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General Information QDresden Database

Lecture Notes

= Further information on our website http://wwwdb.inf.tu-dresden.de

N Dresden Database
és;ﬁlemsc«wp NEWS TEACHING ~ RESEARCH PUBLICATIONS OUR GROUP~ SOFTWARE

Welcome to the website of the Chair of Databases! QUICKACCESS
The Database Systems Group Dresden (Chair of Database) at the Institute of System Architecture of the Faculty of Computer F
'r:cmuscﬁ Science at TU Dresden was established in 2002 and is lead by Prof. Wolfgang Lehner.
@ —

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


http://wwwdb.inf.tu-dresden.de/

Systems Group

N Dresden Database

TECHNISCHE
UNIVERSITAT
DRESDEN

O
>
@)
-
)
-
)
)
n
>
)
O,
N
@)
@)
@)
)
O
QO
-
)
©
n
Q
-
QO

©




[/

< N Dresden Database

J!npnnﬂul » SYStems Grcup
]

Future is Now

= ..., face detection & recogition, autobeam,
Siri/Cortant/..., 3D printing, ...

ETH:zurich
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... tomorrow?

Sooner then you think!
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When have we
entered bhe future?
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Exponential Growth

Outnumbers everything else quickly

» Asymptotic advantage
» Quickly increasing add-on

| BILLIONF NUMBER OF
[ (OMPUTERS
| N[ CREATED NUMBER OF COMPUTERS
! DESTROYVED BY HURLING
1000k THEM INTO JUPITER
100F GAULED JONO
10 (I‘:;;?i, &%3\\3 RO Tt\' R u)/«r DULED)
I - S ; ——cdr
(260 1980 2000 2020
NASA NEEDS TO PICK UP THE PACE. IF
THEY EVER WANT To FiNISH THE JOB.

[http://xked.com/1727/]
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Leads to surprising results

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

Progress

L,,

My life is so
edictable!

=

| did not expect this!

%1— Where you actually end up in the future

‘—'—‘ Exponential growth surprise factor

_— 44— Where you think you will end up In the future

[http://roadmap2retire.com/2016/06/disruptive-technologies-exponential-growth/]
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Second Half of the Chessboard és?s[ii‘éﬁﬁl Vagase

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 3G 3 68 3 ZEN 549G

Banrtemms

256 BSIEZ2H 1024 F204'&

G986 131K PG 524K

33V 67M [L34M

17T pEEsinm 70T [lEieh

WHEN COMPUTERS EXCEED.
HUMAN INTELLIGENCE

THE AGE OF
SPIRITUAL
MACHINES

(1]
RAY KURZWEIL

144P 288P 576P

e e e e e s
SpETEmommTmITTT
)

[https:/fen.wikipedia.org/wiki/File:Wheat_Chessboard_with_line.svg]
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Moore’s Law — The number of transistors on integrated circuit chips (1971-2016) SUs4E

: )/
Moore's law describes the empirical regularity that the number of transistors on integrated circuits doubles approximately every two years. in Data
: o : : o DRIt ) ) Dresden Database
This advancement is important as other aspects of technological progress — such as processing speed or the price of electronic products — are Systems Grou
strongly linked to Moore's law. P
20,000,000,000
. ¥ ? 1BM 213 Storage Controller.
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= Chessboard o Fom  Wiamere@ @0, ST, @Wem Half of the Chessboard
Q 0K78 Pentium IIl Coppermine @ARM Cortex-A9
S 2 4
S 10,000,000 AMDKog _@pertiym il Kama
7] P & i
‘% 5,000,000 iis 30
% Penhunb AMD K5
= 0
Intel 80486,
1,000,000 ® oo
500,000 TamEasie androo
Intel 8038: In ©QARM 3
Motorola 68020 06’ .98?)0
9 s
100,000 . A
50,000 Qintel 280186 Ak
Intel 8086€p € Inte! 8088 ROA:?M2 A,& 6
10,000 T™™sjoo0  Ziog Zao Mgggla %82 s bcha"c')’hs
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Year of introduction
Data source: Wikipedia (https://en.wikipedia.org/wiki/Transistor_count) 1 0

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 @5552323 Patauen
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Landscape has changed Dresden Database

