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Future Trends in Data Analytics

‘ Hannes Voigt



General Information ‘5:32%55; Riarabse

LECTURE NOTES

= Further information on our website http://wwwdb.inf.tu-dresden.de
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Welcome to the website of the Chair of Databases! QUICK ACCESS

The Database Systems Group Dresden (Chair of Database) at the Institute of System Architecture of the Faculty of Computer
TEcHNIsCHE Science at TU Dresden was established in 2002 and is lead by Prof. Wolfgang Lehner.
Qe —

Research activities conducted by the database systems group focus on the problem of adding application-specific functionality to
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Future is Now

» ., face detection & recogition, autobeam,
Siri/Cortant/..., 3D printing, ...
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... tomorrow?

SOONER THEN YOU THINK!
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Exponential Growth

OUTNUMBERS EVERYTHING ELSE QUICKLY

= Asymptotic advantage
» Quickly increasing add-on

| BILLION | NUMBER OF
[ (OMPUTERS
| NN} CREATED NUMBER OF COMPUTERS
! DESTROYVED BY HURLING
1000k THEM INTO JUPITER
100F GAULED JONO
0 (gg&%o\czf?g{ft\’k (w/«'r:‘;quu)
! o o St
(960 1980 2000 2020
NASA NEEDS TO PICK UP THE PACE IF
THEY EVER WANT To FiNISH THE JOB.

[http://xkcd.com/1727/]
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LEADS TO SURPRISING RESULTS

Progress

= Black swans in economic crisis
» Shooting stars in business, media, sport, etc.

| did not expect this!

%C— Where you actually end up in the future

My life s so &— Exponential growth surprise factor
4 Where you think you will end up in the future
—
=2 y 2retire.com/2016/06/c Stive -te FOW
L. [http://roadmap?2retire.com/2016/06/disruptive-technologies-exponential-growth/]

Time




Second Half of the Chessboard

WHEN EXPONENTIAL GROWTH REALLY KICKS IN

©

According to Ray Kurzweil

Things start to get interesting in the second
half of the chess board

Beyond 4G numbers quickly go beyond
human intuition

What happens in the second half can hardly
foreseen

WHEN COMPUTERS EXCEED.
HUMAN INTELLIGENCE

THE AGE OF
SPIRITUAL
MACHINES

(1]
RAY KURZWEIL
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256 | 512 | 1024 (2048

65536 131K 262K 524K

33M | 67M [134M

8G [ 17G | 3¢ ; 157G 274G 549G

S5 70T [140T

https://en.wikipedia.org/wiki/File:Wheat_C sboard_with_line.svg




Moore’s Law — The number of transistors on integrated circuit chips (1971-2016) SUs4E

- f
Moore's law describes the empirical regularity that the number of transistors on integrated circuits doubles approximately every two years. Dt NS Dresden Database
This advancement is important as other aspects of technological progress — such as processing speed or the price of electronic products — are Systems Group
strongly linked to Moore's law.
20,000,000,000
v ’ 4 IBM 213 Storage Controller.
10,000,000,000 18-core Xeon Haswell-E5 SPARC M1

@ 22-core Xeon Broadwell-ES

N
Xbox One main SoC. ?
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Year of introduction
Data source: Wikipedia (https://en.wikipedia.org/wiki/Transistor_count)
The data visualization is available at OurWorldinData.org. There you find more visualizations and research on this topic. Licensed under CC-BY-SA by the author Max Roser.
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Everything is Digital 03!&2%2& Parasise

WORLD’'S CAPACITY TO STORE INFORMATION WORLD'S CAPACITY TO TELECOMMUNICATE
94% DIGITAL IN 2007 99% DIGITAL IN 2007

1% 1% 1%

LOE+14 -

(MB)

1O0E+13

03
Sk - Dgtal  Digital
e @ Intemet fixed

= Fixed (voice) phone digital
% Mobile (data) phone digital
= Mobile (voice) phone digital

LOE+11 T T

1986 1993 2000 2007

[M. Hilbert and P. Lopez, The World's Technological Capacity to Store, Communicate, and Compute Information, Science, 332, April 2011, DOI: 10.1126/science.1200970]
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Everything is Digital QP szt Dambase
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Landscape has changed Gg;emiggppoatabase

