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Grains of rice the world consumes Amount of data the world consumes
annually: 27.5 quadrillion every 30 minutes: 40.4 petabytes

We consume more bytes on the internet in
30 minutes than grains of rice in a year.

1 million = 1 000 000 1kB =1000 it8
1 billion = 1 000 000 000 1 MB =1 000 000 = large unlvgr5|ty library
1TB =1 000 000 000 000 = 1430 CDs

1 quadrillion = o |
1 000 000 000 000 000 1 PB =1 000 000 000 000 000 = 3 year music in CD quality



The Industrial Internet, a connected network of intelligent machines
working the way they are intended, will transform business as dramatically as
the consumer Internet has changed our lives.



The Industrial Internet
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2000 - 2010: there was rapid growth in connectivity and its transformative impact
on the world have laid the foundation for the Industrial Internet.



The Industrial Internet

o]ofoJofoofolofo IR

Connected Devices Devices Per Capita Worldwide

2010 - 2015: building on the foundation of the
consumer Internet, the Industrial Internet is transforming business today.



® The Industrial Internet
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Connected Devices Devices Per Capita Worldwide

Past e . Q 2020+

2015 - 2030: when the consumer and industrial Internet become one, merging minds and machines,
we have the potential to connect 7B+ people and 50B assets to make the world work better.



NUMBER OF DEVICES IN USE (IN MILLIONS)
20,000 WEARABLES

SMART TVS

Between now and 2018 we’ll see
the number of smartphones,
tablets, and other connected

devices skyrocket. THE INTERNET
OF THINGS

SMARTPHONES

PERSONAL
COMPUTERS

2004 2018



sl e igp - ~ Moore’s law:
: computing power

doubles
~ every 18 months

Carlson’s law:
complexity/cost

evolves
exponentially
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umami of medical data



Data explosion in finance

R , - Growing ~ 30-50% every year,
/ pe half of this is unstructured!

Data storage became 30%

cheaper, yet budgets for data :

storage are still rising. - .
: 13



Intrustion
detection

Network
security
APTs

Sentiment
analysis

Social
networking

Social graphs

Visual media -
Scene analysis

Image/audio
understanding

Sensor data

Large scale
science

Data domains Weather

Anomaly
detection

Behavioral
analysis

High frequency
trading

Bioinformatics

High energy
physics




The Fourth Paradigm

First

Second
Third
Fourth

From

| have a hypothesis

| need data to check it

A millenium Empirical

A few centuries Theoretical

A few decades Computational

Today Data-driven
Evolution

To

> | have data
Which hypotheses can | check?

‘E{) Data first! ‘
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Security &
Privacy

Visualization

Big Data

Compute
Infrastructure

Storage
Infrastructure
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SEMI-
STRUCTURED

STRUCTURED

Data

VISUAL MEDIA
(Video scene detection, image understanding)

NETWORK SECURITY
(Intrusion detection, APTs, malware, virus
attacks)
SENSOR DATA
(Intrusion detection, long term trends,
weather)

SOCIALNETWORKING
(Trend analysis, query processing)

(Sentlment analysus behavior
analysis)

FINANCIAL

LARGE SCALE SCIENCE
(High-energy physics,
bioinformatics)

(High-frequency
trading)

REAL-TIME
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Compute infrastructure

Hadoop

MapReduce

L
S

Bulk

synchronous Giraph

Pregel

parallel
Compute
infrastructure
Low-

latency -
par

Storm

Infosphere
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Storage

Storage

infrastructure

Relational

(sQL)

NoSQL

m PostgresSQL

Document
M DB
oriented

Dynamo
inspired
Cassandra

Key-value

In-memor
stores Y

Column HBase

Voldemort

Stores
liiiﬁiiiiiiill

Graph
oriented

In-memory T
VoltDB

OrientDB

Aerospike
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No
Yes

Analytics
Flowchart

Get more
data

Predicting a
category?

Do you have Predicting a
labeled data? quantity?

