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The Fourth Paradigm
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| have a hypothesis

| need data to check it

A millenium Empirical

A few centuries Theoretical

A few decades Computational

Today Data-driven
Evolution
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(Video scene detection, image understanding)
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NETWORK SECURITY
(Intrusion detection, APTs, malware, virus
attacks)

SENSOR DATA
(Intrusion detection, long term trends,
weather)

SEMI-
STRUCTURED

SOCIALNETWORKING
(Trend analysis, query processing)

(Sentlment anaIyS|s behavior
analysis)

FINANCIAL

LARGE SCALE SCIENCE
(High-energy physics,
bioinformatics)

(High-frequency
trading)
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Main tasks

Prediction

Regression

Segmentation
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Anomalies
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Clustering
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Detect outliers

Classification
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Main tasks

Filtering effects Assess relevance Combining info

Normalization Ranking Data fusion




Objectives - ICT

Communication networks Facial recognition

Digital signing




Objectives - Finance

Fraud detection

Risk assessment

Credit worthiness /
k

Portfolio management
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Objectives - Education

Scientometrics

Detecting plagiarism

Grading
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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
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Deep Learning & Neural Networks

e Neural networks. outputs
e New algorithms. I t 1 I t I t ™
e Multiple layers on output . . ¢ )( 00 ) 9@
layer — ~ v
top of each other.
e Eachlayerlearnsa
more complex = ]
representation. second |00 =
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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

D - Decision O - Uncertainty (external event)
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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

— —>

Pairwise similarities AT Eigendecomposition

Reclustering

K- means
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Manifold learning

A lot of datasets live on a ALY
low dimensional ‘ :
manifold.

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

Images of a

rotating teapot
lie on a circular

manifold




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).
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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).




Model Predictive control (MPQ)

Control method for handling input and state constraints within an optimal control setting.

Principle of predictive control
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| Why MPC ?
M time " It handles multivariable interactions
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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 ]

Better
estimation of
x(k)

[x(k +1) = (x(k), u(k)) +Gw(k)} —L

Numerical model

SJ

Measurements

Data assimilation techniques

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

OoD 1D - 2D
Scalars Vectors & Matrices Tensors
1 |
1960 2010

e Exciting new possibilities in
tensor framework
* Shift of paradigm
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STADIUS - SPIN-OFFS “Going beyond research”
www. esat.kuleuven.be/stadius/spinoffs.php

“ TRANSPORT
& MOBILITY
LEUVEN

Data mmmg
industry solutions

www.dsquare.be

UGENTEC "%

Data h

clinical genetlcs Automated PCR analysis

www.cartagenia.com www.ugentec.com

TSE

Financial compllar?ce

www.baesystems.com www.ipcos.be
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umami of medical data



Solid tradition of working with doctors

International Clinical
Research Consortia
e.g. IETA International
Endometrial Tumor
Analysis Group
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Genomic markers for Leukemia

ALL MLL AML
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12 600 genes

72 patients
- 28 Acute Lymphoblastic Leukemia (ALL)
- 24 Acute Myeloid Leukemia (AML)
- 20 Mixed Linkage Leukemia (MLL)

+30
© Armstrong SA et al. Nat Genet. 2002 Jan;30(1):41-7.



Genomic Data Fusion

High-throughput Data analysis Candidate genes

genomlcs Name Ensembl
R [ENSGO00000118271
. PAH ENSGO0000171759
|nf0rmat|on sources GBPC ENSGO0000131482
IGF1 ENSGO0000017427
ALE ENSG00000163631
CRP ENSGO0000132693
HABP2 ENSGO0000148702
IF ENSGO0000135799
FST ENSGO0000134363
ARAF1 ENSG00000078061
HMGAZ ENSGO0000149948
cg ENSG00000113600
PCEP2 ENSGO0000111406
HOXEB ENSG00000108511
RERE ENSG00000142599
. . oy . HOXA11 ENSGO0000005073
Candidate prioritization cLict ENSGO00000962365
ERCC3 ENSGO0000163161
. . ERCC3 ENSGO0000163161
Valldat|0n TLLZ2 ENSG00000095587
SYT4 ENSGO0000132872
En EBEx Ip Ke GO TeAvg Pval SYT4 ENSGO00000132872
PIK4CB ENSG00000143393
PKDZ2 ENSGO0000118762
ENSG00000081026
ANKRD3 ENSGO0000183421
ool F13A1 ENSG00000124431
i v s hee “Crmi Dy~ BPAG1 ENSGO0000151914
KCNNZ ENSGO0000143603