FROM ISLANDS OF DIGITAL DATA ... ... TO PONDS OF ANALOG SIGNALS

(Tuamotu Archipelago, French Polynesia) (Algonquin Provincial Park, Ontario, Canada)

(DR 14
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Everything is Digital

[http://blog.acronis.com/posts/data-everything-8-noble-truths]
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Example: @waze
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OUTSMARTING TRAFFIC, TOGETHER

CAR ROUTING APP THAT TURNS EVERY USER INTO A SENSOR

= Provides real-time traffic information
= | earns from users about traffic flow
» Crowd-sourcing of traffic information

= User can post alerts about
- speed traps,
- accidents,
- traffic jams,
- and even gas prices

w7

L A

TECHNISCHE
UNIVERSITAT
DRESDEN

o AemSmeteae s s ————Sy e
RSSO N S L T

CEABISUSt = =

ONCOUrse  gxterior St

Heritage

j/ Macombs; -

Dam Parkjl [ W_149tt

W / 3 MacombsP I

\ {Eédgr@c.ogu |
A
Rra

[http://www.digitaltrends.com/cars/wazes-connected-citizens-program-turn-sunday-driver-ally/




Exam P le: @ waze 6 Pﬁffi‘gﬁﬂ Database

OUTSMARTING TRAFFIC, TOGETHER

CAR ROUTING APP THAT TURNS EVERY USER INTO A SENSOR a\m *

= Provides real-time traffic information
= | earns from users about traffic flow
» Crowd-sourcing of traffic information

= User can post alerts about
- speed traps,
- accidents,
- traffic jarp

it el Young
ayground

W 149ttt

/ Macombs PI

/\\///
L Q <}
_ N\ ¥

[http://www.digitaltrends.com/cars/wazes-connected-citizens-program-turn-sunday-driver-ally
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NAVTEQ

Tele Atlas
- founded 1985
TomTom Navigator, 2002 founded 1985 as Karlin & Collins, Inc.

Waze Ingredients

= Digital road maps

Car navigation and routing
GPS/GPS car navigation
Mobile broadband
PDAs/Smart Phones

PSN-8 Manpack GPS Receiver
used in Operation Desert Storm
in 1991

o N EX
92

2000 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010

Pobular s
science™

Here

MPUTERIZED NAVIGATOR
FOR YOUR CAR o

Electronic and motion sensor
give pi

UMTS-Nutzer bis 2010 (in Mio.) s 0
npoint accuracy

® Mobilfunkanschlisse

& Lt
14 ingenious fasteners

you di know you needed

Newton, 1993 iPhone 1, 2007

UMTS auction in 2000

UMTS available in 2004
) Shivereiist 19

DRESDEN

Etak Navigator, 1985
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Waze Ingredients

ALL INGREDIENTS HAVE EXISTED LONG BEFORE

= Digital road maps
Car navigation and routing
GPS/GPS car navigation
Mobile broadband
PDAs/Smart Phones

NAVTEQ

Tele Atlac
founded 1985

TomTom Navigator, 200 '3 as Karlin & Collins, Inc.

sc|ence
%y%kgfgmwmm

Electronic and motion sensor
give pinpoint 50-foot accuracy

& L
14 ingenious fasfeniers

Ters
2000 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 S50, you didn't know you needed

: UMTS auction in 2000 Etak Navigator, 1985
Newton, 1993 iPhone 1, 2007 UMTS available in 2004

TECHNISCHE
UNIVERSITAT
@ DRESDEN 2 O
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THE
QUARTERLY JOURNAL
INNOVATION IS RECOMBINATION OF ECONOMICS
OF EXISTING IDEAS \k)l. CXIIT May 1998 Issue 2

RECOMBINANT GROWTH*

= Possibilities explode
quickly

MAaRTIN L. WEITZMAN

This paper attempts to provide microfoundations for the knowledge produc-
ade

= But we got way better
In processing ideas

kaggle \\

\.\?,é/:}‘INNOCENTIVE

.[Tlhe ultimate limits to
growth lie not so much in
our ability to generate new
ideas as:in our-ability to
process an abundance of
potentially new ideas into
usable form.”

