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A suite to support the Visual Analytics Process

Vision




Big Data Analytics Cycle (Today)
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VISION=» Expert at the centre of the cycle

- Experts have the knowledge

- Data scientists have the skills ‘l
/Forage for Data \
Explore Task
Ei!:i{' i 1: I.lll: Il
5 e 8 ‘ & ’ =
8 L] (59 [ 6} Domain expert —

Visualize Act

- =»Bring analytics to experts
“Understand” results of analytics \ /
“Instruct” computers to perform Sovsiopinsigs
analytics according to findings |

Source: Tableau Software

C\E/RW Data scientists to enable experts to perform analytics by themselves
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Collaboration Spotting to support
the Visual Analytics Process*

User interaction

J(sec.a)

Data Pre-processing
Mapping/Layout

Visual user interactions
Model-based analysis

1(Sec. 2)

Model Model
building visualization
(Sec. 5)

Parameter
refinement

Information mining

Feedback loop

*KEIM D., ANDRIENKO G., FEKETE J.-D., GORG C., KOHLHAMMER J., MELANCON G.:
Information Visualiza- tion, vol. 4950 of Lecture Notes in Computer Science. Springer, 2008,
ch. Visual Analytics: Definition, Process, and Challenges, pp. 154-175.




Collaboration Spotting Framework

—

Euits & F ion Hnd:l Selection E"";"f:ﬂf" - Validation &
Erri:l'lnent & Building Manigulation Interaction
Data "'fgm“‘ﬂ ML Model Visualization Analyst
Instancas and Trm]ms" ialai::-“}m Dasign & Hypar/Meta- Visual Encoding, Fass- Task, Domain
Labals Weid Paramsiers Through ({Coupings) Knowéadge

The project follows the proposed conceptual framework of D. Sacha et al’.

Cﬁw *Human-Centered Machine Learning Through Interactive Visualization: Review and Open Challenges

Dominik Sacha, Michael Sedlmair, Leishi Zhang, John Aldo Lee, Daniel Weiskopf, Stephen North, Daniel
>\ Keim
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A suite to support visual analytics

- Long-term project
- lterative approach

- First release: Publications and Patents metadata for
Technology Innovation Monitoring

- Applied to other data sources:
LHCb data processing
CERN procurement data

- Second release: (under construction):
Data source pre-processing tools
User self-defined visual framework
Contextual analysis

- Third release: The full suite




Big Data

Multi-dimensional networks
Graph database

Interactive graph visual analysis

CS Concepts




Characteristics of Big Data

Huge quantity - Processing and storage
Distributed sources - Access rights, security
Complexity - Valuable information may be

hidden behind complexity

Interconnectivity - Unravelling new knowledge

SN =» Data scientists are instrumental to analytics

=» Domain experts are at the heart of the reasoning process



Big Data Is organised in networks

_ _  Document systems with data and
Big Data Is metadata in Database

distributed « Database tables with metadata in
schema

Big Data Is  Networks are not materialised due to
strongly the distributed nature of data sources

interconnected KRS Publications and patents metadata



Building Data network

Metadata in source
contains provider
specific information
and format

« Ex: The Web of Knowledge (Thomson Reuters)

 Title, Abstract, Authors and Affiliation, DOI,
Citations, etc.

 Title, Abstract, Citations

« = Each publication metadata becomes a vertex
with attributes

Some Is of interest
for analysis

_ _ » Organisations, cities, keywords, journal categories,
Some is of interest Citations, etc.

for visualisation « = Each of the above becomes a vertex with
attribute that is link to its publication vertices
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EX: Building a Network from
publications metadata

| Select Page H = Save to EndNote online | | Add to Marked List

Composition of oxygen precipitates in Czochralski silicon wafers investigated by STEM with EDX/EELS
and FTIR spectroscopy

By: Kot, Dawid; Kissinger, Gudrun; Schubert, Markus Andreas; et al.
PHYSICA STATUS SOLIDI-RAPID RESEARCH LETTERS Volume: 9 Issue: 7 Pages: 405-409 Published: JUL
2015

