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lBIg Data -MapReduce
= Analytics =Hadoop
= Descriptive =NoSQL
= Predictive fA
=Data Mining -

= Prescriptive - '
P Machine Learning



(M sydAa AeSopévo

)

YUvoAa 6edopevwy TOo0 peyala rp ouvBeta mou Eedelyouv amo TLg
duvatotnteg Kataypadnc, anobrkeuong Kol ovaAuong Twv
apadooLaKWY TEXVIKWVY eTeEepyaoiac Sedopevwy
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http://en.wikipedia.org/wiki/Yottabyte

[Twg opiCovtal ta Big Data;

= TEPAOTLEC TOOOTNTEC
SounUEVWY,
NULOOUNUEVWV KoLl
adopuntwv dedouEVWVY

= Ta Big Data €ival o
ouvOuaouOoC e€elitewv
oTnv TeXvoAoyia mou
ouveRnoav ta teAeuTala
50 €tn

Defining big data

A greater scope of information 18%

New kinds of data and analysis M

Real-time information

)15
Data influx from new technologies M
Non-traditional forms of media M
Large volumes of data M

The latest buzzword

Social media data ﬂ

Respondents were asked to choose up to two descriptions about how
their organizations view big data from the choices above. Choices have

been abbreviated, and selections have been normalized to equal 100%.

Total respondents=1144,

Figure 1: Respondents were split in their views of big data.



The Big Data Challenge

The Big Data Challenge

/.socmedsean.com

|

We have now collected 250
terabytes of data about our
customers and the software has
analyzed the data.

|

|

Great! Big Data! What
does the software tell us?

]

\

|

It says we have 250
terabytes of data.

|




Mop@Eg bedouevmwy

Aopunueva Huwbopunueva Adounta

® >XEOLOKEC
Baoelc
dedopevwy
e XML

* JSON

o CSV
e Emails
e Tweets

e Facebook
status

* JXOAla O€
Blogs

e Keipevo
e ElkOva
e 'Hyoc¢

e Bivteo



Mop@ec HedoUEVWVY

Credit & Market Risk in Banks

Fraud Detection (Credit Card) & Financial Crimes (AML) in Banks
including Social Network Analysis

Event-based Marketing in Financial Services and Telecoms

mization in Retail

Claims and Tax Fraud in Public S

Real-time

Markdown Op

= :‘§ i':
Maintenance in
Aerospace

Social Media
entiment Analysis

Disease Analysis

< Data Velocity =

Demand Forecasting |
in Manufacturing on Electronic Health

Records

Batch

' Video Surveillance/
‘ Analysis

'y
Structured Semi-structured Unstructured

Traditional Data
Warehousing

Text Mining




TexvoAoyleg Tov tponyndnKov
Twv Big Data

= JXEOLOKEC Baoelg AseSopevwy

= Data warehouses kat data marts (nuepnota n
eBdopadlaia evnuepwon)
= Object Oriented Baoelc Asdopevwy

BLOB = Binary Large Objects

©



AAAQYEC TEAELTALWV ETWV

= Melwon TlHwv aedntnpwv

= Melwon K6oTou¢g yLa
amoBnkevon — enetepyaocia

n AMayr'] CUUTEPLDOPAC L >
XpNotTwv — anodoxn g w

S1A0£0NC TPOCWTTILKWV % - &
nAnpodopLwv

= JNUOVTIKA tpoodoc oe
aAyopiBuouc Mnxavikng
MaBnonc




YNUELD KOUTIN G

= To KOOTOC TNC UTTOAOYLOTLKAC EMEEEPYAOLAC KOLL
amoBnkevong eptace o€ KOUPBLKO onUelo avAPECA OTO
2008 kat to 2010

= [1epLOCOTEPEC EMLXELPNOELC EXOUV TTAEOV TNV
duvatotnta va dtaxelpilovtal Big Data



Mop@EG OESOUEV WV

Figure 1.  The Internet of Things Was "Born” Between 2008 and 2009

World

= To Facebook «mapayew» Popstion

10TB S£0UEVWY NUEPNOLWG “pocee sw0Miion  125Bilion  25Bilion  508Billon

6.3 Billion 6.8 Billion 7.2 Billion 7.6 Billion

= To Twitter (X) «mapayew»

7TB deopeEVWV NUEPNOLWC
= H IBM vntootnpilel mw¢ o
90% TtwV amoBnKeEVUEVWVY
deopEVwY onpepa '
nopaxonke ta teAevtaia 2 Coichd
0.08

p Connected devices
Xpovia Devices than Y 347 6.58
Per Person people

'
L

@

2003 2010 2015 2020

Source: Cisco IBSG, April 2011
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The 3 Vs of Big Data