CLASSIFICATION REGRESSION

Just looking?

v

DIMENSIONALITY

CLUSTERING REDUCTION
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Visualization

Visual Data Exploration

O User interaction

Vlsuallsatlon
Mapping
Tra nsformatlon

O Model
visualisation K led
A_b Data Model nowiedage J
— bU|Id|ng —

Data
Models
Parameter
refinement

mining
Automated Data Analysis

Feedback loop



Security

Infrastructure

Data privacy

Security &
Privacy

Data
management

Integrity and
reactive

security

Secure computations in
distributed programming
frameworks

Security best practices for
non-relational data stores

Privacy preserving data
mining and analytics

Cryptographically
enforced data centric
security

Granular access control

Secure data storage and
transaction logs

Data provenance

Granular audits

End-point validation and
filtering

Real-time security
monitoring
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Big Data Landscape
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Big Data Landscape (Version 2.0)
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Big Data Landscape

Analytics
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Machine Learning as a commodity
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Big Data Landscape
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Analytics

Big Data
Analytics

Numerical algorithms

Expert Systems
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Objectives - ICT

Communication networks

Facial recognition

Digital signing
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Objectives - Finance

Fraud detection

Risk assessment

Credit worthiness

19.41
2043
255

25

4523
a
4979

5240

Just-in-time production
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Objectives - Education

Scientometrics

Detecting plagiarism

Grading

s

Teacher performance

REFPORT CARD
T —

M.\M sn'\.u, A.‘

e Dtiss
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Objectives — Smart Cities

Predictive maintenance o
Flood prediction

Smart lighting

Traffic management Electricity Demand
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Objectives — Health

Diagnostics . .
Disease spreading

Tumour detection

A“C\:"

FORM
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Main tasks

Prediction

Segmentation

Regression

|

Clustering

Classification

Anomalies

-

_ . -~ Ay
L
“l’

Detect outliers
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Main tasks

Filtering effects Assess relevance Combining info

|

Normalization Ranking Data fusion
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Regression

40



Regression
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Clustering/Classification

length
(@) (@) (@) ®
ong | "6 ° 7 S gices | I
° ° ° ° : .:..
° R

Features I ° . i
' (0]
Clusters o ) Lo e o

Similarity ® |
o short 3 o © © e
Decision g o o %o
Q! '
@ _@o0 00 © e !
°
black blond ]
| Hair color
blue / e
orange / i

Color clothes
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Outlier

Machine temperature

A

Detection

Expectation for a working machine

A

J Overheating? ‘

O :

o
»

Machine workload
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Normalization

Difference with ,
typical day

Daily cycle

0.9
0.8
0.7

Load

0.5
0.4 VI s s s é é
0.3 Mun.i Tues.i Wed.i Thur.i Fri. :
' 24 48 72 96
Hour

Look at divergence from

) “normal” behaviour
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Ranking

Google

Query a database

Belgium

Google Search I'm Feeling Lucky
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Ranking

0.458

Score each point as a
possible answer




Ranking

Rank all points from
highest to lowest score
and return this list
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Data fusion

Card used Location

Y VN
N N

A

Transaction

Same card, used twice in

\‘o a short period of time at
‘e © a different location,
o o )
d card/customer location
° conflict.
Time

At first sig'h@,gﬂ'tjlstllqeks?like normal

behaviour
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Taming a Data Project

Understanding
the problem

Prepare the
data

Handle results

Solve the
problem

=
=
=
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Taming a Data Project

Understanding
the problem . Intake

@

[ Prepare the UndEQnd fiel

Handle the
data

Solve the
problem

[Handle results




Taming a Data Project

Understanding Change this Into this

the problem

Dim | Attribute K[ K™

1 Angle (degree) 0.0 | 429

2 Vertex distance (A) 00| 9.7

P re pa re t h S 3 Square-root of area 4.0 | 45
4 Aspect ratio 1.0 | 08

d ata 5 Mean distance (A) 42 | 14.0

6 Std. Dev. of distance (A) | 3.2 | 3.8

7 Contact pattern type 3 5

Handle the
data

9

Handle results

A4

Solve the
problem

Data
Input module
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Taming a Data Project

Understanding
the problem
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Taming a Data Project

the problem

¥

[ Prepare the

data
] Confidentiality &
Security
Handle the
» M' +
[ Handle results ]

9 [" x ":J
[ Solve the ] Is there enough and @ve O

problem adequate data?