HOXBS HABFZ .ERcca TIR
. AH HDC ERCC3

HOXB6

GRINZA|GRINZEB
Sim1

ENSG000001500386
ENSGO0000112246
ENSGO0000174891
ENSG00000089195

C14o0rf10 ENSGO0000092020

STXE ENSGO00000170310

[ ENSGO0000107671
MSHS ENSGO0000096474

Bl E1aR1 | HOC CRH ENSG00000147571
MID1 ENSGO0000101871

HOXAT1 .nm)z FI3A1  PAH ENSGO0000124508
ENSGO0000113460

NFYA  CRP [ABP2 (MMMR1 KCNNZ HOXAN! Cidorf? FST TGFB3 ENSGO0000119699
I ‘ C1QR1 ENSG00000125810

ca HDC  CLCI NFYA TIR  ARAFI NR4AZ ENSGO0000153234
PDGFC ENSG00000145431

PDGFC ENSG00000145431

NR3C2 ENSGO0000151623

NFYA ENSGO0000001167

ENSGO0000101898

C8orf4 ENSG 00176907

. TM4SF13 ENSG 00106537

Endeavour: Aerts et al., Nature Biotechnology, 2006 MNP 3P ENSG00000149968
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NeoGuard : decision support

¢ Detection of spike
Correlation { frain type seizure

e e . . NLEO [———>{ Spikiness = Analysis [
Brain injury estimate = == X

EEG channel of neonatal
i scuure

* Detection of neonatal epileptic seizures Deemmmositon [P detecson D pompeomestont A
“ ¢ Detection of oscillatory
* Seizures localization S | SN et
; Change relative Analysis of the
° Inte r—burst Inte rvals to the background repetitiveness -
Patient name: Date --/--/-- Time _ _: _ I
/Encaph. Thomson P —— —TET—
. [ Score (ES) Score (TS) : - _
Incorporated expertise 88 3
* Knowledge of neurophysiologists are _ |

incorporated into algorithms
p g e e |
[nv] BEW

Huilen

Monitoring

* evolution rate of the background EEG TECZ
* Maturity in premature o e
Outcome prediction Ewa NE—
Resp ——— 3008 *\ ]
EEG

of the IBI:
‘Adaptive
segmentation
Classification
of segments

Temporal profile
signal T
. Confident
inter-burst 1 1BI
interval detection

PART A PART B

Corresponding
classifier
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Smart Cities — Water monitoring

Implementation of a Nonlinear Model Predictive controller
(NMPC) for the Demer

This project focuses on the development and implementation of an advanced
control strategy for avoiding future floodings of the Demer river in Belgium.

Mangelbeek
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Model Based Predictive Control for Flood Regulation: Demer
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Smart Cities — Air quality

Data assimilation in the Air-quality model Aurora

The objective of this research was to improve the concentration estimates of the
air-quality model Aurora by using data assimilation techniques (e.g., Optimal
Interpolation (Ol), Deterministic Ensemble Kalman Filter (DEnKEF, etc.)

0, air-quality stations Average of the O; concentration over
the validation stations

. Measurements
Aurora (Model)
ol

Starting date: May 28t, 2005 at
midnight

- Assimilation stations
- Validation stations

This study was carried out within the
framework of the IWT project CLIMAQS,

"Climate and Air Quality Modeling for fVltO

vision on technology

oIicy Support". /




Average of the O, concentration field over the 14 day period

Free-run of Aurora

si.N . . . .
X - Assimilation station

o - Validation station
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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

50° N

@ - Assimilation stations
B - Validation stations

Concentration [ ug/ms]

140

the validation stations

Average of the PM, concentration over

120 |-

100
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150 200
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Starting date: January 20, 2010 at midnight



Average of the PM_, concentration field

Free-run of Aurora

X - Assimilation station
o - Validation station
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Electric load forecasting

Problem

Energy Energy
Production Demand

U N—
<
-
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How to forecast
the demand?
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Power grid

Belgié en Europa
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1 post, 1 week

250 transformer substations
Every 15 min, 5 years
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Load

20

Week index

.

Hour index

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




Electric Market Segmentation

Electricity load: 245 substations in Belgian grid (1/2 train, 1/2 validation)
x; € R824 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
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Industry 4.0 — Control

Control of the synthesis section of a Urea plant using MPC control
techniques

In this project, Model Predictive Control (MPC) strategies were used for stabilizing and
maximizing the throughput of the synthesis section of a urea plant, while satisfying all
the process constraints.

N
(o))
(&}

-

253.63 t/h

Throughput increment of 11.81
t/h thanks to the MPC
controller

< 241.82t/h

()
N
o

" Urea solution flow rate (t/h)

5 10 15 20
Time (hours)

o

ROI: IPCOS successfully implemented an

MPC control system on the urea plant m

of Yara Brunsbuttel.

IPCOS developed an advanced control
Protomation

solution for urea plants, “urea@Max”




Modelling for control
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HELPING MANUFACTURING COMPANIES
RAPIDLY IMPROVE PLANT AVAILABILITY AND
ASSET EFFECTIVENESS THROUGH BIG DATA

IOT DISCOVERY ANALYTICS

Google FOR PROCESS INDUSTRY:
BECOME THE NEXT BIG THING IN
MANUFACTURING IT










COMPETITIVE POSITIONING

Discovery Analytcs
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Predictive Analytics:
Modelling, Simulation

Descriptive Analytkcs

Years, Months, Weeks, Days, Shifts Shifts, Hours, Minutes Minutes, Seconds

TrendMiner




PLUG N’ PLAY INTEGRATION WITH EXISTING STANDARDS AND SYSTEMS

LEVEL 3

BUSINESS APPLICATIONS
MOM APPLICATIONS
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Fraud detection on mobile phone network
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