From Islands of digital data ... ... to ponds of analog signals

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

e 13




Everything is Digital

World’s capacity to store information

94% digital in 2007

LE+13

I i . .
lVidmgmmuﬂnplgltql
m Memory Cards
 Server & Mainframe hard-disk
< DVD and Blu-Ray

LE+HI2

2007

/
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World’s capacity to telecommunicate

99% digital in 2007

1% 1% 1%
Analog 2 o
Analog
- Fixed (voice) phone analog SR o
LOE+4 1 ¥ 4 postal letters % 20 1% e
(MB) = Mobile (voice) phone analog
LOE+13
20%
034
ez T e e Digrtal
e = Fixed (voice) phone digital
= Mobile (data) phone digital
~ Mobile (voice) phone digital
1OE+11

[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

K Y
== =N =
YhEley O TS

e Ueels L
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[http://blog.acronis.com/posts/data-everything-8-noble-truths]
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Big Data

"Bi6* DATA 1S SO SAD,
WITH ME, YoU Wi 6ET
"YUGE" PATA, AND WE wiLL
MMAKE DATA GREAT fGAINY
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Big Data term reflects the three drivers é?ﬁ[ﬁ‘éﬁﬁl —

Exponential growth Digitization
» beyond intuition = Everything is digital data
= second half of the chessboard = Analog signals are not part of big data

TECHNISCHE
UNIVERSITAT
@ DRESDEN 1 7



As of 2011, the global size of

40 ZETTABYTES It's estimated that data in healthcare was
( 43 TRILLION GIGABYTES | O BE 2.5 QUINTILLION BYTES essimated fa-be

of data will be created by ©) {23 TRILLION GIGABYTES e 150 EXABYTES
2020, an increase of 300 of data are created each day 161 BILLION GIBABYTES
times from 2005 2020 O >

FOUR V’s
of Big
Data

b b
Ei}t ,:l

6 BILLION
PEOPLE
have cell
phones

ady

30 BILLION
PIECES OF CONTENT

are shared on Facebook
every month

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

1IN3

captures . 100 SENSORS bkl
1TB OF TRADE L ) st monc s scn et i
INFORMATION " o LU they use to make decisions

during each trading session

Velocity

ANALYSIS OF
STREAMING DATA

4.4 MILLION IT JOBS Qi RESPONDENTS

k

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

By 2016, it is projected
there will be

18.9 BILLION

NETWORK
connecTions YYYYYY

i 19999112219

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

Sourcam Nciomey Glotel Inatitite; Teitie, Cruco, Qurinir, EMC: SAS: 1M MEPTEC, OAS [http://www.ibmbigdatahub.com/infographic/four-vs-big-data]




Data, data, everywhere...

The Petabyte Age »

= 2008

A PETABYTE

IS A LOT
OF DATA

20 MILLION

FOUR-DRAWER FILING CABINETS
FILLED WITH TEXT

13.3 YEARS

OF HD-TV VIDEO
""  SIZE OF THE 10 BILLION
» FACEBOOK

ssss THE AMOUNT OF DATA|PER
HH
.:E: PROCESSED BY GOOGLE| DAY

= Eric Schmidt (in 2010):
Every 2 Days We Create
As Much Information As

We Did Up To 2003

@ TECHNISCHE
UNIVERSITAT
DRESDEN
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Volume

The Zettabyte Age
= 2015 THE INTERNET

* One Zettabyte =
2 01 5 Wh t does internet traffic look like right now?

Stack of books
from Earth to
Pluto 20 times IS THE DAWN OF THE ZETTABYTE ERA

- But how much data are we talking about?

The internet in 2020

= ~26.3 billion
networked devices

= 25.1 GB average

traffic per capita AL o
ge?)r;m“tg _IT WOULD TAKE
» 2.3 Zettabytes : OVER 5 YEARS
annual IP-Traffic = T0 WATCH THE AMOUNT OF VIDEO
18 EVERY SECOND IN 2015
19
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Data is produced continuously  Velocity égfgigggDatabase

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 O
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Everything is data  Variety

Data from all kinds of digital sources

= Structure vs. unstructured

= Textvs.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 ’cogether.’E

TECHNISCHE
UNIVERSITAT

/
6 Dresden Database
Systems Group

DRESDEN



. . Yo
Data is messy  Veracity és?s[ii‘éﬁﬁl WA

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

T GARLIC/ CURRY

Quality of captured data varies greatly —J»'.é\'

