Voronoi Video.avi

Exploratory Visual Analytics with
Coordinated Multiple Views

map No Analyses Here!
Visl Visl Visl
/ histogram / /

VIis2 Vis2 VIis2
/ / /

V. ol \/! sl \/’
\

Visiﬁvhour \ //
\Clock Visj

' selection - \ . Visn
Visn VISN  selection

scatter graph
Filtering (+ Brush & Linking)



How to introduce analyses and
their visualizations?
* SUch as
—Clustering
—Pattern mining
—Statistical analysis

* Into the coordinated multiple
views framework



Analysis Results as Relations

* Clustering result:

Cluster(Attr, ClusterID).

— The values of Attr work as the object IDs of objects that are
clustered.
* Mining result:
Mining(Pattern, Supp (, Conf))

Include(Attr, Pattern)

— The second relation tells which objects among those identified by
the attribute value of Attr include each mined pattern.

« Statistical analysis result:

Stat(GBattributes, Afunction).

— GBattributes : group-by attributes

— Afunction : derived attribute calculated as the value of an aggregate
function such as average, count, minimum, and maximum to the set
of values of the specified attribute in each group



Exploratory Quantification and Analysis
of Objects through a Clustering Result

Visl Visl

// VIs2 VIs2

\\m /\

Visn Visn

selectlon of
a cluster

~ Cluster[ClusterID=i][Attr]




Integration of clustering tools into
coordinated multiple visualizations In
Geospatial Dlgltal Dashboard (2013)

segments are_clustered |n terms
' daily change ¢ Q”j;]gzrae nuer of taxis.

Time span selections.

N

12:00 AM

#Probe cars / 5 min

i = o - ==
= Fujitsu with Car Vectors:cars ctasdonisht AL 1 SR =
368
50.6] = Cluster Speeds

276
() Cluster all data () Redo clustering automatically

i () Cluster filtered data (+) Freeze current clustering
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Road segments are clustered In terms of the daily
change of the average taxi speed.
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@
Fujitsu with Car Vedors:speedDifference



TOB & CPS Picture by Jonas/CPS Dashboard 2013-09-12 Clusters and Scatter Plots.wmv
TOB & CPS Picture by Jonas/CPS Dashboard 2013-09-12 Clusters and Scatter Plots.wmv

Exploratory Quantification and Analysis
of Objects through a Mining Result

Visl Visl

I /v

V)
Frequent Patters
support [ e
Visn confidence I
(A, C)->(D) | | VI SN
(A, B, D)->(E)

(B, D, E)->(F) \
(B, E, F)->(A)

1]
ap>c 1 Include(Attr, Pattern)[Pattern="{A,B.D}->{E}][Attr]




Integration of item set mining tools Iinto
coordinated multiple visualizations in
Geospatial Digital Dashboard (2014)

Bosw i % 3 HeatMsp =1

Row=Time, column=street, color=speed
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*) Cluster all data *) Redo clustering automatically

_J Cluster filtered data _) Freeze current clustering
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1 130-197-644142-n=1, = 3232-199-644142-n=1, 0.775862068965517

N,

197-3232-644142-n=1,
195-130-644142-n=1,
3264-195-644142-n=1,
195-130-644142-n=1,
199-131-644142-n=1,
197-3232-644142-n=1,
3232-199-644142-n=1,
197-3232-644142-n=1,

=

=

195-130-644142-n=1,
197-3232-644142-n=1,
195-130-644142-n=1,
3264-195-644142-n=1,
197-3232-644142-n=1,
199-131-644142-n=1,
197-3232-644142-n=1,
3232-199-644142-n=1,

0.8

0.897959183673469
0.886363636363636
0.795918367346939
0.936170212765957
0.8

0.958333333333333
0.836363636363636



CPS Dashboard Demo Movies/Digital Dashboard and Pattern Mining and Laser Range Scanner 2014-04-18 subtitled.mp4
CPS Dashboard Demo Movies/Digital Dashboard and Pattern Mining and Laser Range Scanner 2014-04-18 subtitled.mp4

Exploratory Quantification and Analysis
of Objects through a Statistical Chart
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Coordinated Multiple Views and
Analyses Framework

analysis tool 2

map
Analysis
histogram tool 1
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TOB for analyzing the Effect of
Pre-op Chemotherapy
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Each found pattern may work as a new biomarker to identify those patients
who are helped or not helped by the preop chemotherapy


TOB Demo videos/2015-06-17/ClinicalAndMicroRNADataTumorVolumeShrinkage-hd.mp4
TOB Demo videos/2015-06-17/ClinicalAndMicroRNADataTumorVolumeShrinkage-hd.mp4

Our Goals of Trial Ouline Builder

« TOB for exploratory visual analytics of clinico-
genomic trials on cancers

 To mine gene expression patterns for

— Further segmentation of patients with respect to both
phenotype and genotype characteristics