TECHNISCHE

UNIVERSITAT
@ DRESDEN 2 1
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Big Data

"Bi6* DATA 1S SO SAD.
WiTH ME, Yo wiL 6ET
"YUBE" PATA, AND WE wiLL
MAKE DATA GREAT AGAINY

TECHNISC‘;
UNIVERSIT)
DRESDEN



Big Data term reflects the three drivers

EXPONENTIAL GROWTH DIGITIZATION
* peyond intuition = Everything is digital data
= second half of the » Analog signals are not part
chessboard of big data

(R =22 2
B 29 2275 g B
e s Chi e s

Y
é Dresden Database
Systems Group

RECOMBINANT INNOVATION

= explosion of ideas

= all somehow seem to be
part of big data

Fuzziness of the term

TECHNISCHE
UNIVERSITAT
DRESDEN
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THE PETABYTE AGE » THE ZETTABYTE AGE
THE INTERNET &

= 2008 = 2015

A PETABYTE = One Zettabyte = 2015
Stack of book
IS A LOT frtoarf’] anrt}’?toos wh t does internet traffic look like right now?

IS THE DAWN OF THE ZETTABYTE ERA

O l: D ATA Pluto 20 times But how much data are we talking about?

2O MILLION 4 - 2
‘%Mﬁéﬁs THE INTERNET IN 2020 s
~:" ) FACEBOOK = ~26.3 billion i
= networked devices
= 251 GB average FILE \nnsn wes vnnEo Vol
» Eric Schmidt (in 2010): traffic per capita T WO U D TAKE
Every 2 Days We Create As per month OVER 5 YEARS
“D",‘éCS 'ﬁor%gison As We " 2.3 Zettabytes ol malale el 0 WATCH THE AMOUNT OF VIDEO
_ THAT WILL CROSS GLOBAL NETWORKS
id Up To annual IP-Traffic i EVERY SECOND IN 2015

TECHNISCHE
@ UNIVERSITAT 2 4
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Data is produced continuously » Velocity »P,,misgf’atabase

HUMANE-PRODUCED DATA

= ~300 million email sent/received per minute in 2016

= >0.4 million tweets per minute in 2016

= ~138 million google searches per minute in 2016

» >400 hours of video was uploaded to YouTube per minute in 2016

MACHINE PRODUCED DATA

= |oT will be boost data velocity greatly

Sensors become ubiquitous

Sensors for sound, images, position, motion, temperature, pressure, etc ...
Resolution (in time and space) is continuously increasing

Assume Waze like cars collecting 20 double values every second
With one million driving cars that is almost 10 TB every minute

TECHNISCHE
@ UNIVERSITAT 2 5
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Everything is data » Variety

DATA FROM ALL KINDS OF DIGITAL SOURCES

» Structure vs. unstructured

= Text vs. image

» Curated vs. automatically collected
= Raw vs. edited vs. refined

SEMANTIC HETEROGENITY

» Decentralized content generation

» Multiple perspectives (conceptualizations) of
the reality

= Ambiguity, vagueness, inconsistency

A lot of Big Data is a lot of small data put togeth

A
0 Dresden Database
Systems Group
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Data is messy » Veracity
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IM FILLING OUT
A READER SURVEY
FOR CHEWING
MAGAZINE.

QUALITY OF CAPTURED DATA VARIES GREATLY

= Sensor inaccuracy
» Human mistakes
» |ncompleteness
» Untrusted sources

SEE, THEY ASKED HOW MUCH MONEX THIS MASAZINE SHOULD ) I LOVE
T SPEND ON GUM EACH WEEK, SO T HAVE SOME AMUSING MESSING
WROTE, "$500." FOR MY AGE, I AT WITH DATA.
437 AND WMEN THEY ASKED WHAT MY
FAVOR\TE FLANOR IS, I WROTE

T GARLIC/ CURRY

HEAPUAS 501G REONUN AQ ISIQUOSINEM 5661 O

» Deterministic processes
= efc.

‘Next to the analytes, we see everything in the
results, from the perfume of the lab assistant to

the softener in the new machine sitting next.”

—About Liquid chromatography—
mass spectrometry at IPB Halle

lonization probe

/ Desolvation area Inletlens
Main rod
; Skimmer Pre-rod Detector
wi

2 o
lon scattering i
Octapole | # einted. resuiting in
improved sensitity
lon source @optics

TECHNISCHE Qarray®of Quadrupole rod
UNIVERSITAT

DRESDEN

iInformabion
managemenﬁ —

BIG DATA & DATA MDM & DATA INFRASTRUCTURE | INFO STRATEGY | SECURITY
ANALYTICS Y MAMNAGEMENT ¥ GOVERNANCE v V | &LEADERSHIP ¥ o

GET BREAKING NEWS TO YOUR INBOX PLUS MORE EXCLUSIVE BENEFITS! BECOME A REGISTERED ME!