= Sensor inaccuracy

» Human mistakes

» Incompleteness

» Untrusted sources

» Deterministic processes

. ete iInformabion
managemenﬁ e

[BIG DATA & DATA MDM & DATA INFRASTRUCTURE INFO STRATEGY  SECURITY

“Next to the analytes, we see everything in the Rl homen < SO iy
I’eSU|tS, frOm the perfume O.I: the |Ob CISSiStCInt tO GET BREAKING NEWS TO YOUR INBOX PLUS MORE EXCLUSIVE BENEFITS! BECOME A REGISTERED ME!

the softener in the new machine sitting next.” Messy Big Data Overwhelms Data Scientists

—About Liquid chromatography- PEB 20,2018 200pm €T
mass spectrometry at IPB Halle

HEAPUAS 501G REONUN AQ ISIQUOSINEM 5661 O

_ Data scientists see messy, disorganized data as a major hurdle preventing them
lonization probe = Print from doing what they find most interesting in their jobs: predictive analysis and

{sPescluation ;:(ei:mm ":::;’:Ismain rod = Emai data mining for behavioral patterns and future trends, according to a new report
~ /7// Detector R from CrowdFlower, a data enrichment platform provider.
‘ i/ L] Reprints

2 A maijority of the 153 CrowdFlower online research panel members surveyed
>/ Comments (2)  (80%) also acknowledged the skills shortage within their field. The respondents

Octapole | #
" work for companies of varied sizes and sectors, mostly in the U.S. All

=

lon source  Qx @optics ad 1l d e
TECHNISCHE SEERRtics. SOuaiRoISTD respondents have the term "data scientist” in their job title or job description on

@ UNIVERSITAT
DRESDEN Linkedin, CrowdFlower says.
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Value - the fift
V/ O“f BLS “f"df‘

Data Science/Data Analysis

. O how bo buri raw data inko something valuable?

“Data is the new oil. 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
@ s



Levels of Analysis

>

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

Stochastic Optimization

Systems Group

Y/
6 Dresden Database

How can we achieve the best
Optimization outcome?

Prescriptive

Predictive modeling at will happen next if ?

What if these trends continue?

Predictive

What could happen.... ?

What actions are needed?

Competitive Advantage

What exactly is the problem?

How many, how often, where?

What happened?

Descriptive

Degree of Complexity

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

-

J \

—

—

Analytics

Reporting

24



Descriptive Analytics

How have | done? (and why?)

» Simplest class of analytics

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

= 7/0-80% penetration

Examples

©

» Database aggregation queries

» Business reporting (e.g. Sales figures)

Market survey (e.g. GFK)

(classical) business intelligence, dashboards, scorecards
Google Analytics

TECHNISCHE

Dresden Database

Systems Group

UNIVERSITAT
DRESDEN
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Predictive Analytics

How will | do?

Examples

©

%illi?n barrels per day
Next step up in data reduction =1
Studies recent and historical data 10 -

Utilizes a variety of statistical, modeling, data
mining and machine learning techniques

Allows (potential inaccurate) predictions about the future O
Use data you have, to create data you do not have Sauce:EA
15-25% penetration

5 4

Vo~
é Dresden Database
Systems Group

U.S. Petroleum Net Imports, 1950-2040

Actual

Projected
’f
4”

| _~”"2008 Forecast

---------

PP
_____
_____

Market developments
Stock developments
Movie/product recommendations on netflix/amazon Fill in the
Energy demand and supply forecasting blanks
Preditive policing (e.g. precobs, predpol)

Alice 7

Michael

TECHNISCHE

UNIVERSITAT

DRESDEN
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On-Road Integrated - ?

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 ST

» 1-5% penetration %:ﬁ":

imthe LLS. by the end of 2006, we

300 million miles anemally, | p g
iyt A ol a1 D ey A s oo susaingtiy gosts while
and 100000 meeric

Examples e

101 21,000
passenger cars off the road for
aye.

» 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



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

Vo~
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

TECHNISCHE
UNIVERSITAT
DRESDEN
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Our Focus in Teaching and Research




. /&,
Levels of Analysis 0&!&?%23 Datapase

-

| How can we achieve the best outcome
~Stochastic Optimization including the effects of variability?
- Prescriptive
Optimization g&w can?we achieve the best
Predictive modeling at will happen next if ? L Anal ytics
What if these trends continue?
tive
How many, how often, where? Descriptive - Reporting

What happened?