+ Batch (Intermittent piling

» Near real-time

Volume

+ Terabite, petabite
* Records

+ Transaction data
- Tables and files

+ Structured

+ Unstructured

+ Semi-structured
- SNS data, Logs,

+ Real-time Sensor data
+ Continuously streaming data - Text, images and
other media
Velocity

Variety




Volume
(Oyxog - Ilocotnta dedouevmwv)

= Terabytes €¢wc Petabytes 6edopevwy

= H moootnta twv 6edopevwy ou GUAAEYovTOL
QUEAVETOL CUVEXWC

= OTL Bewpeital onuepa we peyalo dedopgva oto
HEAAovV Ba eival akopa PeEYaAUTEPO



Variety
(TToiktAopoppia)

= JUYKEVTPWON
dedopevwy armo
SLabOpEC MNYEC EVTOC
KOLL EKTOC ETILXELPNONC

= ALoOntnpeg

= EEUTIVEC CUOKEVEC

= Mopdéc dedopevwy
= Kelpevo

= AebopEva tAonynong oto
Sladiktuo

= Tweets

= Aebopéva aloOntnpwv
='Hyoc¢

= Bivteo

= Apxeia kataypadnc (logs)



Velocity
(ToyvTnTo)

= H taxvtnta PE TNV omola dnulovpyouvtol ta
dedopeva ouvexwe avéavetal

= OplopEvec edappoyeC amnattouv ANPn anodpAacswv o€
MPAYUOTLKO Xpovo (real time)
= aviyvevon amatng (credit card fraud detection)
= guoTNpaTa ocuoTacewV (recommendation systems)



2012 Blg Data @ work study

s e = IBM Institute of Business

@ Said Business School
Executive Report F

s e Value + University of Oxford
Said Business School

_ _ = 1144 emuyelpnoelg os 95
Analytics: The real-world use of big data

’
How innovative enterprises extract value from uncertain data X(L) p E q

Global respondents

. Asia Pacific
Latin America
B North America
[ | Europe
B Middle East and Africa
[ No country identified

http://www—935.ibm.com/services/us/gbs/thoughtleadership/ibv-big-data-at-work.htn@


http://www-935.ibm.com/services/us/gbs/thoughtleadership/ibv-big-data-at-work.html

LUUTIEPAOUATA EPEVVAG
2012 Big Data @ work study

= 63% rioteVel OoTL ta Big Data dnuloupyoUv CUYKPLTLKO
nAeovektnpua (37% oe avtiotown €peuva™® touv 2010)

= OL ETLXELPNOELC MPOCEYYL(OUV TIPOYUATIOTIKA Ta Big
Data

= MOALC 7% opileL ta Big Data og oxeon pe dedopeva
Kowwvikwv AtktUwv

*IBM’s 2010 New Intelligence
Enterprise Global Executive Study
and Research Collaboration

©



The 4 Vs of Big Data

As of 2011, the global s:ze of By 2014, it's anticipated

40 ZETTABYTES " 1t’s estimated that data in healthcare was there will be

[ 43 THILLION BAGARYTES \ 005 2.5 QUINTILLION BYTES esfmated e 420 MILLION

of data will be created by ) 2.3 TRILLION GIGABYTE I e 150 EXABYTES WEARABLE. WIRELESS
2020, 3 it 300 f 51 BULLION GIGABYTES 1

tmestrom 2005 - RV el oy Erumiod Mhch BLLION GICASY HEALTH MONITORS

I!I'Il."'"

are watched on
YouTube each month

30 BILLION
PIECES DF CONTENT &&

are shared on Facebook
every month

0o -2

1 IN 3 BUSINESS
EADERS

don't trust the information

they use to make decisions

TR FOURV's e B o
=R Data

6 BILLION
PEOPLE
have cell
phones

Mest companies in the
U.S. have at least

100 TERABYTES
o

400 MILLIDN TWEETS

are sent per day by about 200
million monthly active users

WORLD POPULATION: 7 BILLION

Volume.
Velocity, Variety and Veracity

= Modern cars have close to
® E\ . 100 SENSORS

@U:’ that monitor items such as

Poor data quality costs the US
economy around

The New York Stock Exchange
captures

1 TB OF TRADE
INFORMATION

during each trading session

INN A YEAR
IUNA TEA

=7 fuel level and tire pressure

Velocity

Veracity
ANALYSIS OF 4.4 MILLION IT JOBS war o

UNCERTAINTY

STREAMING DATA & 4
"\‘g!;\‘_“hz:z > OF DATA
_—
ok - = i Do sl o Ml ok we
18.9 BILLION =} S

NETWORK
connecTions YYYY

YYYYYYY
arazsomr QOB RRRRRE S

Sowrces: McKinsey Globa! Institute, Twittor, Cisco, Gartner, EMC, SAS, I18M, MEPTEC, GAS