Messy Big Data Overwhelms Data Scientists

by BOB VIOLINO
FEB 20, 2015 2:00pm ET

Data scientists see messy, disorganized data as a major hurdle preventing them

= print from doing what they find most interesting in their jobs: predictive analysis and

B i data mining for behavioral patterns and future trends, according to a new report
from CrowdFlower, a data enrichment platform provider.

B Reprints

A majority of the 153 CrowdFlower online research panel members surveyed

7 comments (2)  (80%) also acknowledged the skills shortage within their field. The respondents
waork for companies of varied sizes and sectors, mostly in the U.S. All
respondents have the term "data scientist” in their job title or job description on
Linkedin, CrowdFlower says.



It's estimated that

40 ZETTABYTES

( 43 TRILLION GIGABYTES | [OF 005 2.5 QUINTILLION BYTES

of data will be created by ©) [ 23 TRILLION GIGABYTES e
2020, an increase of 300 of data are created each day

times from 2005 2020 O

FOURV’s
of Big
Data

b
Ei}t ,:l

6 BILLION
PEOPLE
have cell
phones

ady

Most companies in the
U.S, have at least

100 TERABYTES
{ 100,000 GIGABYTES |
of data stored

reak big data Into four dime
Velocity, Variety and Veracity

The New York Stock Exchange Modern cars have close to

captres . 100 SENSORS
1 TB OF TRADE 6 (0 X®) vat monior tems e
'NFURMA‘”UN > fuel level and tire pressure

during each trading session

Velocity

ANALYSIS OF
STREAMING DATA

4.4 MILLION IT JOBS

k

By 2016, it is projected
there will be

18.9 BILLION

NETWORK
connecTions YYYYYY

i 1999911221

As of 2011, the global size of
data in healthcare was
estimated to be

150 EXABYTES

161 BILLION GISABYTES

30 BILLION
PIECES OF CONTENT

are shared on Facebook
every month

1IN3
LEADERS

don’t trust the information
they use to make decisions

in one survey were unsure of
how much of their data was
inaccurate

By 2014, it's anticipated
there will be

420 MILLION
WEARABLE, WIRELESS
HEALTH MONITORS

4 BILLION+
HOURS OF VIDED

are watched on
YouTube each month

400 MILLION TWEETS

are sent per day by about 200
million monthly active users

Poor data quality costs the US
economy around

$3.1 TRILLION A YEAR

Veracity

UNCERTAINTY
OF DATA

Souscam HciCinmey ol Institote; Yektier, Cec, Gainer, EMG: 3. 1OM, MEFTER OAS [http://www.ibmbigdatahub.com/infographic/four-vs-big-data]
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Value - the fifth v
of Blg Data

Data Science/Data Analysis

... or how ko turi raw data into something valuable?

‘Data is the new oll. It's valuable, but if unrefined it cannot really be
used. It has to be changed into gas, plastic, chemicals, etc. to
create a valuable entity that drives profitable activity; so must data
be broken down, analyzed for it to have value.” —Clive Humby



Levels of Analysis

>

How can we achieve the best outcome
including the effects of variability?

Stochastic Optimization

S

How can we achieve the best
et outcome?

Prescriptive

Predictive modeling at will happen next if ?

Competitive Advantage

What if these trends continue?

Predictive

What could happen.... ?

What actions are needed?

What exactly is the problem?

How many, how often, where?

What happened?

Descriptive

Degree of Complexity

Based on: Competing on Analytics, Davenport and Hams, 2007

Dresden Database
Systems Group

-

J \

— Analytics

~ Reporting
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Descriptive Analytics »5&2&2 patabase

How HAVE | DONE? (AND WHY?)

= Simplest class of analytics

» Condense big data into smaller, more useful bits of information
= Summary of what happened

= 70-80% penetration

EXAMPLES

= Database aggregation queries

» Business reporting (e.g. Sales figures)

Market survey (e.g. GFK)

(classical) business intelligence, dashboards, scorecards
Google Analytics

TECHNISCHE
@ UNIVERSITAT 3 1

DRESDEN
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U.S. Petroleum Net Imports, 1950-2040
%illion barrels per day

Actual Projected

How wiLL | DO?