> e

Degree of Complexity

@ Eﬁﬁ Based on: Competing on Analytics, Davenport and Harris, 2007 30
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Big Data Landscape(s)

Big Data Landscape 2016 (Version 3.0)
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Data Systems 05;‘52‘2'-.53 SR

data systems are in the middle of all this

a data system...
= ..stores data...
= ...provides access to data...
= ..and (ideally) makes data analysis easy

big data

Different data systems use different data models

(DR 32
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(Big) Data System Landscape(s) émes"e" Database

e Datafloq Open Source Landscape 2.0

| Data Analysis & PlgiéefT Databases / Data warehousing ¢ In-Memory |
bigdata

: | C ti
J\Z INFOBRIGHT —/»g?Cassandra 4St0re @ ﬂ(g[ :QM .omgu.mg‘.
— ite {
_ Spark |nf|n|DB riak nfinisi.on |
Hp ‘DRILL

SAMOA % W HveerABLE MonaDB Drlzzle RethlnkDB | .
1 ‘\ ORACLE 1
NQW | BRILLIANT DECISIONS Hof:;ﬁ" {-} !l HyperSGlL ’ | cork

HERK!LE\" Dl

Business Im‘elllcenqe

=T OO0 |
il 2
| @” o

'Operational
.',vv
YOLTDB | ;

Multidimensional|
ROFHDE Social

50 Object databases Apache Kafka
eas ' NEOPPOD * % ~~~~~~~~~~~

@ZOPE! m@Q.Lecf A} 7' e It ‘ FIockDB s T oo ThlnkUp Corona‘ | =
Magma Picolisp ‘&ﬂdqodb Mul’rlmodel XML Databses ||

ioremap.net
STORAGE AND BEYOND

Galaxy
Created by. mw.mbbqu
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o A
Graph Building Blocks O&E&i‘éﬁﬂf’at’"base

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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Graph Data — Social Network
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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

.7\

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

Dresden Database

40



Systems Group

Vs
Structured Search 0 o e

Example: Facebook Graph Search
i Finding subgroph structures Q, People who like Michall Jackson
= Very natural way of formulating queries

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

h is big and changing

Grap

People who like Michael Jackson Legend Never Die

/4 abillion people
i 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 ‘&!&i‘é&’l Vagase

Example: Twitter communication L &8 :
= Users tweeting on a specific topic ___7-5-_' — = ———
» Others reply of retweet = 3 S : e e W -
» Users can be grouped based on b .
communication topology s ,
(-> graph clustering) b i

= Analysis reveals user groups and | N
dominant communication patterns “==ese

L
L
-
= daily primate
L !
=" eaam T . | 4 o1 clE6Is
% | T . JipaLt
. ! Inksberman [N -
- 2 - = -3 I =
@TECHNISC% [https://nodexigraphgallery.org/Pages/Graph.aspx?graphlD=76277]
UNIVERSIT)
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Citation Networks

Example: DBLP

» Open bibliographic information on major
computer science journals and proceedings

= >3.4 million publication
= >7000 new publication per month
= >1.7 million authors

[Emre Sarigdl et al. Predicting Scientific Success Based On Coauthorship Networks. EPJ Data Science, 2014]

Y/
6 Dresden Database
Systems Group

[http://well-formed.eigenfactor.org/projects/well-formed/radial.html#/]
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. . A
Viral Marketing é?ﬁfii‘éﬁﬁl Dambase

Viral Marketing

» spreading content to one person so that more than one person engaging with the content
» Techniques
- Influence estimation

- Influence maximization t:g\gp\\— NETWORKS

BRAND 6
o UAwapess yRAL

and achieve other [ ui
MARKETING{E’ s ANE

market mavens +

social hubs +

salespeople &» <

M T hgh Social
essage INetworkin

make it unmissablel s Sa ;i

Potential indwviduals

TECHNISCHE
UNIVERSITAT
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Knowledge Graphs ‘ys

Knowledge graph of a picture

Publisher John Cox Bookseller Work Iocatio_n
Creator R / _Collection

w2l Depicts | Averystoyn |
William Crane ! Welsh
[ Lithographer | [ | / mﬁ 1l
' ki N

P e , el
e e m milllllnllllHl[

|

{ |
S 3 i
i
’

r - %

T W |

Wl ;

