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Big Data
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Small data

1
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= mathematical
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= Statistical Science
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Big Data

* Interesting
 Detalled
 |nformative

e Fun
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Small Data

So yesterday

STATRTES
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THEMATIC PROGRAM ON
STATISTICAL INFERENCE,
LEARNING, AND MODELS FOR

JANUARY : JUNE, 2015

PROGRAM

This thematic program emphasizes

JANUARY 12 - 23, 2015 both applied and theoretical aspects of
Opening Conference and Boot Camp statistical inference, learning and models
Organizing Committee: Nancy Reid (Chair), Sallie Keller, Lisa Lix, Bin Yu in big data. The opening conference will
serve as an introduction to the program,
concentrating on overview lectures and
background preparation. Workshops
throughout the program will highlight
cross-cutting themes, such as learning and

FEBRUARY 9 -13, 2015 visualization, as well as focus themes for
Workshop on Optimization and Matrix Methods in Big Data applications in the social, physical and life

JANUARY 26 - 30, 2015

Workshop on Big Data and Statistical Machine Learning
Organizing committee: Ruslan Salakhutdinov (Chair), Dale Schuurmans, Yoshua Bengio,

Hugh Chipman, Bin Yu

Queen's University 31 March 2017 7



Canadian Institute for Statistical Sciences
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Workshops

CANSSI
INCASS

s
7F

Opening Conference and Bootcamp

Statistical Machine Learning |" The Fields Institute for

Research in Mathematical Sciences

FIELDS

FieldsLive Video Archive

Visualization: Strategies and Principles

Optimization and Matrix Methods

Big Data in Health Policy
Big Data for Social Policy

(]
. . CENTRE
Networks, Web mining, and Cyber-security ; DE RECHERCHES
Statistical Theory for Large-scale Data AT RS MATIRUES
Challenges in Environmental Science
. === 3

Complex Spatio-temporal Data 'l Pacific Institute for rhe

. . . Mathematical Sciences
Commercial and Retail Banking
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https://www.fields.utoronto.ca/video-archive

Opening Conference and Bootcamp

Introduction to topics at following workshops

One day on each topic

Many speakers started by trying to define big data
‘1 shall not today attempt further to define the kinds of
material | understand to be embraced within that
shorthand description, and perhaps | could never
succeed in intelligibly doing so.

But | know itwhenlseeit...”

Justice Potter Stewart; Jacobellis v. Ohio 22 June 1964
Robert Bell, Google, Plenary Opening Lecture

Queen's University 31 March 2017 10



i51| International Statistical Review

International Statistical Review (2016), 84, 3, 371-389 doi:10.1111/insr.12176

Statistical Inference, Learning and
Models in Big Data

Beate Franke!, Jean-Francois Plante?, Ribana Roscher?,
En-Shiun Annie Lee*, Cathal Smyth®, Armin Hatefi®,
Fuqi Chen®, Einat Gil°, Alexander Schwing>,
Alessandro Selvitella®, Michael M. Hoffman®,

Roger Grosse®, Dieter Hendricks’ and Nancy Reid®

YUniversity College London, London, UK

2HEC Montréal, Montréal, Québec, Canada

3 Freie Universitdit, Berlin, Germany

4University of Waterloo, Waterloo, Ontario, Canada

5University of Toronto, Toronto, Ontario, Canada
E-mail: reid@utstat.utoronto.ca

S Western University, London, Ontario, Canada

"University of Witswatersrand, Johannesburg, South Africa

8 McMaster University , Hamilton, Ontario, Canada

I Summary
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Some highlights

« Statistical Machine Learning
* Optimization

* Visualization

« Health Policy

« Social Policy
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Some highlights

« Statistical Machine Learning

/ Restricted Boltzmann Machine

bottom nodes v = (v1,vs,...)*; top nodes h = (hy, ha,...)"

.

~

Ids Institute, Toronto, Canada

Queen's University 31 March 2017
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Statistical Machine Learning

fo.hin) o 5

/ Restricted Boltzmann Machine \

exp{aTU +bl'h + vTWh} n = (a,b,W)

bottom nodes v = (v1,vs,...)*; top nodes h = (hy, ha,...)"