15 1 //
-~ 2006 Forecast

= Next step up in data reduction

= Studies recent and historical data et T==-mnae-

= Utilizes a variety of statistical, modeling, data 5 1 eemmgm—
mining and machine learning techniques
= Allows (potential inaccurate) predictions about the future g
Source: EIA

= Use data you have, to create data you do not have
» 15-25% penetration

EXAMPLES

» Market developments
. Stoclk developments | | Fillin the i 5
» Movie/product recommendations on netflix/amazon blanks !
» Energy demand and supply forecasting
» Preditive policing (e.g. precobs, predpol) Michael ?

Alice ? WA AN WA

TECHNISCHE
UNIVERSITAT
@ DRESDEN 3 2
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On-Road Integrated PENRER

Optimization and Navigation

Prescriptive Analytics

WHAT SHOULD | DO?

» Predicts "multiple futures” based on the potential actions

= Recommends the best course of action for any
pre-specified outcome

= Typically involves a feedback system to track outcome
produced by the action taken

» Utilizes predictive methods + optimization techniques

= 1-5% penetration pmeMsa
100 million miles anewsally,

i metric
tons of CO2 each year. That is
taLaking 21,000

EXAMPLES

» Energy load balancing by flexoffer scheduling
Inventory optimization in supply chains
Targeted marketing campaign optimization
Focus treatment of clinical obesity in health care
Waze-like car navigation

TECHNISC%
UNIVERSIT)

DRESDEN
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Same same but different ‘



From Business Intelligence to Data Science

CHARACTERISTICS OF BUSINESS INTELLIGENCE (BI)

= Provides pre-created dashboards for management
Repeated visualization of well known analysis steps
Deals with structured data

Typically data is generated within the organization
Central data storage (vs. multiple data silos)
Handled well by specialized database techniques

TYPICAL TYPES OF QUESTIONS AND INSIGHT

Customer service data: “what business causes customer wait times”
Sales and marketing data: “which marketing is most effective”
Operational data: “efficiency of the help desk”

Employee performance data: “who is most/least productive”

/&
é Dresden Database
Systems Group
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UNIVERSITAT
DRESDEN
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Levels of Analysis

>

How can we achieve the best outcome
including the effects of variability?

Stochastic Optimization

S

How can we achieve the best
et outcome?

Prescriptive

Predictive modeling at will happen next if ?

Competitive Advantage

What if these trends continue?

Predictive

What could happen.... ?

What actions are needed?

What exactly is the problem?

How many, how often, where?

What happened?

Descriptive

Degree of Complexity

Based on: Competing on Analytics, Davenport and Hams, 2007

Dresden Database
Systems Group

-

J \

— Analytics

~ Reporting
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From Data Warehouse to Data Lake ‘3!3%‘252 Haraldse

WITH CHEAP STORAGE COSTS, PEOPLE PROMOTE THE CONCEPT OF THE DATA LAKE

» Combines data from many sources and of any type
= Allows for conducting future analysis and not miss any opportunity

COLLECT EVERYTHING

= All data, both raw sources over extended periods of time as well as any processed data
» Decide during analysis which data is important, e.g., no “schema” until read

DIVE IN ANYWHERE
= Enable users across multiple business units to refine,
explore and enrich data on their terms
FLEXIBLE ACCESS

= Enable multiple data access patterns across a shared
infrastructure: batch, interactive, online, search, and others

TECHNISCHE
@ UNIVERSITAT 3 7
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Roles in Big Data Projects

DATA SCIENTIST

©

Data science is a systematic method
dedicated to knowledge discovery via data
analysis

In business, optimize organizational
processes for efficiency

In science, analyze
experimental/observational data to derive
results

= Typical skills

- Statistics + (mathematics) background

- Computer science: Programming, e.g.: R, (SAS,)
Java, Scala, Python; Machine learning

- Some domain knowledge for the problem to solve

TECHNISCHE

UNIVERSITAT

DRESDEN

/" \
é Dresden Database
Systems Group

DATA ENGINEER

Data engineering is the domain that develops
and provides systems for managing and
analyzing big data

Build modular and scalable data platforms for
data scientists

Deploy big data solutions

Typical skills

- Computer science background

- Databases

- Software engineering

- Massively parallel processing

- Real-time processing

- Languages: C++, Java, (Scala,) Python

- Understand performance factors and limitations
of systems

38
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Our Focus in Teaching in Research ‘




Levels of Analysis 6

4

How can we achieve the best outcome
including the effects of variability?