Full Text from Publisher View Abstract

Correlation between Copper Precipitation and Grown-In Oxygen Precipitates in 300 mm Czochralski
Silicon Wafer

By: Dong, P.; Ma, X. Y;; Yang, D.
ACTAPHYSICAPOLONICAA Volume: 125 Issue: 4 Pages: 972-975 Published: APR 2014

8 Full Text from Publisher View Abstract

Morphology of Oxygen Precipitates in RTA Pre-Treated Czochralski Silicon Wafers Investigated by FTIR
Spectroscopy and STEM

By: Kot, D.; Kissinger, G.; Schubert, M. A.; et al.
ECS JOURNAL OF SOLID STATE SCIENCE AND TECHNOLOGY Volume: 3 lssue: 11 Pages: P370-P375
Published: 2014

Full Text from Publisher View Abstract

Thermal deactivation of lifetime-limiting grown-in point defects in n-type Czochralski silicon wafers

By: Rougieux, F. E.; Grant, M. E.; Macdonald, D.
PHYSICA STATUS SOLIDI-RAPID RESEARCH LETTERS Volume: 7 Issue: 9 Pages: 616-618 Published: SEP
2013

Full Text from Publisher View Abstract

Phosphorus gettering of iron by screen-printed emitters in monocrystalline Czochralski silicon wafers

By: Pletzer, Tobias M.; Suckow, Stephan; Stegemann, Elmar F. R.; et al.
PROGRESS IN PHOTOVOLTAICS Volume: 21 Issue: 5 Pages: 900-905 Published: AUG 2013

Document metadata

Reachability Graph: Graph of data types

JCat: Journal category, Kw: Keyword, Org: Organisation,

ERN
w Cny: Country, Cty: City




Graph of Metadata / Data
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Storing network data as graphs

Graphs are « Complexity
natural * Interconnectivity

representations ERSIe:IEINY
of networks e Multi dimensional

* Nodes’ labels

« Compact graph structure
« Graph query language
 No schema evolution

Schema iIs
embedded In
the data

C\w =» Graph Databases offer a natural support for storing network information

N/




Building multi-dimensional networks
from various data sources

Tables in Graphs in
DB DB

File Systems

Processing/Populating/Labelling/Organising

Multi-dimensional
Network in
GraphDB

\3/ =» No limit on the sixe of a network!



Example: Enriching Network

- Data sources

Publications/Patents
Citations
Institutions/Companies

- Data sources
EU projects
Financial data
- Geolocation data

- Technology searches
(resulting from processing)

) Reachability Graph (Schema): Graph of linked datatypes
¥4\ Dimension: a node in the Reachability Graph (a datatype)

\




Graph of Organisations

Collaboration
spotting
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Setting up user analysis environment

Reachability Graph

« Graph of connected dimensions
« Data analysis dimensions (user selection)
« Ex. 1: Publications, Patents
« EX. 2 : Compatibility and require relationships in LHCb
* Visual analysis dimensions (user selection)
« EX. 1: Organisations, cities, countries, keywords, categories, etc.
« Ex. 2: Components, Environment, conditions, etc.

Entry graph (user specified)

* Visual dimension of the front graph
« Ex. 1: Technology
« EX. 2: Processing Pass Description = Connects to top applications

cw
\
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Selecting dimensions (Ex. 1)

| Select Page ﬁ N1 Save to EndNote online -~ Add to Marked List

~I 1. Composition of oxygen precipitates in Czochralski silicon wafers investigated by STEM with EDX/EELS
and FTIR spectroscopy

By: Kot, Dawid; Kissinger, Gudrun; Schubert, Markus Andreas; et al.
PHYSICA STATUS SOLIDI-RAPID RESEARCH LETTERS Volume: 9 Issue: 7 Pages: 405-409 Published: JUL
2015

Full Text from Publisher View Abstract

~1 2. Correlation between Copper Precipitation and Grown-In Oxygen Precipitates in 300 mm Czochralski
Silicon Wafer