[Understanding]
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Taming a Data Project

the problem

¥
Prepare the

data

A

[ Handle the

[Understanding]
Corrilapediorebjétstives

data

t]"

Handle results
\ v,

@

Solve the
problem
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Taming a Data Project

Understanding
the problem

Prepare the
data
Handle the
data

¥

[ Handle results]

¥

Solve the
.
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Stadius Expertise

Serious Data
Serious Mining

Real Quantifiable

Ener
Indusgtyry Return on Investment
Environment

Social networks

Fraud and predictive analysis
Health




Stadius - Books

SUBSPACE
IDENTIFICATION
FOR
LINEAR SYSTEMS

Theory
Implementation
Applications

Peter van Overschee
Bart De Moor

Kluwer Academic Publishers

Exact and
Approximate
Modeling

of Linear Systems
A Behavioral Approach
an Markovsky

Jan C. Willems

Sabine Van Hulfel
Bart De Moor

s -
o Least@Squares
( Sunuui&l Vector Machines
|

‘\"?»:*::./-/

Johaa A, K. Suykens, Tosy Van Gastel,
Jos De Beabanter, Bart De Moor and Joos Vandewalle

Studies in Computational Intelligence 345

Shi Yu

Léon-Charles Tranchevent
Bart De Moor

Yves Moreau

Kernel-based Data

Fusion for Machine
Learning

Artificial Neural Networks
for Modelling and Control
of Non-Linear Systems

Johan AR Serkens, Joos PL Vandewale
a0d Bart LR I Mocr

Wumer adermic Pindrs

57



Stadius - Software

* EnsembleSVM

* TensorLab

* Clinical Data Miner
* Endeavour

* Beegle

Variant Prioritization
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Stadius - Spin-offs

<) IPCOS M

ﬂ TRANSPORT

& MOBILITY
LEUVEN

square

da.t.a'@; .

.:CARTAGENIA



<) IPCOS

* K.U.Leuven spin-off company, 1995

* www.ipcos.be

* specialized in modelling and control of multivariable
industrial processes (chemical and power plants, oil
exploration)

e CEO: Dr. PeterVan Overschee

* Awarded with :
* Starters award Foundation King Baudouin (1995)
* 3-annual starters award Flanders Technoland (1996)

The Chemical Comparny

T Q

y%(u:‘\ ToTrAaL
Gﬂ ([] é%

ociH

NITROGEN HMKDOCH

KcH LR

ARKEMA  [NEQS

AR5 B n HIR O S

WAL TIOMAL LML LOMLARAON L,

ﬁJLL.IJ‘

p———&.*

JAFCO
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http://www.ipcos.be/

K.U.Leuven, Spin-off company, 2005
In silico drug discovery and screening
CEO : Wilfried Langenaeker

Silicos in the press:
* 4aste Van Cauterenleerstoel : Maken ingenieurs het
verschil ?
* Silicos expands biology lab and announces move to
new facilities (20/07/2009)
 Silicos, a computational drug design biotech,
appoints Dr. Jack Elands as Chief Business Officer

(29/06/2009)
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K.U.Leuven spin-off company, 2002

www.tmleuven.be

Traffic and mobility consulting u

CEO : Griet De Ceuster

TML in the press:

* Vlaamse regering houdt meccano-trace buitenspel

* Meccano wil alsnog meespelen

* Knack : Meccano superieur aan BAM-tracé

» De Standaard : Ik mijd dure spitsin de stad

* DeTijd: Slimme kilometerheffing is mogelijk

* Rekeningrijden : 30 % minder files

» De Standaard : Verdubbeling Brusselse Ring kost
miljard

e AHA-wetenstappen : Ontdek Leuven via de AHA !
wetenstappen route

* Wiskundige modellen in het verkeer

TRANSPORT

MOBILITY
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http://www.tmleuven.be/

square

Business Planning &
Supply Network Mgmt

Product Production Production Production
Definition Capability

g ’ /

Manufacturing
cosT MES -
rouee.  Operations Management

LEVEL L (MES Laxer)

LEVEL O,1,2 (DCS LAYER)

BUSINESS INTELLIBENDOE USING
PREDICTIVE TECHNOLOGIES
ROl oF 145%

BUSINESS INTELLIGBENCE WITHOUT
PREDIOTIVE TECOHNOLOGIES:
ROI OF 29% *
PRODUCTION IMPROVEMENT
ROl OF Z327%

& IDC

Schedule Performance
» /

BUSINESS ADDED VALUE, COMPETITIVE
ADVANTAGE VS.
DEGREE OF INTELLIGENCE

COLLABORATIVE PROCESS MINING

“DATA-DRIVEN SOLUTIONS FOR THE

PROCESS-INDUSTRY... *

COMPANY

COMPETING o

INFORMATION INTELLIGENCE (I-SQUARE)

HWENSYS

IZ
1 DaTh VANDED 2
A o TRADE S

(SRR BARN e e e sl e wases o' owe
INTELLIGENCE

INFORMATION
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K.U.Leuven spin-off company, 2000 .

L J . ‘
www.norkom.com (acquired by Norkom Technologies, 2006) @
Fraud detection in telecom and finance da ta
@
& @

CEO : Steven Verhoeven

®
Datass in the press: .
* Campuskrant : "Gemma Frisiusfonds voor prille spin-offs bestaat 10 jaar"
(Dec. 2007)

* Leuveninc: Norkom technologies acquires European risk management
firm datass (Nov. 2004)

* Norkom Technologies neemt Europese Risk Management firma DATA4s
over (Nov. 2004)

*  Norkom Technologies acquires European risk management firm DATA4s
(Nov. 2004)

*  Norkom and DATA4s join forces (Nov. 2004)

» KBCbank selecteert anti-witwastechnologie van datass (Sep. 2004)

* Leuveninc: DATA4s secures 1.75 million euro in second financing round
(Feb. 2002)

* Rabobank bestrijdt witwassen met DATA4s technologie

* Clear2pay integrates datass's fraud money laundering prevention
platform

* Datays, tussen data-mining en Rode Duivels (Campuskrant, Jun. 2000)

* Technoparels
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http://www.norkom.com/

t:CARTAGENIA

K.U.Leuven Spin-off Company, 2008

www.cartagenia.com

CEO : Herman Verrelst
Clinical applications of genetic analysis

Cartagenia in the press:
* Cartagenia partners major UK study on new
prenatal diagnosis technology
* Honderdste spin-off is kroon op succesverhaal
LRD (Campuskrant 29/05/2013)
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Algorithms in Stadius

Supervised learning

DATA
ANALYTICS
|
1 1 1 1
Unsupervised learning Statistical methods iz ar_]alytlcal
techniques
(General (General