A = 2 ’
st s & b, o T e dog s a3
o K g Pl | ok = : O e =3 s34
L ¥ - < T R 3
= 5 e =T ; A

[The National Library of Wales, https://www.llgc.org.uk/blog/?p=11246]
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Knowledge Graphs Wl SLUB i fssioorde @ Dussien omavas

Wir fiihren Wissen.
Sdachsische Landesbibliothek — Staats- und Universitatsbibliothek Dresden (SLUB)

» Adds semantics search to library online catalog

= Utilizing multi-lingual knowledge data from Wikipedia 2
= Significant improvements in search quality for library users P L7
Enp |—
2
Normalization [ (R0
JW«M- (0D g
Envichment (A

Bacx Enp

b 2 SonETHING
‘ X
m
ow ’ v
DBpedia
[http://www.slideshare.net/JensMittelbach/dswarm-a-library-data-management-platform-based-on-a-linked-open-data-approach]
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Supply Chain Management

Distribution Demand
Centers Markets

<<

Inventory

Domestic
Manufacturer

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

TECHNISCHE [http://www.logicblox.com/solutions/supply-chain-optimization/]
@ UNIVERSITAT

DRESDEN 4 7




. Y/ N
Level of Analytics ’Eﬁ:‘é&’l Jatabase

>

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

Stochastic Optimization

Prescriptive

How can we achieve the best
Optimization outcome?

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
@ Based on: Competing on Analytics, Davenport and Harris, 2007 48




A
The Power of Networks 0&!&*‘:‘!&’1 Dambase

COgnIfIVQMEdIO‘ Manl.lel Li ma, The Power of NEtWOl’kS, L0nd0n 8.1 2.201 1 Le:tureghfen.anhe Fﬁ_.‘.aA,LandonuntheslhDe:emher.zn‘n.nnlmated May, 2012

Marue Lima epione ‘we: re 4l connected 10 She worid around UL aed how this notion has sdapbed ovel the yesn.
Fram trees of knowledge 10 the Wets of Life b modesm socksl networking. Manuel unesrths all the ways il i linked in this REA Animate

Wakch on YouTube: https:// tjou&u.be/nijrNd:)SGw

TECHNISCHE
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https://youtu.be/nJmGrNdJ5Gw
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Use Cases of Search

Searching Textual Contents

Goo 8

le

Deutschland

TECHNISCHE
UNIVERSITAT
DRESDEN

Google-Suche Auf gut Glick!

/
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+ch  Gmail Bilder 2% Anmeliden
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Use Cases of Search

Stack Overflow - Programming Q & A site

©

TECHNISCHE
UNIVERSITAT
DRESDEN

\
BTy (TR Guestions | tags | vsers | Badges [ unanswere

Suppress install outputs in R

A

Systems Group

Ask Question

CAREERS 2.0 .l + (a}] [uimemcosecesr

by stackoverflow

PN

6
A 4
¥

Import them easily to your profile

This is really starting to bug me...| have tried a few methods and none seem to work

| am running an install from a function which generates a lot of unnecessary messages that | would like to
suppress, but all of the methods | tried to do this have not worked.

The bit of code | am trying to suppress is © install_github( 'ROAUth’, ‘duncantl’) . it requires
the package devtools to be loaded beforehand.

Anyway, | tried invisible . capture.output and sink , none of which work...or perhaps | am not
using them correctly... either way...any ideas?

ﬂ suppressmessage
share | improve this question asked Sep 13 at 23:09
24§ him

2383 358 o7

70% accept rate

3 perhaps suppressMessages() Or suppressPackageStartupMessages() is what you want? — Chase Sep
13 at 23:11

1 @Chase is right. Your function in the other question is a bit convoluted and should not be calling
install_github() every time. See my answer there. — Maiasaura Sep 13 at 235

tagged
1| x 17244

suppressmessage | * 13

asked 8 days ago
viewed 146 times
active 2 days ago

Community Bulletin
blog AskPatents.com: A Stack

Exchange To Prevent Bad
Patents

Better Jobs.
Better Pay.

by stackoverflow

Ny
N Dresden Database

53



/

Use Cases of Search §)\ Dresden Database

Image Search

Flickr: Suchen

4lr | & B2 4+ e/ www.flickr.com/search/7q=Dresden @ =0~ Google
[0 Apple Yahoo! GoogleMaps YouTube Wikipedia Mews (306)v Belicbtr
© Apple - Downloads - D.. | ©  FlicknSuchen | N
- * Anmokien Hile
flickr
Startseite Die Tour Registrieren  Entdecken Suchen
suchan Fotos CGruppen  Parsonan
Dresden
C] &)

@ Wirhaben 241.397 Ergebnisse zu fr Dresden gefunden.