~Stochastic Optimization

Prescriptive
How can we achieve the best

outcome?

Optimization

Predictive modeling at will happen next if ?

What if these trends continue?

How many, how often, where? Descriptive

What happened?

Degree of Complexity

Dresden Database
Systems Group

—

J \

— Analytics

~ Reporting

@ Eﬁﬁ Based on: Competing on Analytics, Davenport and Hamis, 2007
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Big Data Landscapel(s i

Big Data Landscape 2016 (Version 3.0)

Infrastructure Analytics Applications

Hadoop Hadoop in spark )( Cluster services ) [ P:‘f::'vsi An;MI“‘ ( l’::a;‘ie"w \( visualization ) [ Sales & ing ) [Customer Service g'"l\;': Legal )
On-Premise the Cloud atforms || Platforms latforms . RADIUS’ Gainsight ME| P!
4 o H+abl DALLIA
cloudera . . sn QPalantir |[82 Micosot| o & oscssse || B Bbloomooch Zeté> R#mm i B | Rave
A avasor || guavus || Alpine g, v livefyred il W W
Pivotal Quid D atameer || g oo oy A2 biueynnd;r “ilattice || M cuicikrox || connectiier
e = 4 _infer sucTHRU || @ sTasevie PE
. dota) rr Jtextic]
T @, || sottiensse || S0 .(;um a o | -
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=¥ splice kibsna
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Graph MPP Data Data ) (‘Real-Time |(Machine Learning)(Speech & NLP )( Horizontal A1 ) @%b foedzal #oNFYD ata )
Databases || Databases Transformation | |Integration P " ~N /- : ~N
F
®neoul TERADATA alteryx | |informatica B e Woo P‘{rl:::rr Goggl::;l:lon Affirm Igmnce lub
RTICH pine p T :
h= U stalend 0 Hotesor Estriim | Outbrain OnDeck> .Kreditech
W mereza ; v Taboola || @ OPENGOY s L 09 Kobbess
: naplogic | | szannumn [| %@ mdmemr e oo Sorce Lendllp B Kabbag:
~Orianton kognitio e e | quantcast ||  [PN]FiscalNote udemark ) INSIKT
itesne ) {90500 Erwms dstaArtisans || w10 gy i Tchartbeat Z UOrG BDatamine A% Leddo
qn.mv U » - A yieldbot' D-...m o5 %
Management [ Security crowd- | Search )(Data Services)(For Business) (" Web / Mobile 65 Opectiutasot K;Ni:ﬁibm © serent
/ Monitoring STANIUM sourcing @) o ORACE @ OPERA Analysts / Commerce \_ Yiedmo J{__ ¥ Quantop: )
o 'Eﬁ?.ms ﬁ'n,‘m_m Ocw —— Aexme 3 N Organi e C":“:Slc il Educa(lon/‘ (7 Life Sciences Industries )
el B thckimote s Kext|| cearstoy s Learning o OREMES: @Hamony
tiDataGravity || panasas. 5 o 228 m,‘.,,.a. sLuecos| o # Counsyl Ne
P Cshwiu == ¥ dastc B o] -0 iy ranity | |7 X418 || epecomtive . || Retail m>
srim pasate bt 3
weECTRA || coHo F omm | [Mannia @ swittype) kéq:lﬁ e CIRRO Clever «aoss  FLATIRON || s71TeH Fix o
sayri < Puetien ey FWarkFusion Al i e = < retention custoral ®
4 Rouma J| omvn ") (Algotia siizous J_ oatangJ(_imeort@ |3 3) | @eclara Ouron 2ERHYR ucmr::ss et
Cross-Infrastructure/Analytics IO | Gingeeio = romscriec Glow [ #tcecs (EEIIED © e
know® || @enie @Aicwe N, o J| wistatmuse  BEXEVER )

amazon Google B Microsot TE 5 T 65aS JHl8 () oo ERTG) vimware TIBCA Toraoaih ORACLE Ml Netaon:

Open Source

Machine Learning Search Security
M Apsche @SINGA m“;h re Apache Ranger

Stat Tools

Framework Query / Data Flow Data Access Coordination |( Real-Time

% Paor 9 sccumue
YARN . % = O mongon | = smwspo,ff Scalalab ‘catte TR )
Mesos = 2 X - e CNTK s isualizati
SpmiI TEZN L 3@990 Hg‘“’:“‘: mw Q @rink e .ﬂ-‘ Fastinsrs Solr® wsuatg.on
‘nm& @coap sriak 5§ cewomeo® O s )| 1000008 ) i) | G sciy J(VELES s LA || onna ——
Data Sources & APIs Incubators & Schools
(s Health i o1 Financial & Economic Data Air / Space / Sea Locauon / People / Entities Other ® °
¢ Bloom| i i PLuRALSIORT
JAWBONE GARMIN 3 Bloomberg D ;wom 9 spire || acxiem i Experian ? "“""‘.esr"“| [\ s | Datacame NSGHT,
tagpractcetusen < fitbit | @ ([ oo || v@DLEE "] PREMISE '@ CAPTALIQ *‘f"‘“"“‘l~ GARMIN (RrEgrem s A
Withings -V' VALIDIC (valmo /\/ ' [#lquandl xignite E2CBIo- =he o || €8 comecaenazen @pcsmes -lacluul Flace{® panjiv; <4 Datatlite
\__ Ykinsg  @memman i Szey7 1ot StockTwits Gestimize @m— = Airware (7) oeneoesioy )| () CRCUNTE (0 placomater [ BASIS (&5 || SHOTAGDY || &2 meamsmases S0
Last Updated 3/23/2016 © Matt Turck (@mattturck), Jim Hao (@jimrhao), & FirstMark Capital (@firstmarkcap) FIRSTMARK

O : 41



Data Systems

DATA SYSTEMS ARE IN THE MIDDLE OF ALL THIS

A DATA SYSTEM...

= .stores data...
= . provides access to data...
» _.and (ideally) makes data analysis easy

DIFFERENT DATA SYSTEMS USE DIFFERENT DATA MODELS

O

big data

Dresden Database
Systems Group
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(Big) Data System Landscape(s)
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- A
Graph Building Blocks é&f&i‘éﬁﬂ Haraldse

NODES (DOTS) EDGES (LINES)
= Like an entity in ER = Like a relationship in ER
= Exist on their own = Exist only between nodes
» Have object identity » |dentity depends on the
nodes they connect
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UNIVERSITAT
® DRESDEN 4 5



Graph Data — Social Network

/&
O Dresden Database
Systems Group

46



Graph Data — Social Network
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Graph Data — Social Network
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Graph Data
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Social Graphs

FACEBOOK
= May 2013

CONTENT ITEMS SHARED

LIKES

45 BlLLlU{N \
f !z’é

MONTHLY ACTIVE USERS

111

VU

LION

AAAAAAA

Systems Group

- e
NUMBER OF PROMOTED POSTS MADE FROM JUNE 2012 T0 MAY 2013

Dresden Database
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Graph Data
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Graph Data
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Graph Data
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A
Structured Search ‘Dres‘je" Rarabase

EXAMPLE: FACEBOOK GRAPH SEARCH

» Finding subgraph structures
= Very natural way of formulating queries

Q, People who like Michall Jackson

People who like Michael Jackson ErMusician{Band 55,10

People who like Michael Jackson ijlnterest"

u People who like Michael Jackson's This Is It

People who like Michael Jackson The Experience

Graph is big and changing

People who like Michael Jackson Legend Never Die

/4 abillion people
W 20 billion photo;__

- People who like Michael Jackson and live in Pune, N
%
& atillion connec Zins

[http://socialnewsdaily.com/15865/facebook-social-graph-search-a-great-way-to-find-working-professionals-in-your-network/]
TECHNISCHE
UNIVERSITAT
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Social Network Analysis

' /o
8. Diresden Database
:‘“ ASP Systems Group

CHICAGO 2016
:61:ipﬂsp16ipsjﬂlﬂ talk primate more poster social out grept research | G3: ipanspl 6 ips_ 2016 jane dr
= - | talks