= o




The 5 Vs of Big Data

lity
types and forms of qualty,
data, including accuracy and e

VELOCITY [NiSse Sounis of uncertaintyof | \JOLUME

unstructured data
— sources =

Vast amounts

Potential of big of data

EPE::t:taruhich VARIETY data for VERACITY generated through

generated and L socio- large-scale
analyzed economic datafication

development and digitization of
information




The 6 Vs of Big Data

VOLUME

Terabyte
Records/Arch

VARIETY Tables, Files VELOCITY
Distributed

Structured Batch
Unstructured .
Multi-factor .
Probabilistic

Linked

Dynamic

Real/near-time
Processes
Stream

VERACITY VALUE

Trustworthiness Statistical
Authenticity * Events

Ongm, .rt.Eputatlon VARIABILITY . Correlatlc!ns
Availability Hypothetical
Accountability

* Changing data
* Changing model
* Linkage




The 7 Vs of Big Data

The 7 Vs OF BIG DATA

Just having Big Data is of no use
unless we can turn it into value

The speed at

which the data The size of the data
is generated

Velocity Volume

The different ERVETIFIS .
types of data Y Variability

The data whose
meaning is
constantly

Veracity changing

Visualisation

The trustworthiness
of the data in terms

The data in a manner that'’s
of accuracy

readable and accessible




The 8 Vs of Big Data

VALUE
Can you find it 0 2
wihen you most

nead it?

VISCOSITY B | ( D AT A VERACITY
Does it stick with Arg you dealing

wou? Doas it call with information
for action? r disinformation?

with 8 V's

VELOCITY
Information gains
momantuim and cri-
gt & opportunities
evolva in raal tima.
Howy is owthook: for
boday ¥

$




The 10 Vs of Big Data

Volume
Size of Data

Velocity
The Speed at which Data
s Generated

Variety
Different type of Data

Veracity
Data Accuracy

Value

Useful Data

Validity
Data guality, Governace, Moster Data
Management on Massive

VEUELTIY
Dynamic, Evolving Behavior
in Data Source
=

il
BigData

Vocabulary

Data Models, Semantics that

Vagueness
Confusion over Meaning of BigData
and Tools used



Awoyeipion twyv Big Data

AmoBnkeuvon

Eneéepyaoia

MpoofBoon

e Kataypadn ko amobnkevon
Twv 6ebopEvVWY

e KaBaplopa kat avalvon Twv
dedopevwy (analytics)

e AvaKANON KoL OTTTLKOTIOLNON
Twv O6edopEvwY



Analytics
(AvoAvTiKT)

JUOTNUOTIKA UTTOAOYLOTIKN avaAuon S€60UEVWY 1) OTATLOTIKWY yLa TNV
avokaAun, Epunveio Ko EMLKOWWVLO ONUAVTIKWY TIPOTUTIWV



Analytics
(AvaAvTtikn)




Descriptive Analytics
(Ileprypapikn AvaivTtikn)

= Meplypadn twv dedopevwy
LE OTOXO TNV Kartavonon T ——

s

TOUC

= Anpoupyia dtaicOnong ya E
ta 6edopéva 00000000000 =

= Anuoupyia avadopwv
(reports)

= EVTOTILOMOG KOTAOTAOEWY [ =
ou xpr{ouv MPoooxnG S — : 5= a4 L L4

aaaaaaaaaaaaaaa
SESE5SS288 8583522

= Opobomoinon AVILKELMEVWV
LLE T[(IpC')LlOL(I X(IpaKTI’]plOTLKC'X http://www.tableausoftware.com/learn/gallery

(clustering)
©



http://www.tableausoftware.com/learn/gallery

Predictive Analytics
(TIpoyvwotik) Ava?m*mn)

" Xpr']O-r] TWV SEGOHEV(.UV a + Follow ‘ = vihers techneleay & privacy €

nou SlaBETouUE YL
How Target Figured Out A Teen

OPLOMEVO OVTIKELMEVDL .
, Girl Was Pregnant Before Her
TIPOKELUEVOU Val Father Did

np O BAE] lb O U HE Tl'q TLME' c & ﬂ & n 325 comments, 170 called-out + Comment Now + Follow Comments
dAAwV G.VTLKE Luévwv Every time you go shopping, you share

intimate details about your consumption
patterns with retailers. And many of those

u YT[d pXO U V T[OAAd uovté A_a retailers are studying those details to figure out

, , what you like, what you need, and which
A A coupons are most likely to make you happy.
T[ p O B E LI) n q l‘lE Ka U TE p E q Target, for example, has figured out how to
data-mine its way into your womb, to figure

Ka l. XE Lp éTE p E q E T[ l.6 é GE Lq out whether you"have a baby on the way long

r ’ A‘ before you need to start buying diapers.
av a’ T[ p O B n ua Charles Duhigg outlines in the New York TAR G E T