By: Dong, P; Ma, X. Y,; Yang, D.
ACTAPHYSICA POLONICA A Volume: 125 Issue:4 Pages: 972-975 Published: APR 2014

a Full Text from Publisher View Abstract

~1 3. Morphology of Oxygen Precipitates in RTA Pre-Treated Czochralski Silicon Wafers Investigated by FTIR
Spectroscopy and STEM

By: Kot, D.; Kissinger, G.; Schubert, M. A,; et al.
ECS JOURNAL OF SOLID STATE SCIENCE AND TECHNOLOGY Volume: 3 lssue: 11 Pages: P370-P375
Published: 2014

Full Text from Publisher View Abstract

_| 4. Thermal deactivation of lifetime-limiting grown-in point defects in n-type Czochralski silicon wafers

By: Rougieux, F. E.; Grant, N. E.; Macdonald, D.
PHYSICA STATUS SOLIDI-RAPID RESEARCH LETTERS Volume: 7 lssue: 9 Pages: 616-618 Published: SEP
2013

Full Text from Publisher View Abstract

~| 5. Phosphorus gettering of iron by screen-printed emitters in monocrystalline Czochralski silicon wafers

By: Pletzer, Tobias M.; Suckow, Stephan; Stegemann, Elmar F. R.; et al.
PROGRESS IN PHOTOVOLTAICS Volume: 21 lssue: 5 Pages: 900-905 Published: AUG 2013

o o (Cny)

Data dimensions for Analytics
Pub: Publications, Pat: Patents (Attributes: Title and abstract are used for semantic searches)

Visualisation dimensions of Analytics results:
SCat: Journal category, Kw: Keyword, Org: Organisation and Cny: Country)

cw Technology Search: Czochralski Silicon wafer
-7 X Pub/Pat: documents found in search results

\




Selecting dimensions (EXx. 2)
eo—0—

<;\ Reachability Graph for LHCb dependency data



CollSpotting supported
Graph Visual representations

Static graph with timeline window

Node-link using different layout techniques
Clique representation (default)
- Force Atlas (default)
- Circular representation
Extra node representation (hyper-graph)
- Force Atlas
- Circular representation




Clique vs Extra node

representations (ForceAtlas)
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cE/RW Technology search: BGO Crystals

'S Pub/Pat: documents found in search results Edges vs hyper-edges 23



Cligue vs Extra Node circular representations

CE/RW
\ Collaboration Spotting 24



ForceAtlas vs Circular

Christie NHS Fdn Trust
Univaow
ni

o Univ
Neurol Disorders & Stroke

Cluster circular distribution according to
cluster interconnectivity

CE/RW
\ Collaboration Spotting 25




Visual graph .|

3D-Printing
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Dataset: Publications and Patents

lllustration of visual
interactive graph features




CS Graph visualisation features

» Selecting network dimensions
* Traversing network dimensions
« Graphical queries

* Time/Frequency evolution

Maximizing
human
understanding

* Viewing multiple data sources
Enhancing » Looking for collaborations
reasoning » Sorting data

« Contextual visualisation & analytics

C\E/RW =>Features illustrated in the following slides using publications/patents

N/




Traversing

AV,

C\E/RW Technology Search: Czochralski Silicon' —
S Pub/Pat: documents found in search resu



Graphical Queries

Traversing & Selecting
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CE/RW Technology Search: Czochralski Silicon wafer .