Fi © 2015 by Mu Zhu 6

Ids Institute, Toronto, Canada
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Restricted Boltzmann machine

1

fv,hin) exp{aTv +bTh +0TWh}
Z(n)
« natural gradient ascent
n<+—n+ei(n) " V,l(n;v,h) ¢ =log f
* uses Fisher information as metric tensor 1 =E(-L")

Girolami and Calderhead (2011); Amari (1987); Rao (1945)

« Gaussian graphical model approximation to force
sparse inverse

Grosse and Salakhutdinov (2016) 32" Internat. Conf. on Machine Learning
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Restricted Boltzmann machine T

1
Z(n)

f(v,h;n) exp{aTv+bTh+vTWh} |

if just one binary top node, model for A | U
IS a logistic regression
with several binary top nodes, model for h; | v, h_;

IS also a logistic regression, with odds ratio depending
only on ()

deep learning has ~10 layers, with millions of units

In each layer

estimating parameters is an optimization problem
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Restricted Boltzmann machine
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Brendan Frey, Infinite Genomes Project

FieldsLive January 27 2015 Leung et al Bioinformatics 2014
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Some highlights

« Statistical Machine Learning
« Optimization

* Visualization

« Health Policy

« Social Policy
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Some highlights

Optimization

m@ax{% > log f(yi | zi;0) — Pa(6)}
i=1

Queen's University 31 March 2017
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Optimization

max{ 3" log f(y | 2::0) ~ PA(0))
1=1

lasso penalty  Pa(0) = Al|0]|1 = AX|0;]

10]|1 is convex relaxation of  ||0]]o

many interesting penalties are non-convex

optimization routines may not find global optimum

Queen's University 31 March 2017
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Optimization

max{ - log f(yi | 7i:6) — PA(6)}
1=1

- statistical error § — §* neighbourhood of true value

e approximation error

Logistic regression with non-convex regularizer

log error plot for logistic regression with SCAD, a = 3.7

05
‘—uplerr
0 —siat e

-0.5)

1] 500 1500 2000

1000
iteration count

0, — 0

iterating over t

Wainwright FieldsLive Jan 16 2015

Loh and Wainwright JMLR 2015

Queen's University 31 March 2017

21



Some highlights

« Statistical Machine Learning
* Optimization

* Visualization

« Health Policy

« Social Policy

Queen's University 31 March 2017
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Some highlights

 Visualization

Queen's University 31 March 2017
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http://innovis.cpsc.ucalgary.ca/Research/EdgeMaps
http://innovis.cpsc.ucalgary.ca

Visualization -

statistical graphics

— data representation

— data exploration i
— filtering, sampling aggregation i

o

Information visualization

scientific visualization

VISUAL

FUNKADELIC

cognitive science and design

Queen's University 31 March 2017 24


http://innovis.cpsc.ucalgary.ca/Research/EdgeMaps

Visualization KPMG Data Observatory, IC

KPMG Data Observatory

Queen's University 31 March 2017 25


https://www.imperial.ac.uk/data-science/kpmg-data-observatory-/visualisation-case-studies/

Visualization

Queen's University 31 March 2017

Clinton Fingerprint

Trump Fingerprint

Terrorism

KPMG Data Observatory, IC

Leisure

Law, Government

Technology

Positive
Feelings

Religion

Economy

26
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Visualization

fivethirtyeight.com

It's all about the 538 Electoral College votes

Here's a map of the country, with each state sized by its number of electoral votes and shaded by the leading
candidate's chance of winning it.

50% 60 70 80 90
KEY CLINTON'S CHANCES [ O ONEELECTORAL VOTE
TRUMP'S CHANCES s | |

Queen's University 31 March 2017 27


http://projects.fivethirtyeight.com/2016-election-forecast/

Visualization

fivethirtyeight.com

The winding path to 270 electoral votes

A candidate needs at least 270 electoral votes to clinch the White House. Here's where the race stands, with
the states ordered by the projected margin between the candidates — Clinton's strongest states are farthest
left, Trump's farthest right — and sized by the number of electoral votes they will award.

Arizona

Bpuoj4
Ohio

The candidate who gets
more than 269 electoral votes —

« Bigger Clinton margins enough to cross this line — wins Bigger Trump margins —

KEY — ONE ELECTORAL VOTE

Queen's University 31 March 2017 28


http://projects.fivethirtyeight.com/2016-election-forecast/

Visualization

fivethirtyeight.com

UPDATED 11:35 AM EDT | MAR 29, 2017

How unpopular is Donald Trump?