Times how Target tries to hook parents-to-be

at that crucial moment before they turn into Target has got you in its
«lt is difficult to make et satitiin Andr Pole
predictions, especially about
the future»

©


https://en.wikipedia.org/wiki/Niels_Bohr
http://www.forbes.com/sites/kashmirhill/2012/02/16/how-target-figured-out-a-teen-girl-was-pregnant-before-her-father-did/
http://www.forbes.com/sites/kashmirhill/2012/02/16/how-target-figured-out-a-teen-girl-was-pregnant-before-her-father-did/
http://www.forbes.com/sites/kashmirhill/2012/02/16/how-target-figured-out-a-teen-girl-was-pregnant-before-her-father-did/

Prescriptive Analytics
(KaBodnyntikn avaAvtikn)

= MMwc oL tpoBAEYPELC VIO TO
LEAAOV pmopouv va
aAAAéouv TIC armodpAoELS
IOV TTOLLPVOULIE ETOL WOTE e
Val OTTOKTAOOU LE _—

HqM{ will ghese

When will it happen? from these
predictions?

Why will it happen?

T[A.E OV é KT r] }.la GTO uéAAOV; What will happen? ?> How do we benefit l,: ‘

= TLTapevEPYELEC Ba Exouy ™

\ Predictive Analytics

oL amodacelg ou Ba v

’ ' Prescriptive Analytics®
AaBoupue yla To EVPUTEPO
ocvoTNUO;



Gartner Analytic Ascendancy
model

How can we
make it happen?

What will Prescriptive
happen? Analytics
Why did it Predictive
happen? Analytics
=
What Diagnostic
happened? Analytics
Descriptive :
Analytics

Value

Difficulty

Source: Gartner (March 2012)



NETFLIX

NETELIX

Netflix's New "My List' Feature
Netflix Prize Knows You Better Than You Know

- l Yourself (Because Algorithms)

Wb

I

Congratulations!

The Netflix Prize sought to substantially
improve the accuracy of predictions about
how much someone is going to enjoy a
movie based on their movie preferences.

On September 21, 2009 we awarded the
$1M Grand Prize to team “BellKor's
Pragmatic Chaos”. Read about their
algorithm, checkoutteam scores on the
Leaderboard, and join the discussions on
the Forum.

We applaud all the contributors to this
quest, which improves our ability to
connect people to the movies they love.

30 14 7 108 GET TECHNOLOGY NEWSLETTERS:

-7
[ stre | Wivest | [ Comment |

FOLLOW: Netflix, Netflix My List, Netflix Recommendation, Netflix Recommendations, Technology News

Netflix is throwing off one of the remaining vestiges of its DVD-by-mail business,
FAQ | fFoum |  Netfiix Home Instant Queue, and replacing it with a solution that gives even more control to the

DU TR AL L EERETE algorithms that are increasingly driving its subscribers' experience.



http://www.huffingtonpost.com/2013/08/21/netflix-my-list_n_3790472.html
http://www.huffingtonpost.com/2013/08/21/netflix-my-list_n_3790472.html

Hadoop kat
MapReduce

MAaiolo AoylopikoU yia dnuoupyia epappoywv mou eneéepyalovtol
TEPAOTLEC TTOCOTNTEC SedOUEVWY TIOPAAANAQ O EYAAQ OL UTAEYOTOL
LLE TPOTIO AELOTILOTO KOl AVEKTLKO O odAaApaTa



MapReduce

= To MapReduce eival €éva UTTOAOYLOTLKO LOVTEAO TTOU
XPNOLUOTIoLETAL EVPUTATA VLo ATIOSOTIKA KATAVELNUEVN
eneéepyaoia mAvw o€ peyala cuvoAla dedopevwy

= EkteAeital o€ clusters utoAoylotwv

= O IPOYPALUATLOTAC XPELALETAL VA YpAPEL 2 CUVAPTHOELG TNV
ouvaptnon Map Kat thv cuvaptnon reduce

= Meplypadnke apxika oe apBbpo tou 2003 (Google)

= To Hadoop eivat open source vAomnoinon tov MapReduce

[~




MapReduce functions

= Ta poPARpaTa «oTtave» o€ 2 GOOELG
= Map: ta dedopéva tou mpoPAnpatoc dtaxwpilovtal o€ pn
ETUKAAUTITOMEVA TUAMOTA TNCS LopPNnc <key, value> kat

avatiBevtal o Slepyaciec mou mapAyouV AmoTEAEoHATO
eniong tng popodnc <key, value>

= Reduce: ta anoteAeopata tng Map ¢aong tpodpodotouvtal o€
Slepyaoiec mou ta cuvoifouv og ULKPOTEPO aPLOUO eyypadwv