'S Pub/Pat: documents found in search results



Time/Frequency evolution

1

CE/RW Technology Search: Czochralski Silicon wafer »

. Pub/Pat: documents found in search results



Combining data sources

- Nati Renewable Univ Helsinki
‘ N Carolina Stats Univ
’..‘;f:f\'-".
L —
SUMCO CORPOR ]
Russian AcadSci
Univ OXf@EMC Eleci
@
Zhefiang Univ,
Univ
177 Patents 370 Publications

& Univ New S Wales

Patents + Publications

CE/RW Technology Search: Czochralski Silicon wafer

\ . Contextual access to publications & patents 32
S Pub/Pat: documents found in search results



Organisation landscape

CERN Cluster

—

CE/RW Technology Search: Pixelated detector (Medipix) Cluster: Organisations that tend to collaborate
'S Pub/Pat: Documents found in search results more together than with others 33



Sorting information

Cluster Connectivity

34

C\E/RW Technology Search: Pixelated detector (Medipix)
S Pub/Pat: Documents found in search results



Contextual visualisation

abstract x

Connections (6) x

3D-Printing «—
Graphene

Copper-Vapor-Assisted Chemical Vapor
Deposition for High-Quality and Metal-
Free Single-Layer Graphene on
Amorphous SiO2 Substrate

Fabrication of polyindene and
polyindole nanostructures

Few-layer graphene synthesis on a
dielectric substrate

Graphene oxide coupled with gold
nanoparticles for localized surface
plasmon resonance based gas sensor
Multi- and few-layer graphene on
insulating substrate via pulsed laser
deposition technique

Self-assembly of graphene onto
electrospun polyamide 66 nanofibers as
transparent conductive thin films

Copper-Vapor-Assisted Chemical Vapor Deposition for High-Quality and Metal-Free Single-
Layer Graphene on Amorphous S$i02 Substrate

Year: 2013

Abstract

\Wa ranart that high-quality single-layer graphene (SLG) has been successfully synthesized directly on various dielectric
substrates including amorphous SiO2/Si by a Cu-vapor-assisted chemical vapor deposition (CVD) process. The Cu vapors
produced by the sublimation of Cu foil that is suspended above target substrates without physical contact catalyze the
pyrolysis of methane gas and assist nucleation of graphene on the substrates. Raman spectra and mapping images reveal
that the graphene formed on a SiO2/5i, substrate is almost defect free and homogeneous single layer. The overall quality of
graphene, grown by Cu-vapor-assisted CVD is comparable to that of the graphene grown by regular metal-catalyzed CVD
on a Cu foil. While Cu vapor induces the nucleation and growth of SLG on an amorphous substrate, the resulting SLG is
confirmed to be Cu free by synchrotron X-ray photoelectron spectroscopy. The SLG grown by Cu-vapor-assisted CVD is
fabricated into field effect transistor devices without transfer steps that are generally required when SLG is grown by regular
CVD process on metal catalyst substrates. This method has overcome two important hurdles previously present when the
catalyst-free CVD process is used for the growth of SLG on fused quartz and hexagonal boron nitride substrates, that is,
high degree of structural defects and limited size of resulting graphene, respectively.

2010 2011 2012 2013 2014

Egocentric view

C\E/RW Technology search: 3-D Printing
Pub/Pat: documents found in search results

Contextual access to publications & patents 35
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Contextual Analytics

Early signals — Horizontal drilling Vs shale gas

Volume of publications
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Courtesy: O. Eulaert/EC-JRC




Filtering
User-triggered operations

Operations on visual graphs




i

Filtering
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C\E/RW Technology search: BGO Crystals
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Collaboration Spotting
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Merging vertices

C\@ User triggered operations are not affecting the data in the Graph DB!  collaboration Spotiing 41



Reachability Graph
Analytics dimensions
Visualisation dimensions

CS Modus Operandi




Processing Steps

I Processing
Search

Il: Build

collaborations for all
visualisation graphs

Il Visual graph
processing

Retrieve list of matching publications & patents

List of sets of Vertices

Louvain

ForceAtlas/Circular representations
Cligue Expansion View

Extra Node Views




Processing sequence

(Building new visualization graphs from data analysis)

ll: Generate
Collaborations

I Search(terms)

Clustering

(Louvain or others)

-

— e

ForceAtlas Circular Layout

I1l: Graph proc.