Acztigen: Retavarioste - Neutsis - (Firessanesie Zege: Details » Thumbnails

My Vision of Dresden,
Germany von Tobi_2008
[=] 183 Kommentare +f 78 Favoriten

Mit Tag silhouate, germany, deutschiand

am 27, Owtober 2008
N in Altstadt, Dresden, SN,

[ 42t Fotos von Tobi_2008 oder sain

Profil ansehen

Stiick in Germany - Fiir
Dresden After the 4
Bombing, Way after the Anja

Bombing von Stuck in Customs

=) 136 Kommentare ¢ 387
Favoriten

Mit Tag wond, oid, oity, wavel

Aufgenomman am 25,

gust 2007,

TECHNISCHE
UNIVERSITAT
® DRESDEN 5 4



Use Cases of Search

Last.fm = Music Search

Lust auf neue Musik?

Mit Last.fm kannst du ganz einfach erfassen, was du auf
verschiedenen Playern anhorst®. Last fm empfiehlt dir -
passend zu deinem Geschmack - mehr Musik und Konzerte!

Nur zwei Minuten zu neuer Musik!
Profil anlegen Registriere dich und importiere deinen
Horverlauf.

Musik Radio Events Charts Community

ch | Hilfe siksuc Q | Einloggen

Titd mdwerfolgen & Sdvatze entdecken.
KOSTENLOS!

Uber Last.fm

/

~~
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FACTS AT A GLANCE

Example: Library of Congress

In fiscal year 2008, the Library of Congress:

u Welcomed more than 1.6 million onsite visitors

mProvided reference services to 545,084 individuals in
person, by telephone and through written and electronic
correspondence

mRecorded a total of 141,847,810 items in the collections:

©21,218,408 cataloged books in the Library of Congress
classificadon system

© 11,599,606 books in large type and raised characters, in-
cunabula (books printed before 1301), monographs and
serials, music, bound newspapers, pamphlets, technical
reports and other printed material

©109,029,796 items in the nonclassified (special) collec-
dons, including:

03,005,028 audio materials, such as discs, tapes, talking
books and other recorded formats

062,778,118 manuscripts

05,357,385 maps

016,086,572 microforms

015,674,956 pieces of printed sheet music

114,388,175 visual materials, as follows:

1,207,776 moving images
12,536,764 photographs
98,288 posters
© 545,347 prints and drawings
u Circulated more than 22 million disc, cassette and braille
items to more than 300,000 blind and physically handi-
capped patrons

u Registered 232,907 claims to copyright

u Completed 871,287 research assignments for Congress
through the Congressional Research Service

= Prepared 1,529 legal research reports for Congress and oth-
er federal agencies through the Law Library

uRecorded more than 85 million visits and 610 million page
views on the Library’s website. At year’s end, the Library’s on-
line historical collections contained 15.3 million digital files

= Employed a permanent staff of 3,637 employees

1 Operatedwith a total fiscal 2008 appropriation of $613,496,414,
including the authority to spend $50,447,565 in receipts

A

The Great Hall

of the
Thomas Jefferson Building,
Library of Congress

N
Dresden Database
Systems Group
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Databases versus Information Retrieval

©

TECHNISC%
UNIVERSIT)
DRESDEN

Matching Exact Match
Model Deterministic
Query Language Structured / Formal
Query Specification Complete
Queried Objects Matching
Error Sensitivity Sensitive

Hard to formulate Queries

lterative workflow base on reponses

Tons of results, but only a few are relevant

Ranking of results (instead of set of results)

Representation of document content often inadequate / inacurate

Y/
6 Dresden Database
Systems Group

Information Retrieval

Partial Match, Best Match
Probabilistic
Natural
Incomplete
Relevant

Insensitive

57
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Summary

Big Data

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

Related research and lectures
» Data Science - Datenintegration und -analyse

» Data Systems - Architektur von Datenbanksystemen
- Big Data Platforms

» Graph Data - Graph Data Management and Analytics

= Search - Information Retrieval

[/

Systems Group
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