= H ouvdptnon reduce ekteAeltall LETA TNV CLUVAPTNCN Map



https://developers.google.com/appengine/docs/python/dataprocessing/

[Tapaderypo MapReduce:
Metpnon Ac€ewy

= [1poBANua: YITOAOYLOMOC TNC cUXVOTNTAC ENPAVIONC
AE€ewv o€ Eva oUVOAO TIOAAWV KELLEVWV

= Qo MPEMEL va ypadeL UL map cuvaptnon Kol pia
reduce ouvaptnon

//key: 6vopa tou eyypdpou //key: prLa AéEn
//value: mepLexépevo TOU eyyplpou //value: pLa Alota and peTpPHOELC
map (String key, String value) reduce (key, values)
for each w in value c=0
emitIntermediate (w,1) for each v in values
c +t=v
emit(c)



[Tapaderypo petpnoneG Ae€ewyv

The overall MapReduce word count process

Input Splitting Mapping Shuffling Reducing Final result
Bear, 1 » Bear, 2
Deer, 1 » Bear, 1
Deer Bear River » Bear, 1
River, 1
/ Car, 1
Car, 1 » Car, 3 » Bear, 2
Deer Bear River Car, 1 Car, 1 Car, 3
Car Car River » Car Car River » Car, 1 Deer, 2
Deer Car Bear River, 1 River, 2
Deer, 1 » Deer, 2 -
Deer, 1
Deer, 1 ;
Deer Car Bear » Car, 1
Bear, 1 River, 1 » River, 2
River, 1



http://xiaochongzhang.me/blog/?p=338

Hadoop

=ExeLypadel o€ Java

= YtootnpileL mMpoypapUOTIOUO
o€ java aAAQ Kot AAAEC YAWOOEC
TPOYPOLULOTIOUOU

= ArtoteAeital amno 2
uTtocuoTAMATO

= HDFS
= MapReduce

= ExeL peyaAn amnodoyxn (Yahoo!,
Twitter, Amazon, Facebook k.a.)

[’/iE[&'Z aola Z,a )



http://hadoop.apache.org/

PoAot

= JobTracker: avaBetel
epyaoiec (map N reduce)
OTOL UTTOAOLTTOL pnXavripotol

Client Submit the job to
Hadoop Cluster

Client

= TaskTracker: skteAel eva \
aVT (-v p ad) O to U JT assign the sub tasks to JoLTracier(JT)
T[povpd uuatoq M a p Red u Ce TT which process request
O€ £Va TUAMA TWV
dedopevwv

TaskTracker (TT) TaskTracker (TT) TaskTracker (TT)

= Evac kevtplkoc JobTracker
6 laXE lp i.CETal. T[OAAO 0 q TT runs Map Reduce jobs to complete the task
TaskTrackers



Apache Mahout

Scalable machine learning
and data mining

Apache Mahout has implementations of a wide range of machine learing and data mining algorithms:

clustering, classification, collaborative filtering and frequent pattern mining




NoSQL

Mnxaviopog yla tnv anobrnkevon kot avaktnon dedouévwy mou
StapopdwveTal e AANO LECO OTTO TLC OXEOCELC TTLVALKOL TTOU
XPNOLoTToLoUVTOL O€ OXEOLAKEC BA



Yyeotakec Baoeig Aedopusvwv

= Ta 6ebopéva eival opyavwpeEva = [MAeovekTApata
(013 T[i\laKEC HLE KO(?\é( OpLOIJ.E'VEQ o 'Qplun tngo}\ov'[a TTOU
OXEOELG LETOEL TOUC uTtooTNPIlEL XIMASEC
epapUoyEC o€ Asttoupyia
= ACID oAUEPQ

= Atomicity: Mia cuvaAiayn yivetat

, , , , , = YPnAEg amodooelg
€lTe 0TO OUVOAO TNC €ite KABOAOU

. , , = MMAnBwpa epyaeiwv
= Consistency: KaBe cuvaAlayn , ,
netad£épeL tnv BA amo pa cuvenn " EKTTOUOEVHEVO TIPOOWTTLKO
KaTAotaon o€ AAAN CUVETNA

, , = Melovektipata
EMLONC KATAOTOON

= Isolation: Ot dAAeg Aettoupyleg KOGT?C
Sev propolvV vo T(POCTIEAAGOUV * Khpakwon
aAlayég ota SedopEva = AUOKOAN TpoOTOMOLNGN TNG
ouvaAlaywv tou dev £xouv Baong

oAokAnpwOel

= Durability: H fdaon 6ebopévwv
LUITopEL va avakapeL og
NepIMTWon aoToXLWV UALKOU