methodology: Dusan
Popovic, Marc
Claesen, Jack Simm,

Esemble Methods :
Dusan Popovic, Marc
Claesen, Jaak Simm

ICA : Nico Verbeeck

Clustering : Yousef el
Alamaat

Neural Networks :
Peter Roelants, Dusan
Popovic

Matrix factorization :
Jaak Simm

Decision Trees :
Dusan Popovic, Jaak
Simm

Manifold learning :
Xian Mao

(Regularized
regression & GLM :
Yousef el Alamaat,
Arnaud Installe

Wavelet
compression:
Nico Verbeeck

SVMs & Kernel
Methods : Marc
Claesen, Jaak Simm,
Pooya Zakeri

methodology:
Yousef el Alamaat,
Dusan Popovic, Marc

Survival analysis :
Marc Claesen

Semi-supervised
learning : Marc
Claesen

Large-scale learning :
Marc Claesen, Nico
Verbeeck

(Hyperparameter

optimization : Marc
Claesen, Dusan
Popovic

Optimization meta-
heuristics : Dusan
Popovic, Maira
Rodriguez

Deep learning : Peter
Roelants

Visualization : Toni
Verbeiren, Ryo Sakai

Multi-task learning :
Jaak Simm

Data fusion : Dusan
Popovic, Pooya Zakeri,
Gorana Nikolic
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Data Assimilation

Data assimilation is the common name given to several numerical techniques that
combine the outputs of a numerical model with observational data in order to
improve the quality of the model predictions.

[ Parameters of the algorithms ]

[x(k +1) = (x(k),u(k))+ GW(k)} 1

Numerical model

SJ

Measurements

Better
estimation of
x(k)

Data assimilation techniques

Some data assimilation techniques: 3DVAR, 4DVAR, Ensemble Kalman Filter (EnKF)
and its variants, Optimal Interpolation (Ol), particle filters, etc.



Deep Learning & Neural Networks

Neural networks.
New algorithms.
Multiple layers on
top of each other.
Each layer learns a
more complex
representation.
Learn feature
hierarchies.

outputs
L N\ L
NS00
DRl % i
=Ty Y
layer N g 56
}m.m
first \V7/,
hidden \(.‘Q‘Q\

> > NS/ \ I N
RN TSR TP 7,
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Decision trees

Decision nodes are trained according to a labeled set of data points. A new instance is

given as an input and run through the tree, which then produces the most likely
output.

Qutcome 1

Outcome 2

Outcome 3

Outcome 7

D - Decision O - Uncertainty (external event)




Reqgularized Regression

Fitting a regression function on a data set can result in overfitting: the regression fits
to the data, but not to the general trend. The regression is thus not generalizable!
A solution is to punish the learner for creating a model with high complexity.




Support Vector Machine

First transform the problem to a high-dimensional form, where the solution is easily
found, through the so-called ‘kernel trick’. Then, transform the decision boundary
back to the original form.




Spectral clustering

Input data Laplacian Embedding in the eigenspace

'
4

+

Pairwise similarities ' : Eigendecomposition

Reclustering

Final clustering K- means

— ~ B

) FETR &




Manifold learning

A lot of datasets live on a AR RS
low dimensional o :
manifold.

Goal: Find a low-
dimensional basis for
describing the high-
dimensional data

Images of a
rotating teapot
lie on a circular

manifold
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Component analysis

The data dimensionality is reduced by dividing the data set into smaller, relevant
components. This can be done by maximizing the variance (principal component

analysis), or by finding independent sources of data (independent component
analysis).




Tensor methods

The data is represented in a so-called tensor, which is a higher-dimensional extension
to a vector or a list (i.e., a tensor in three dimensions is a list of lists of lists). This can
be used to represent highly-dimensional data in a very concise way. We use very
efficient methods to decompose these tensors, that allow us to extract common

influential factors among different features of a data set. These techniques are highly
scalable and work well on Big Data.

Variables Factors Factorizations

o] =
AN

\v " -
Z2 e .!.‘2(:2) 1

M3 1 T
3 — x3(z3)| +

Q

TO |

Q

T2




Ensemble methods

Several machine learning algorithms are implemented in parallel to each other. A
decision on the outcome is then made, based on some decision rule (e.g., majority
voting).