An updating calculation of the president's approval rating, accounting for each poll's quality,
recency, sample size and partisan lean. How this works »

DAY 69
80% '
All polls s
70
60 :
52 4% Disapprove
I o i
A ‘ g
% A ol
0% ™ TROER Y € Ble LA
o R, et e gy
30
20 :
FEB. MARCH APRIL MAY JUNE JuLy AUG. SEPT. OCT. NOV. DEC. JAN.
KEY  ESTIMATE—v--—PROJECTION TonAY LYEAR AVEARS

|
90% OF POLLS PROJECTED
TO FALL IN THIS RANGE
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https://projects.fivethirtyeight.com/trump-approval-ratings/

Visualization

How Trump compares with past presidents

© Approval rating Disapproval rating

Barack Obama 2009-17

80%

B va _
Ll

20

100 days 200 300

George HW. Bush 1989-93

B M

50

100 days 200 300

Gerald Ford 1974-77

20

100 days 200 300

Net approval

George W. Bush 2001-09

80%

50!

100 days 200 300

Ronald Reagan 1981-89

100 days 200 300

Richard Nixon 1969-74

80%

A — [

D ey

50

100 days 200 300

fivethirtyeight.com

69 DAYS 1YEAR 4 YEARS

Bill Clinton 1993-2001

100 days 200 300

Jimmy Carter 1977-81

20

100 days 200 300

Lyndon B. Johnson 1963-69

80% ™

50

N guns

100 days 200 300
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Some highlights

« Statistical Machine Learning
* Optimization

* Visualization

« Health Policy

« Social Policy
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Some highlights

|CES Data

« Health Policy

The ICES Data Repository consists of record-level, coded and linkable healt
encompasses much of the publicly funded administrative health services rec
Ontario population eligible for universal health coverage since 1986 and is Ci
integrating research-specific data, registries and surveys. Currently, the repc
health service records for as many as 13 million people.

Queen's University 31 March 2017 32



Health Policy Administrative Databases

;"'Q&b“/ fo
CESData ||| 2 052eoamezsm

08894
39T/ BN o —

1B/ /8

D84
The ICES Data Repository consists of record-level, coded and linkable health data sets. It
encompasses much of the publicly funded administrative health services records for the
Ontario population eligible for universal health coverage since 1986 and is capable of

integrating research-specific data, registries and surveys. Currently, the repository includes
health service records for as many as 13 million people.

Institute for Clinical and Evaluative Sciences

Queen's University 31 March 2017 33



Health Policy Administrative Databases

| WANT TO...

DATA & PRIVACY

|ICES Data

The ICES Data Repository consists of record-level, coded and linkable health data sets. It
encompasses much of the publicly funded administrative health services records for the
Ontario population eligible for universal health coverage since 1986 and is capable of
integrating research-specific data, registries and surveys. Currently, the repository includes
health service records for as many as 13 million people.

Institute for Clinical and Evaluative Scienc

Queen's University 31 March 2017 34



ICES Data Repository is globally unique
in scope and breadth

* Individual level: reflects people +« Breadth of services: most
and their heaith care publicly funded health
experiences services, some services

5 alth

» Linkable: once linked, provide '
information about continuity of /+ De-identified: Byique ICES
care Key Number _Zencrypted

« Longitudinal: most health care sard number
records over time since 1991 « Secure and Privacy Protected:

« Population based: health approved by Office of the
records of 13M people in Information and Privacy
2012: 4M Electronic Medical Commissioner
Records profiling 330,000
Ontarians

Thérése Stukel, ICES
@ 15505 0 P MR DD mces 3




Some highlights

« Statistical Machine Learning
* Optimization

* Visualization

« Health Policy

« Social Policy
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Some highlights

W, O L - 3.5 A
= NOWHERE'TO.HIDE? "
SPECIAL ISSUE The End Of = ~ )

I o
/ — 7 s 610) 2O
2 / 1585
Z
—
& = :‘ y i
y > %

« Social Policy

Carnegie
Mellon : k
University Journal of Privacy and Confidentiality

Home  About FAQ Policies My Account

Queen's University 31 March 2017 37


http://www.sciencemag.org/content/347/6221.cover-expansion
http://repository.cmu.edu/jpc/all_issues.html

ICES Data Repository is globally unique
in scope and breadth

* Individual level: reflects people +« Breadth of services: most
and their heaith care publicly funded health
experiences services, some services