Aladedopevec oxeolakec Baoelg
Aedopevmwy

EMOpPLKEG

= Oracle Database

= |[BM DB2

= Microsoft SQL Server

= SAP Sybase SQL Anywhere

AVOLKTOU KWOLKO

= MySQL

= PostgreSQL

= Apache Derby
= SQLite

= H2

= HSQLDB



NoSQL Baocelc Aedopevmwy

= Ot NoSQL BA = [MAeovekTpata
XPNOLUOTIOLOUVTOL CUXVA YLOL = EUKOAOTEPN KALLAKWON
Tnv anoBrkevon Big Data (high scalability)

= YPnAEC embOoELC
= AltoBnkevon un SopNUEVWY

dedopevwy
= Melovektnuata (features)

= Weak (eventual) consistency

= No schema
= No transactions
= No SQL

©



NoSQL landscape

= Key—value stores
= Redis, Riak

= Column Family Stores
= Cassandra, HBase

= Document databases
= MongoDB, CouchDB

= Graph databases

= Neo4l, Infogrid,
HyperGraphDB

redis

o

Cassandra

. mongoDB

?® Neoyj

@ the graph database



~'AN SOL QUERY.GOES INTO A BAR. % 8

WMKS UP.TOTWO TABlES Mlll ISKS??(’“‘
N = -




Data Analytics
(AVOALTIKY)
Aedouevwy)

AvaAuon aKatEPYAoTWY SESOUEVWY yLOL TNV EEAYWYH CUUTTEPACUATWY,
CUXVA LE XPNON QUTOMATWY SLadLKaoLwV Kot aAyopiBpwy



Moneyball

Billy Beane, general manager of MLB's Oakland A's and
protagonist of Michael Lewis's Moneyball had a problem:
how to win in the Major Leagues with a budget that's
smaller than that of nearly every other team.
Conventional wisdom long held that big name, highly
athletic hitters and young pitchers with rocket arms were
the ticket to success.

But Beane and his staff, buoyed by massive amounts of
carefully interpreted statistical data, believed that wins
could be had by more affordable methods such as hitters
with high on-base percentage and pitchers who get lots of
ground outs.

Given this information and a tight budget, Beane defied
tradition and his own scouting department to build
winning teams of young affordable players and
inexpensive cast-off veterans.

https://www.goodreads.com/book/show/1301.Moneyball



https://www.goodreads.com/book/show/1301.Moneyball

Data analytics
(Data mining)

= Metaoxnuoatlopog dedopevwy
O€ KOLVOVEC I O€ TtpOTUTal
(patterns) pe vonua

= Katnyopiec texvikwy data
analytics

= KteUBUVOUEVEC TEXVIKEC:
nPoBAePn xapaKTNPLOTIKWV
YLOL EVOL CUYKEKPLUEVO OTOLXELD

= Mn kateuBUVOUEVEC TEXVIKEC:
EVTOTILOUOC patterns o€
dedopéva N opadomoinon Twv
dedopeEvwy

= MaAwdpounon
= Katnyoplomoinon

= Juotadormnoinon



g R e




WEKA

= AUVATOTNTEC
npoemneéepyaoioc Sesdopevwy

= 100+ aAyoplBuot yia
Katnyoplomoinon

= 20+ aAyopBpuoL yia
cuvotadormoinon

= AUVOTOTNTEC OTTTLKOTIOLNONG
dedopevwy Kall
QTTOTEAECLATWY

= Open source
= ExeLypadel o€ Java

= Mmopel va xpnotlpomolnOei
w¢ callable library

7 WEKA

The University
of Waikato




[TaAwvdpounon
(Regression)

= KAa.ooLKn otatlotikn neEbodoc

= Eva oUVOAO aTto ave€ApTNTEC MLETAPANTEC TTAPAYOULV EVAL
arnoteAeopa (e€aptnuevn petaAntn)

= [IpoBAEMEL TNV TLUN TNG e€apTtnUEVNG LeTaBANTAG Baoel
TWV TIHWV TWV AVEEAPTNTWY HETABANTWY

1 PP B . il . - . . - . - .
-2 -10 10 20 30 40 50 60



[Tapaderypa pe HaAwvdpounon

class = anootaon o€ HiAta ava YaAoviL KOUGiHou

e B & & -

Relation: autoMpg.names

Ma. | cylinders | displacement | horsepower | weight | acceleration | model | origin | class
MNominal MNumeric MNumeric Mumeric MNumeric MNominal | Nominal | Mumeric