1 (] M=3




Big Data
What
Who
Six dimensions
Data |,
Compute Infrastructure
Storage Infrastructure
Analytics
Visualization
3\ Security & Privacy
achine learning as a commodity

pertise
Books & Spin-offs

Algorithms
Applications
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Stadius applications _
Big Data
Applications
| | | |
Larg-e-scale Health Smart City Finance Text Mining
science

— Bio-Informatics

——Data Assimilation

- Electricity

— Risk Assesment

Internet of )
o Things —  Stock Trading
Customer
I Traffic o Relation
Management

— Fraud Detection

o Churn
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Electric load forecasting

Problem

Energy
Production

E—
——
e —

How to forecast
the demand?
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Power grid

Belgié en Europa
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Data sets

Electric load forecasting

Elia

Transmission
system operator

Hourly data

10 substations
considered

Time-series

KMI

Meteorological
Institute

Weather
conditions



—

Meerhout

@ pow e station
@ substabon 350-ky

09

0.8

07r

06
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1 post, 1 week

250 transformer substations
Every 15 min, 5 years
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Electric load forecasting

Expertise in Action

Learn model with
normalization

Seasonal Effects Weather Effects

What hour? What day? What week? Temperature? Sunny?

Model update: Every week!




Electric load forecasting

Maormalized Load

1

09+
08+
0.7
06
051
04r

0.3

Mon.: Tues.! Wed.! Thur! Fri. '

Sat. . Sun. .

0

24 48 72 96 120

Hour

144 168

Mormalized Load
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12

Load

20

Week index

0 L

Heour index

Seasonalities in the load: day, week, year, holidays
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Electric load forecasting

Problem Solved

- Seasonalities = a priori information (regress Monday on Monday !)
- Normalization:

- remove effects of temperature, cloudiness, ...

- remove effect of holidays — calender days (use dummies)
- Calculate ‘eigenprofiles’ = daily shape per post

[ 15-days ahead forecasts for 4 posts:

. LosdiMvy)

s B Accurate forecast

B |

” Hourindex & 77 “ " Hourindex ~ =

Load(MW)
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Modelling for control

_ 100 Histograms

No control, Quasi steady state and fast control
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Model Based Predictive Control for Flood Regulation: Demer

disturbances
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Alloy melting point modelling

Problem & Objectives

How to predict material
properties when designing a
new alloy?




Alloy melting point modelling

InsPyro NV

Random
measurements
of melting point

in function of
constituent
concentrations

10 different
materials!

130 000 points
sampled!

Many missing
values.

Curse of Dimensionality!




Alloy melting point modelling

Expertise In Action

Represent as tensor Decompose in factors

New model has only
4500 parameters

‘ o) Curse of Dimensionality broken!




Alloy melting point modelling

Problem Solved

Economical prediction of new
material properties

1,600 1072
_ 1,400 | S N W
2 1200 | A = o
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Data Assimilation

The Deterministic Ensemble Kalman Filter (DEnKF) and the Ol technique have been
used to improve the O, estimates of the Air-quality model AURORA.

Average of the O, concentration over
the validation stations

O, air-quality stations

140 T T T T T T
. Measurements
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Average of the O, concentration field over the 14 day period

Free-run of Aurora
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Data Assimilation

The Deterministic Ensemble Kalman Filter (DEnKF) and the Ol technique have been

used to improve the PM_, estimates of the Air-quality model AURORA.

PM._ air-quality stations L .
10 g y the validation stations

Average of the PM__ concentration over

140 T T T . T L
:. ®  Measurements
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ke L DEnKF
. g ol
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Starting date: January 20", 2010 at midnight



Average of the PM_, concentration field
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Average of the PM_, concentration field
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Journal Clustering
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Journal Clustering

Introduction

In scientometrics, information from journals can be cat-
egorized lexically or with citations. An important area of
scientometric research is the clustering or mapping of sci-
entific publications. The widely used method of cocitation
clustering was introduced independently by Small (1973,
1978) and Marshakova (1973). Cross-citation-based cluster
analysis for science mapping is different: while the former is
usually based on links connecting individual documents, the
latter requires aggregation of documents to units like jour-
nals or subject fields among which cross-citation links are
established. Some advantages of this method (for instance,
the possibility to analyze directed information flows) are
undermined by possible biases. For example, bias could
be cansed by the use of predefined umits (journals, sub-
ject categories, etc.), implying already certain structural
classification. Journal cross-citation clustering has been used
by Leydesdorff (2006), Leydesdorff and Rafols (2009), and
Boyack, Bérner, and Klavans (2009), while Moya-Anegdn
et al. (2007) applied subject cocitation analysis to visualize