— To find a patient group which shows meaningfully
better recovery rate in one of the candidate treatment

arms than the other arms.
« More patients are required to make the analysis
on further segmented data still statistically
significant.
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My Involvements
In Big Data projects

« Cutting-Edge Data-Based Science or e-Science

— EU FP projects for integrated IT support of clinical trials on cancer
* FP6 Integrated Project ACGT (Advancing Clinico-Genomic Trials on Cancer)
(02/2006 — 07/2010 )
— 26 teams

« FP7 Large-scale Integration Project p-medicine (personalized medicine)
(02/2011 — 01/2015)

— 29 teams
« Urban Monitoring and Social Service Management
— MEXT initiative project on Social CPS (Cyber-Physical System) for
Efficient Social Services (09/2012-03/2017)

» Project Consortium (NIl (National Institute of Informatics), Hokkaido Univ.,
Osaka Univ., Kyushu Univ.)

* Program Officer of the JST CREST Program on Big Data
Applications (2013-2020)

[ Collaboration with Dr. Keisuke Takahashi in Material Informatics
(2014-)




Toward Material Informatics
Collaboration with Dr. Keisuke Takahashi (2014 - )

Material synthesis and design from first principle calculation and machine learning

Keisuke Takahashi*
Graduate School of Engineering, Hokkaido University, N-13, W-8, Sapporo 060-8278, Japan

Yuzuru Tanaka
Meme Media Laboratory, Hokkaido University, N-13, W-8, Sapporo 060-8278, Japan
(Dated: June 10, 2015)

Desired material synthesis and design can be predicted on the basis of first principle calculation
and machine learning. Material big data is constructed based on density functional theory and
database is then trained using the support vector machine. The predicted material properties are
comparative to experimental material properties. The proposed workflow become the bridge between
the material database and designing materials. The approach enable the efficient material mining
from big database and reveal the undiscovered desired material.

Keisuke Takahashi, Yuzuru Tanaka, Computational Materials Science (2016) 364-367 (In Press)



Why Material Informatics and Computational Material Science?

Experiment Materials design by supercomputer

Materials database

High-cost
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Time-consuming
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Proposed work-flow

: 3) Calculate
1) Element Pool 2) Modeling Properties
A+B A+D
6) Predict
5) Support 4) Create

Combinations w/
Desired Properties

%y

Vector Machine Database

7) Experiment  8) Desired Material

&8 | X#

Keisuke Takahashi, Yuzuru Tanaka, Computational Materials Science (2016) 364-367 (In Press)




Designing Explanatory Variables

* Primitive explanatory variables

— defined as measurable features or simulation
parameters.

* Derived explanatory variables

— defines as functions of some primitive explanatory
variables

e Marker variables

— Defined as cluster ids or pattern ids



Primitive Explanatory Variables

e Measurable features

— e.g., average velocity v(t), number of cars n(t), and
length of each road link /

* Simulation parameters
— of the whole system

* e.g., temperature, atmospheric pressure, wind direction and
speed, precipitation in meteorological simulation

— of each aspect modeling

e e.g., energy increase for reduced lattice length (aspect:
solidness)



Derived Explanatory Variables

e e.g., traffic flow of each road link:

p(t) = v(t) n(t)/I
* Depending on what analysis method you use,

some type of derived variables are already
implicitly considered as explanatory variables.

— e.g., linear combination of higher order terms of
original explanatory variable in case of using SVM



Marker Variables

* Clustering result

— Each cluster id may work as an explanatory
variable of further segmentation and analysis

* Mining result

— Each frequent pattern id may work as an
explanatory variable of further segmentation and
analysis

e e.g., mined miRNA expression pattern in preop
chemotherapy




What are required In big data
applications?

« Collaboration between open minded researchers, one
from CS and the other from domain science.

* One from CS should guide the systematization of big
data approach.

— A total architecture with its compatible platform technologies for
exploratory visual analytics to discover both analysis scenarios
and new knowledge.

* One from the domain science should either
mathematically model the target or define a set of
appropriate indices to describe the mesoscopic model of

the target.



BELTDIE?

THT L=

XL > F—4

F—8 > HTILTUR L

F—5 >

(7 ANTk

=T )0 > ST ILE

)

No!
No!
1) X L. No!

EFYLY > F—48 > ST



HAOEIRB DRERE

» FREDT TV X LDFRAREIFL—X K
JV
— B TIE=—X-RYTo, 2via - RYTUTH
LWZ LI X LD ENBIESh TE =,
SRR RTEA RIS COERE—BRE
e SWERDAJRAE YT - LARILDIRR DI
TG DBITZ B AV,
—TTFTIVORADE=ODHELREIFILT, oty
ZADT=-ODYHEHE LR+ 5

il