1 3 307.0 130.0| 3504.0 12.0|70 1 18.0 -

2 3 350.0 165.0| 3693.0 11.5|70 1 15.0 |a

3 3 318.0 150.0| 3436.0 11.0|70 1 18.0

4 3 304.0 150.0| 3433.0 12.0|70 1 16.0

5 3 302.0 140.0| 3449.0 10.5|70 1 17.0

o 3 429.0 198.0| 4341.0 10.0|70 1 15.0

7 3 454.0 220,01 4354.0 9.0(70 1 14.0

3 3 440.0 215,01 43120 8.5(70 1 14.0

9 3 455.0 225,01 #4425.0 10.0|70 1 14.0

0 B 380.0 190.0| 3850.0 8.5|70 1 15.0

11 |8 383.0 170.0| 3553.0 10.0|70 1 15.0

12 |8 340.0 160.0| 3609.0 3.0(70 1 14.0

13 |8 400.0 150.0| 37510 9.5(70 1 15.0

14 |8 455.0 225,01 3036.0 10.0|70 1 14.0

15 |4 113.0 95.0| 23720 15.0|70 3 24.0

1B B 198.0 95.0( 2833.0 15.5(70 1 22.0

17 |6 185.0 97.0| 2774.0 15.5|70 1 18.0

18 |6 200.0 35.0| 2587.0 156.0|70 1 210

19 |4 97.0 88.0| 2130.0 14.5|70 3 27.0

20 4 97.0 45.0| 1335.0 20.5|70 2 26.0

21 4 110.0 87.0| 26720 17.5|70 2 25.0

22 |4 107.0 90.0| 2430.0 14.5|70 2 24.0

23 |4 104.0 95.0| 2375.0 17.5|70 2 25.0

29 |4 121.0 113,01 2234.0 12.5|70 2 26.0 -

Undo

r . hi
£ WekaExplorer t— [EEEER s
Preprocess | Classify | Cluster | Associate | Select attributes | visualize |
| Openfie.. | [ Open URL... ] l Open DE... ] [ Generate. .. ] Undo Edit... ] [ Save... ]
Filter
Current relation Selected attribute
Relation: autoMpg.names Name: cylinders Type: Nominal
Instances: 398 Attributes: & Missing: 0 (0%:) Distinct: 5 Unigue: 0 (0%)
S No. Label Count
[ All ] [ Mone ] [ Invert ] [ Pattern ] £ 103
24 204
ElL 84
No. MName R} 3
] 55 3

2| |displacement

3| |horsepower

4| |weight

5| |acceleration Class: dass (Num) w || Visualize Al

6([_|model

7|[origin

8|Cdass 04

103
&4
[ Remave
4 3
Status
= -~
L =

http://www.ibm.com/developerworks/library/os-wekal/



http://www.ibm.com/developerworks/library/os-weka1/

[Tapaderyua pe IlTaAwvépounon
(amoteAeopato)

.
&3 Weka Explore_- E‘Elg

| Preprocess| Classify | Cluster I Associate I Select attributes I 'u"lsualizel
Classifier
1 LinearRegression -5 0 -R 1,.0E-5
Test options Classifier output
(") Use training set claszs = &
(71 Supplied test set Set...
) -2.2744 * cylinders=6,3,5,4 +
(@ Cross-validation Folds |10 -4.4421 * cylinders=3,5,4 +
() Percentage split % |65 £.74 * cylinders=5,4 +
0.012 * displacement +
[ More options... ] -0.035% * horsepower +
-0.005%& * weight +
{Num) dlass - 1.6184 * model=75,71,76,74,77,78,79,81,82,80 +
1.8307 * model=77,78,79,81,82,80 +
Stop 1.8958 * model=79,81,82,80 + B
1.7754 * model=B81,82,80 +
Result list {right-dick for options
- [ click for options) 1.167 * model=E2,20 +
05:37:28 - functions.LinearRegression 1.2597 % model=20 +
2.1363 * origin=2,3 +
37.9145 E
B
Time taken to build model: 0.09 seconds I
=== (Crogs-validaticn ===
=== JUummary === — [
Correlation coefficient 0.9245
Mean absolute error 2.252 B




AXyopLBuotl katnyoplomoinong

Pages in category "Classification algorithms”

The following 85 pages are in this category, out of 85 total. This list may not reflect recent changes.

(

 (1+&)-approximate nearest neighbor search

« Calibration (statistics)

« Soft independent modelling of class analogies
« Statistical classification

« Variable kernel density estimation

A
= AdaBoost
» ALOPEX
« Alternating decision tree
« Analogical modeling
« Averaged one-dependence estimators
« Artificial neural network
« Types of artificial neural networks
« Automated Pain Recognition

B
« Boosting (machine learning)
« BrownBoost

Cc
« C4.5 algorithm
» Cascading classifiers
« Case-based reasoning
« Chi-square automatic interaction detection
» Classifier chains
« Co-training
« CoBoosting
« Compositional paftern-producing nefwork
« Conceptual clustering

D
« Decision boundary
« Decision tree learning
« Deductive classifier

E
« Elastic matching
« Evolving classification function

http://en.wikipedia.org/wiki/Category:Classification

F
» Feature Selection Toolbox

G
« Generalization error
« Gesture Description Language
« Gradient boosting
« Group method of data handling