5 alth

» Linkable: once linked, provide '
information about continuity of /+ De-identified: Byique ICES
care Key Number _Zencrypted

« Longitudinal: most health care sard number
records over time since 1991 « Secure and Privacy Protected:

« Population based: health approved by Office of the
records of 13M people in Information and Privacy
2012: 4M Electronic Medical Commissioner
Records profiling 330,000
Ontarians

Thérése Stukel, ICES
@ 15505 0 P MR DD mces 3




Privacy

« “Big Data and Innovation, Setting the Record Straight:

De-identification Does Work”
Privacy Commissioner of Ontario, July 2014

 “No silver bullet: De-identification still doesn’t work”
Narayan & Felten, July 2014

« Statistical Disclosure Limitation
 Differential Privacy
* Multi-party Communication

Carnegie
Mellon e iGN
University Journal of Privacy and Confidentiality

Home About FAQ Policies My Account

Queen's University 31 March 2017 39


https://www.ipc.on.ca/wp-content/uploads/Resources/pbd-de-identification_ITIF.pdf
https://iapp.org/resources/article/no-silver-bullet-de-identification-still-doesnt-work/
http://repository.cmu.edu/jpc/all_issues.html

Some highlights

« Statistical Machine Learning
* Optimization

* Visualization

 Health Policy

« Social Policy

* inference, environmental science, networks, genomics,
finance, physical sciences, software infrastructure, ...

Queen's University 31 March 2017 40



What did we learn?

ATIS
ARNIN

JANUARY - JUNE, 2015,

Statistical models for big data are complex,

high-dimensional
— Inference is well-studied, but difficult

— Ideas of statistical inference get lost in the machine

« Data owners understand 2., but not 1.

Queen's University 31 March 2017

Data modellers understand 1., but not 2.

Computational challenges include size and speed

Data science may be the best way to combine these

41




That was yesterday

« Data science programs “springing up like mushrooms
after rain”

HARVARDgazette

B SCIENCE & HEALTH > ENGINEERING &
TECHNOLOGY

Harvard launches
data science
Initiative

Francesca Dominici and David Parkes
named co-directors

« Berkeley, Hopkins, CMU, Washington, UBC, Toronto, ...

Queen's University 31 March 2017 42


http://news.harvard.edu/gazette/story/2017/03/harvard-launches-sweeping-data-science-initiative/

What is data science?

Data 8: Foundations of Data Science

¢ a Course? rnaslirtzjggcﬁ': Ani Adhikari
University of Toronto
* a set of courses? New Undergraduate Program Proposal

(This template has been developed in line with the University of Toronto’s Quality Assurance Process.)

 ajob?
LEARN DATA SCIENCE IN YOUR BROWSER

e atechnology?

 a new field of research?

Paris-Saclay
CJ Center for Data Science

 a collaboration? e I it I

Queen's University 31 March 2017 43



Data Science Program(s)

University of Toronto
e mathematical reasoning New Undergraduate Program Proposal

'This template has been developed in line with the University of Toronto’s Quality Assurance Process.)
« statistical theory
« statistical and machine learning methods
« programming and software development

 algorithms and data structure

e communication results and limitations

Queen's University 31 March 2017 44



LOS ‘ SUBMISSION http://arxiv.org/abs/1609.00037v1

Good Enough Practices in Scientific Computing

Greg Wilson!*", Jennifer Bryan®*, Karen Cranston®?#, Justin Kitzes*?,
Lex Nederbragt®*, Tracy K. Teal®*

1 Software Carpentry Foundation / gvwilson@software-carpentry.org

2 University of British Columbia / jenny@stat.ubc.ca

3 Duke University / karen.cranston@duke.edu

4 University of California, Berkeley / jkitzes@berkeley.edu

5 University of Oslo / lex.nederbragt@ibv.uio.no

6 Data Carpentry / tkteal@datacarpentry.org

T These authors contributed equally to this work.
* E-mail: Corresponding gvwilson@software-carpentry.org

Queen's University 31 March 2017 45


http://arxiv.org/abs/1609.00037v1

... Good Enough

« Data Management — from raw to ‘analysable’

knitr
« Software — programming
tidyr
« Collaboration
dplyr
* Project Organization
ggplot?
« Keeping Track
ggvis

« Writing Github

Queen's University 31 March 2017 46



Data Science Research

data collection and data quality

large N, small p
— computational strategies, e.g. Spark, Hadoop
— divide and conquer

small n, large p

— Inferential and computational strategies
— dimension reduction

— post-selection inference

— Inference for extremes

* ‘new’ types of data: networks, graphs, text, images, ...
— “alternative sources”

Queen's University 31 March 2017 47


https://www.nsf.gov/pubs/2016/nsf16615/nsf16615.htm

... Data Science Research

 collaboration and communication

« data wrangling, database development, record linkage,
privacy

 replicability, reproducibility, new workflows

e visualization

e outside the ivory tower -- industry, government,
media, public

Queen's University 31 March 2017 48



Tripods (Transdisc Research in Princ...)