Processing Sequence

o
- :
Collaboration
"\, spotting
‘elcome, Jean-Marie Le Goff
Create Graph Page List of Graphs

Please input your query:

Retrieve
|Pub| & |Pat]|

Please select on which dataset you would like to search:

« @ Web of Knowledge
« @ PatStat

‘Graph:
¢ = Technogram]MLG
* @ TechnogramDemo

Refine
User selects Search

Visual graph ?
subset

Compute
collaborations for
each graph

Build visual
graphs




Processing sequence

(During user exploration)

[
Generate subset
of Collaborations

|- User selection
In visual graph

Clustering

(Louvain or others)

-

— e

ForceAtlas Circular Layout

T e

I1l: Graph proc.
To FrontEnd




Concurrent users
Data Analysis
Visual Interactions and Analysis

Performance Target




Performance target

- Concurrent users
Ex. 1: 100 interactive users
Ex. 2: TBD

User-triggered analysis (~ seconds)
Ex. 1: Keyword- based search

Ex. 2: Compatibility search for a given data analysis
process.

Visual interactions (~ seconds, special provisions
for large graphs)
Graphical queries (deterministic graph filtering)

Analysis of query results (incl. other visualisation
modalities)




Neo4j graph DB

Cypher queries

Reachability Graph

Longer paths vs additional edges
Data records examples

Computational needs & optimization
Graph DB management and operations (A. Agocs)




Overview

Neo4j DB

Cypher + Visual operations
Multi-navigation on the reachabillity graph
Longer paths vs. additional edges




Neo4j database 1.

Uses Labelled Property Graph Data model

Nodes and relationships (with labels and properties)
Instead of tables, tuples and attributes

Two big advantages:
Easier to adapt to another graph models (Feynman
diagram)
Relationships can represent one-to-one, many-to-
one, one-to-many and many-to-many relationships




Neo4) database 2.

Short example:
Red: Organisations
Purple: Publications or =) @ OO

........

Pa’tents Obsidia... qé% % ": i_ 5 7 Q
. F 5

: Author Keywords Q e -
Blue: Subject Categories & E -,




\

Neo4) database 3.

Type of nodes

Number of nodes

Patents 15.000.442 Patents | Publications | %
(] rg:-lni:-mtiuuﬁ J6.672.677 19,113,580

Publications

200087.9404

Crganisations

2.918.060

Aunthor Keyvwords

124400900

18.941.098

18.041.008

Author Keywords

8.193.604

Subject Catepories

22.5606. 806

32566806

2.30)

Cities

3.193.709

8.826.222

12.019.931

Subject Categories Regions 265,421 2504441 2.760. 862
Cities 7.741 Countries 3.156.449 | 8.020.648 11.177.097
Regions LIET % 19.056.4%82 | 137.031.8092 156.088.374
Clountries 125

N DG 205 0055

g

Statistics on Patent & Publication database (2000-2014): Nodes
(left) and edges (right)

o

NL/




Cypher

Inspirited by SparQL (SQL based query
language for semantic data, stored in RDF)
The biggest advantages:

Pattern matching:

« Define a subgraph via Cypher
« Database finds all occurrences of it in the graph.

Question: How should we create a pattern?




Cypher — Operation from GUI

Support:
Selection on a graph view (GUI solves it)
Extension on a graph view (DB call)

Navigation from one graph view to another one.
(DB call)

We got from GUI: list of selected nodes and
navigation purpose




Cypher — Pattern builder

Goal 1: the pattern has to contain labels of
the selected nodes + basic label +
navigation label

Goal 2: create a pattern which use the
minimal amount of labels

Solution: Steiner tree problem — NP-hard
- use minimal spanning tree




Challenges on database level

Data: 46M nodes + 156M edges
(Pats&Pubs)

It can be Increased by:
« Using different sources

« Using more dimensions (example: authors, journals, etc.)
« Making time interval wider (from 2000-2014 to 1970-2016)

Complex patterns (spec. with extra
dimensions)

Solution: Neo4j Cluster (Master-Clients)




Multi-nav. on the reachabillity graph

Reachability graph:
“Schema’” of the graph based on node labels

« PDbl: Different paths from one node to another
can mean different things:
- Example: Publication & Patent; (EU) Region; Country

« Pb2: Sensitive data

Solution: Use multiple navigations




Multi-nav. on the reachabillity graph

Ex: Modified Pub&Pat reachability graph with two navigation
options




Long paths vs. additional rel.ships

Long Paths:
Disadvantage: Costly

Additional (generated) relationships:
Advantage: Solve execution time problem.