A chusiaga) T
@\

ybrid clust

Received July 7, 2009; revised October 31, 200%; accepted December 30, the structure of science and its d}-namjcs_
2009 The integration of lexical similarities and citation links has
£ ARTA AR BT & Tkl e amliee 11 Bt WA i W e ot e alsn attracted interest in other fields snch as search eneine
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Journal Clustering
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Author Collaboration Clustering
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Author Collaboration Clustering
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Web of Science based literature network for Lennart Ljung

138 seed papers
+ all cited and citing publications

Result: 4943 nodes, 6216 edges

Link based clustering identifies
topically homogeneous clusters.

13 papers are written
by another L. Ljung.
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Community detection
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Customer Intelligence

customer

Specificn  geclarative profile behavioral

» O profile

demographics

generic

static dynamic
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Customer Intelligence

Analyze & Model
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Fraud detection on mobile phone network

A

Monitoring

Alarms

s,

[ Decision engine ]

A

[ User profiling ;
4

Cleaning
preparation

Short Long High International Same off  Call Behaviour
Duration Duration Frequency Destination Peak Forwarding Change
irect call
alling X X X X

ABX fraud X

. reephone
fraud X

Premium
rate fraud

Subscription
fraud

Handset
theft

X

X X X X X
>
P

X X X
X

X

Average call dyration

%X o 0°
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Call frequency
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Electric Market Segmentation
Problem & Objectives




Electric Market Segmentation
Data

Power load: 245 substations, hourly (5 years)
Periodic AR modelling: dim reduction 43.824 — 24
k-means applied after dimensionality reduction

nprmalized Joad
. -normalized Joad,

-----------

Lnormalized load

:normalized Joad,

\s
nnnnnnnnnnn




Electric Market Segmentation

Expertise In Action

Application of kernel spectral clustering, directly in high dim d = 43.824
Model selection on kernel parameter and number of clusters

R B o
0s 08 04
2& _OM _OD.
© © ©
wo wﬂ-ﬂ qJQ
No. Nash Nosk
“Doaff ool Dol
£, Eo £
P P G
Qo (o] Qo
CM c c

e

EEEE

normalized load

BB R

[Alzate, Espinoza, De Moor, Suykens, 2009]



Electric Market Segmentation

Problem Solved

2
o

ed load

2 ¢
n

normaliz
o o
£ g

2
ha

i

o

Electricity load: 245 substations in Belgian grid (1/2 train, 1/2 validation)
x; € R*3-824: spectral clustering on high dimensional data (5 years)

3 of 7 detected clusters:

- 1: Residential profile: morning and evening peaks

- 2: Business profile: peaked around noon

- 3: Industrial profile: increasing morning, oscillating afternoon and evening



Bankruptcy Prediction

Problem

What we know! What we don't!

f\ : Capital

=®. Credit = ol
Classifier or 5

g: Total assets Algorithm!

%
In total : 40 candidate inputs
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Bankruptcy Prediction

Solution

Cross-validation Classifier

Only a subset of Decides on
inputs is |$ > 90% accurate basis of inputs
important

U

Concise 4 ‘
classifier! ‘ or ‘w
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[ BIOMEDICAL APPLICATIONS ]