Fundamental research areas that may be a part of the
focus of a transdisciplinary collaboration under this
solicitation include, but are not limited to:

« Combinatorial inference on complex structures;

« Tradeoffs between computational costs and statistical
efficiency;,

 Randomized numerical linear algebra;

* Representation theory and non-commutative harmonic
analysis;

« Topological data analysis (TDA) and homological
algebra; and

« Multiple areas in machine learning including deep
learning.

Queen's University 31 March 2017 49


https://www.nsf.gov/pubs/2016/nsf16615/nsf16615.htm

Published Feb 2016

Chapman & Hall/CRC |.  General Perspectives

Handbooks of Modern

Statistical Methods |. Data-Centric, Exploratory Methods
Efficient Algorithms
Handbook of
T @) Pzl |l Graph Approaches
S . Model Fitting and Regularization

Peter Biihlmann
Petros Drineas

Michael Kane . Ensemble Methods

Mark van der Laan

Causal Inference

CRC Press
Taylor & Francs Cooup
A CHAPMAN & HALL 800K

Targeted Learning

Queen's University 31 March 2017 50



The push back

ggd aa <€) Weapons of math destruction: how

ceweekly  big data and algorithms affect our lives -

podcast

WS More or Less: Algorithms, Crime and
Punishment

When maths can get you locked up.

2 ¥ o P

Available now
® 9 minutes

L5

“If the assessment never asks about race,

how could the algorithm throw up racially
biased results?”

“Credit scores are used by nearly
half of American employers to
screen potential employees”

i/
\ WEAP[]NS ]://

~ MATH DESTRUCTION
=

P,

s
==

.
— 2 L 4

HOW BIG DATA INCREASES INEQUALITY
AND THREATENS DEMOCRACY

~
CATHY 0°NEIL e

7
/0 R AN

How big data threatens democracy and increases inequality

Queen's University 31 March 2017
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The push back

Big data in social sciences: a promise betrayed ?
Posted on March 22, 2017

In just 5 years, the mood at conferences on social science and big data has shifted, at least
in France. Back in the early 2010s, these venues were buzzing with exchanges about the
characteristics of the “revolution” (the 4Vs) with participants marveling at the research
insights afforded by the use of tweets, website ratings, Facebook likes, Ebay prices or

“Big data is neither easier nor faster nor cheaper”
“Building a database doesn’t create its own uses”

My impression was that there is a sense in which ML is to statistics
what robotization is to society: a job threat demanding a

comgelling reexamination of what is left for human statisticians to do,

Queen's University 31 March 2017 52


https://beatricecherrier.wordpress.com/2017/03/22/are-the-promises-of-big-data-in-social-sciences-being-betrayed/

Privacy

© MAZKZ ANDEZSON, WWW.ANDERTOONS.COM

“Before I write my name on the board, I'll need to know
how you’re planning to use that data.”

Queen's University 31 March 2017 53



Privacy

A signin ‘-.4 become a supporter = subscribe O\ search jobs dating more~ International edition ¥
-

theguardian

M UK world sport football opinion culture business lifestyle fashion environment tech travel = all sections

home

PublicLeaders - How do you feel about the government

Network

aobalpwbiic  sharing our personal data? - livechat

leaders

March 29

Facial recognition database used by FBI
is out of control, House committee hears

Database contains photos of half of US adults without consent, and algorithm is

wrong nearly 15% of time and is more likely to misidentify black people March 27

Queen's University 31 March 2017 54


https://www.theguardian.com/technology/2017/mar/27/us-facial-recognition-database-fbi-drivers-licenses-passports
https://www.theguardian.com/public-leaders-network/2017/mar/21/government-sharing-private-data-livechat?platform=hootsuite

The push back

RSS 2014 Significance Lecture - The Big Data trap

Queen's University 31 March 2017



The push back

Big data: are we making
a big mistake?