Problem: They answer two different questions.




Long paths vs. additional rel.ships

Ex: The future reachability graph (Pats&Pub DB) (left); Adding additional
relationships (middle); Navigation with additional relationships (right)




Example: Long paths vs. add. rels.

Question: How many

regions does Hungary
: has?

Answer: 11 (NUTS3)




Example: Long paths vs. add. rels.

Question: How many EU
regions does Hungary
publish with?

Answer: 198 (NUTS3)




Support user visual interactions
Collaborations

Louvain

ForceAtlas

Circular layout

Graph and hypergraph visual representations

Computational needs & optimization
Interactive visual graph processing (R. Forster)













Collaborations 33,45 13,85 18,64 12,65
Nodes 0,69 0,65 2,48 0,38

Edges
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CPU vs GPU Performance
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CPU Sequential vs Parallel
Performance
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Explore other data sources
Advanced analytics

Future Work




Deployment & collaborations

- CollSpotting on Publications and Patents under tests on Open
Stack @ CERN
Limited performance; could be improved with GPUs
Cores with max RAM to store graph of DB in memory needed

- System will be available to HEPTech members
CERN login required (Licence issues)
Additional data sources according to HEPTech needs

- Exploration of collaborations with CERN
EPFL - Big Data to be identified

UN-UNICRI (Interregional Crime and Justice Research Institute) - Big
Data analytics to reinforce security




Advanced visual analytics

=»More value to users when analysing Clusters

Contextual analytics
While navigating across dimensions
While performing operations on visual graphs

Support to the visualisation of very large graphs in the node-
link representation

Multi-dimensional visual graphs and cluster optimization

Dynamic visual dimensions selection to optimize cluster
visualisation

Major performance optimization efforts to maintain acceptable
processing time for users, irrespective of the graph’s size.




Compound graphs®™

- Compound graphs: C=(G,T) is defined as a graph G=(V, Eg)
and a rooted tree T=(V, E4, r) that share the same set of
vertices such as:

- Ve = (vy,v,) € Eg,v; & pathy(r,vy)A\v, € pathy(r,vq)

- Relationships between vertices are expressed by T-:

- Vertices sharing a common parent in T belong to the same
group.

- When two vertices sharing a common parent are connected in
G, they share a generic relationship.

(*)KEIM D., ANDRIENKO G., FEKETE J.-D., GORG C., KOHLHAMMER J.,
MELANCON G.: Information Visualiza- tion, vol. 4950 of Lecture Notes in

Computer Science. Springer, 2008, ch. Visual Analytics: Definition, Process,
and Challenges, pp. 154-175.



Map Cluster to single vertex




Replacing clusters with vertices
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Introducing Analytics Iin the
visualisation process

[l:
Generate subset
of Collaborations

I: User selection BEAGEEILS User defined
In visual graph analytics

User defined I, User Defined

. : visual analytics
(visual)-analytics "

Community
Clustering

Layout proc. & Opt.

raphs/hyper-graphs

o T

ForceAtlas Circular Layout

== [Il: Graph proc.
To FrontEnd




Explore other datasets

To validate development and support future work

we need to team with domain experts to gather

Use Cases, In particular to explore
multi-dimensional visual analytics

Possible sources (Collaboration required!)
Particle Physics

Biotech
- Ex: Phenotyping




Conclusion

Big Data visual Analytics bring the expert at the
centre of the analytics cycle

Interactive and multi-dimensional graph-based
tools provide strong support to analytics

Techniques applicable to any kind of data!
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Thank you for your attention!



ForceAtlas Is computing savvy

Ginzburg-Landau theory
High temperature superconduct
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Exploiting graph relationships