Diseases/Bodily
processes/Tissues

Technological platforms/data

types

IT support

Cancer :
Mao

Dusan Popovic, Xian

Diabetes : Marc Claesen

Mass Spectrometry: Nico

Verbeek, Yousef el Alamat, Xian
Mao

Genomics : Inge Thijs, Dusan

Endometriosis : Yousef el
Alamat, Dusan Popovic, Nico
Verbeek

Rare genetic disorders : Dusan
Popovic, Ryo Sakai

Glucose level monitoring : Tom
Van Herpe

Mouse brain : Nico Verbeek,
Yousef el Alamat, Xian Mao

Bacteria&Fungi : Jaak Simm

Drug discovery : Griet Laenen,
Pooya Zakeri

Popovic, Maira Rodriguez, Ryo
‘Sakai

Proteomics : Inge Thijs, Yousef

el Alamat, Xian Mao, Ryo Sakai,
Pooya Zakeri

Microarrays : Dusan Popovic,

Griet Laenen, Pooya Zakeri

miRNA : Jaak Simm

RNA sequencing : Jaak Simm

NGS : Amin Ardeshirdavani, Jaak

Simm

Metagenomics : Jaak Simm

Clinical data : Arnaud Installe,

Dusan Popovic, Yousef el Alamat

Annotation data : Pooya Zakeri

Biological networks : Griet

Laenen, Pooya Zakeri

N

Object-oriented programming
: Arnaud Installe, Amin
Ardeshirdavani, Gorana Nikolic,
Marc Claesen, Toni
Verbeiren,Xian Mao Y,

Web applications : Amin
Ardeshirdavani, Gorana Nikolic,
Toni Verbeiren

Databases : Arnaud Installe,
Amin Ardeshirdavani, Gorana
Nikolic

Big data technologies (ex.
Hadoop , MapReduce) : Amin
Ardeshirdavani, Jaak Simm, Toni
Verbeiren

Distributed computing : Toni
Verbeiren

High-performance computing :
Jaak Simm

Agent-based systems : Maira

Rodriguez
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IOTA app:
population

based

assessment

of ovarian

tumor malignancy:

|OTA app available in iTunes app store and on http://homes.esat.kuleuven.be/~sistawww/biomed}tSta/



Performance

Performance of an expert

Sensitivity
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Genomic markers for Leukemia

ALL MLL AML
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High-throughput

genomics

Genomic Data Fusion

Data analysis

Candidate prioritization

Rank En Ex Ip Ke GO Telvg Pval

Information sources

HOC  CLEt

Archare

Endeavour: Aerts et al., Nature Biotechnology, 2006

Candidate genes
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Mutation Prioritization
Problem & Objectives

PREVELANCE OF GENETIC DISORDERS ? ?

Biomarker discovery as a classification
problem

THOUSANDS MUTATIONS IN A GENOME

NEED TO PRIORITIZE MUTATIONS
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Mutation prioritization

Data

Very sensitive
and confidential
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Mutation prioritization

Expertise In Action

PPl , o % s s s R R EEEEEEEEEEEEEREREEY
G CGG 5 e %

GG GGGTGC GG

GIG MUTATION

| eXtasy

Variant Prioritization

: MUTATION
. PRIORITIZATION

NOVEL GENETIC
DISORDER

DISCOVERY OF WIUTATION CAUSIG TrlE DISEASE - \\‘ \ /
PERSONALIZED CONFIRMATORY
THERAPY EXPERIMENTS
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Mutation prioritization

Expertise In Action
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Non-invasive diagnosis of endometriosis

Expertise In Action

Biomarker Cycle phase Cut-off

All =125 U ml

Glyeodelin All = 18 ngidml
WEGF All = 1.5 pg/mil
IGFBP-3 All =210 ng/ml
sICAM-1 All <243 nglml
CA 19=9 All =95 U ml
sICAM-1 Menstrual < 254.6 ngdmil
IL-1beta Fallicular < 0.9 pg/ml
IL-& Fallicular < 10 pg/ml
IFM-y Follicular <76 pg/ml
TMF-o Fallicular < 45.6 pg/ml
IGFEP-3 Follicular =200 ng/mil
Glycodelin Faollicular =90 ng/mil
CA-125 Follicular 115 Wiml
CA-125 Luteal = 13.5 W ml
CA 19-9 Luteal =>7.5 U ml

PLASMA PROTEINS

LEVELS IN PATIENTS FEATURE SELECTION BIOMARKERS
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