EXAMPLE: TWITTER COMMUNICATION

ard | (G5 ipsaspl6 ips 2016 marmals sk talk |
u

= Users tweeting on a specific topic
= Others reply of retweet 7
= Users can be grouped based on

communication topology "“i;
(-> graph clustering) ES

= Analysis reveals user groups and g
dominant communication patterns

]
=
DRESDEN

[Https /Inodexlgraphgallery org/Pagcs/Ggph aspx?graphlD=76277]




Citation Networks ’ Dresden Database

ExamMpLE: DBLP
» Open bibliographic information on major
computer science journals and proceedings
= >3.4 million publication
= >7000 new publication per month
= >1.7 million authors

-0
o. o
(=

[Emre Sarigél et al. Predicting Scientific Success Based On Coauthorship Networks. EPJ Data Science, 2014] [http://well-formed.eigenfactor.org/projects/well-formed/radial.ntml#/]
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. . A
V| ral Ma rl'(etl ng » Dresden Database

VIRAL MARKETING

» spreading content to one person so that more than one person engaging with the content

» Techniques
- Influence estimation Using S BRAND ing S
- Influence maximization 5OC\A\.— NETWORKtO AWARENESS plrfffe/" ai

and achieve other S
RGP A

market mavens +
social hubs +

salespeople &» <

M T hgh Social
essage INetworkin

make it unmissablel s Sa ;i

Potential indwviduals

TECHNISCHE
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Knowledge Graphs ‘ ey, s

KNOWLEDGE GRAPH OF A PICTURE

Publisher John Cox Bookseller Work Iocatio_n
Creator R / _Collection

2l Depicts | Averstoyn] |
William Crane ! Welsh
[ Lithographer | [ | / mﬁ 1l
' ki N

QISR
Printmak
Ed

B L e Sk o

{ |
S 3 i
i
’

s ll | i
< A 2 v:l; i :
r 5 | 3 -
N e e
‘Wﬂ;gfitfalv Iy &
e A 7 ’
iR 5 = Y
e P = el 2 R e
T y s s T Sy 7. %
v 5 2R =T > 257 o\ 15T S

[The National Library of Wales, https://www.llgc.org.uk/blog/?p=11246]
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Knowledge Graphs Il SLUB i Auoiosce QP Szl Datese

Wir fiihren Wissen.

SACHSISCHE LANDESBIBLIOTHEK — STAATS- UND UNIVERSITATSBIBLIOTHEK DRESDEN (SLUB)

» Adds semantics search to library online catalog
= Utilizing multi-lingual knowledge data from Wikipedia
= Significant improvements in search quality for library users

D:SWARM
Normalizotion | (0
Deduplicotion
Enrichment

R
2

t

d

GRrAPRIC
Back Enp

7

[http://www.slideshare.net/JensMittelbach/dswarm-a-library-data-management-platform-based-on-a-linked-open-data-approach]
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Vo
Supply Chain Management éDresden Database

Suppliers Manufacturers Distribution Demand
Centers Markets

-

Response

Inventory Times

Domestic
Manufacturer

When to send?
How much to send?
From where to where?

Fn -~

}
1 }17 |
-

. ustomer b: 8/ reguction In transportation costs

TECHNISCHE http://www.logicblox.com/solutions/supply-chain-optimization/]
@UNIVENS"‘T
DRESDEN
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Level of Analytics ’ g, oA

>

How can we achieve the best outcome
including the effects of variability?

How can we achieve the best
outcome?

Stochastic Optimization

Prescriptive

Optimization

Predictive modeling at will happen next if ?

What if these trends continue?
Predictive Graph Data

What could happen.... ? Management
Applications

What actions are needed?

Competitive Advantage

What exactly is the problem?

How many, how often, where? Descriptive

What happened?

Degree of Complexity
@Eﬁﬂ Based on: Competing on Analytics, Davenport and Hammis, 2007 61
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BiG DATA

» Crossing thresholds in exponential growth, digitization, recombinant innovation
= Technical challenges in volume, velocity, variety, veracity, value

RELATED RESEARCH AND LECTURES

» Data Science methods - Datenintegration und -analyse
» Data Systems = Architektur von Datenbanksystemen
- Big Data Platforms
= Graph Data - Graph Data Management and Analytics
= Search in large documents set - Information Retrieval
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