Economist, journalist and broadcaster Tim Harford delivered the 2014 Significance
lecture at the Royal Statistical Society International Conference. In this article,
republished from the Financial Times, Harford warns us not to forget the statistical

“Big data” has arrived, but big insights have not

Queen's University 31 March 2017 56


http://onlinelibrary.wiley.com/store/10.1111/j.1740-9713.2014.00778.x/asset/sign778.pdf?v=1&t=i4oxmb4m&s=417f3c38b375fdf793142302b2c681fe2076d478

“A range of other problems”

“‘while | do think of neural networks
as one important tool in the toolbox,
| find myself surprisingly rarely
going to that tool when I'm
consulting out in industry.

| find that industry people are often Michael Jordan, UC Berkeley
looking to solve a range of other

problems, often not involving

“pattern recognition” problems”

accurate answers quickly; meaningful error bars; merge various
data sources; visualize and present conclusions; diagnostics; non-
stationarity; targetted experiments within databases

Queen's University 31 March 2017 57



Caution can be a good thing

AT C/,
WEAPUNS OF

~. MATH DESTRUETIUN
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HOW BIG DATA INCREASES INEQUALITY

CATHY 0°NEIL

7 EEAN

“Digital Hippocratic Oath”

Queen's University 31 March 2017
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Caution can be a good thing Guardian 2 July 2016

“...from data we will get the cure for cancer as well as
better hospitals;

schools that adapt to children’s needs making them
happier and smarter;

better policing and safer homes;

and of course jobs.”

Queen's University 31 March 2017 59



Big Data 2013

Gartner Hype Cycle

Internet ¢ '
Speech-1o-Speech Traneat ] Database Management Systems
Mobile Robots — - al Assistants
30 Scanners

Neurobusiness

Blochips
Autonomous Vehidles

\ Augmented Reality
Prescriptive Analyics Machine-to-Machine Communication Services et L Prediciive Analytics
Affective 28‘:"9“"9 Mobie Health Monitoring Speech Recognmon
Electr avon Y —NFC cation
Volumetric and Holographic Displays : | : Dot
: : esh Networks: Sensor Consumer Telematics
Human Augmentation
c computerinted ace v Cloud Biometnc Authentication Methods
30 Bioprinting — & Quantified Self Computing & Enterprise 30 Printing
Quantum Computing Y Ges?uclwgost:.um
In-Memory Analytics
SmanDust Virtual Reality
Bioacoustic Sensing As of July 2013
July
Inng °" : b e, Slope of Enlightenment Pmducﬁ:i:y
>
Plateau will be reached in: obsolete

Olessthan2years ©2toSyears @5to10 years A morethan 10 years @ before plateau
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http://www.gartner.com/newsroom/id/2575515

Big Data

expectations

4

2014
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Speech-to-Speech Translation it

‘Autonomous Vehicles P “30 Prinfing
SmantAdvsors brocessing
Data Scien

Prescriptive Analytics fse Management Systems
Neurobusiness x S Content An

Biochips

Affective Computing - ’g::‘?ﬂg%‘;gmmmno A

. SmartRobots Augmented Reality Speech Recognition

3D Bioprinting Systems Machine-to-Machine o Consumer Telematics
Volumetric and Holographic Displays / Communication 3D Scanners
Software-Defined Anything Sernvices @
Quantum Computing ; . i
Human Augmentation —g" o antified Selr Montoing 7] ERMD18 & 30 FYiing
Brain-Computer Interface . Activity Streams
Connected Home " Y In-Memory Analytics
‘ Cloud Com NF(? Gesture Control
Virtual Personal Assistants martW Virtual Reality
Digital Security SmaTHokanace
Bioacoustic Sensing A
As of July 2014
Innovation Peak ¢ Trough of ; Plateau of
Trigger Ex:aneft‘::; L ns Disillusionment Slope of Enlightenment Productivity
'
Plateau will be reached in: obsolete

Olessthan 2years ©2toS5years @ 510 10 years

~ -

A morethan 10 years @ before plateau



Big Data 2015
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Gartner Hype Cycle 2016

expectations vogehe EpatAdvson
Connected Home & e Leaming .
Blockehain Software-Defined Security
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Gesture Conltrol Devices

O Software- OofmdAnmﬂO (SDx)
| loT Platiorm

] Smart Data
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