H
« Hierarchical classification
« Hyper basis function network

« ID3 algorithm

« [Distance

« Information gain (decision tree)
« Information gain ratio

J
» Jackknife variance estimates for random forest

K
« K-nearest neighbors algorithm
« Kernel method

L
« Large margin nearest neighbor
» Latent class model
» Learning vector quantization
+ Least-sguares support vecior machine
« Linear classifier
« Linear discriminant analysis
» Locality-sensitive hashing
 Logic learning machine
« LogitBoost

« Margin classifier

« Margin-infused relaxed algorithm

» Mathematics of artificial neural networks
» Multi-label classification

« Multiclass classification

« Multifactor dimensionality reduction
« Multilayer perceptron

« Multinomial logistic regression

« Multiple discriminant analysis

« Multispectral pattern recognition

« Naive Bayes classifier

« Nearest centroid classifier

« Nearest neighbor search

* Normai discriminant analysis

« One-class classification

« Operational taxonomic unit

« Optimal discriminant analysis and classification tree analysis
« Ordinal regression

« Perceptron
« Probabilistic latent semantic analysis
« Probit model

« Quadratic classifier

« Radial basis function network
« Random forest

« Random subspace method

« Relevance vector machine

« Rules extraction system family

S
« Support vector machine
« Syntactic pattern recognition

T
« Textual case-based reasoning
« Tsetlin machine

w
« Whitening transformation
« Winnow (algorithm)

algorithms i



http://en.wikipedia.org/wiki/Category:Classification_algorithms

[Tapadetypo pe Kot yoplomoinon
(Aévépa Atopoaong)

= BApota dnuoupyioc Sevépou

anodaonc:

1. EmAoyn petapAntnc wg pila

2. Anpwoupyia dStakAadwong
ylot KaBe miBavn T tng
petaBAntng

3. ALo0XWPLOMOC TWV
dedoEvwy o€ uTtOoUVOAX
nou avatiBevtal o€ Kabe
kAddo tou Hevdpou

4.  EmavaAnyn Bnuatwv 2 kot 3

Kot 4 avadpopLka

= Kplowun amnodgaon: nmoLeg
uetaBAntec Ba mponynbouv

= AAvOpLBpuoc C4.5 (Weka J48)

I ==

[ £ Viewer

Relation: weather.symbaolic

Ma. | outlook | temperature | humidity | windy play

Nominal Mominal Mominal | Mominal | Nominal

1 sunny  |hot high FALSE |no

z sunny  |hot high TRUE |no

3 overcast [hot high FALSE |yes

4 rairy mild high FALSE |yes

g rainy cool normal  |FALSE  |ves

& rainy coal normal [TRUE  |no

7 overcast [cool normal [TRUE  |yes

8 sunny  |mild high FALSE |no

3 sunny  |cool normal  |FALSE  |yes

10 |rainy mild normal  |FALSE  |yes

11 jsunny  |mild normal  [TRUE  |yes

12  |overcast mild high TRUE  |yes

13  |overcast |hot normal  |FALSE  |ves

14 |rainy mild high TRUE  |no

ok |[ Cance ]‘

©



Aevdpo ATtOoaong

Ta 6evdpa anmodaonc yivovtal eUKoAa Katavonta

|| Weka Classifier Tree Visualizer: 09:34:20 - treesJ48 (weather symb.. s/ s=lsl s
e — ..
Tree View
=sunny = overcast = rainy
= high = normal =TRLIE = FALSE
o) wo o) @) wo o)
|




Cross-validation

= Ta 6edopeva pemeL va Ywpilovtal o€ training Kal test €tol
WOTE va ekTLUNOeil to overfitting

= To Weka vrntootnpilel n-fold cross validation

= 10-fold cross validation
= Ta Sedopeva xwpilovrat o 10 tunuata (folds)
= Me tnv oelpa eniAéyetal 1-fold
= EkteAeital o aAyoplOuocg
= YrtoAoyileto 0o HECOC OPOC OAWV TWV ATIOTEAECUATWY

<

(repeat 10 times)

o dat2s



AEvOpo ATOoong
(amoteAeopato)

= JWOTA TOLELVOUNEVEC TIEPLITTWOELC

= EocpaApeva TolVOUNUEVEC TIEPUTTWOELG

= Mivakac ovyxvonc (Confusion matrix)

{3 Weka Explorer

| Preprocessl Classify | Cluster I Associate | Select attributes | \l"ISL.IE|iZE|

]

Classifier
143 C025M2

Test options

() Use training set

() Supplied test set Set...
(@ Cross-validation Folds |10
() Percentage split % |66

Classifier output

’ More options...

(Mom) play

Result list {right-click for options)
09:34:20 - frees. J48

Confusion matrix

Correctly Classified Instances
Incorrectly Classified Instances
Kappa statistic

Mean absolute error

Root mean sgquared error
Eelative absolute error

Root relatiwe sguared error
Total Nurmber of Instances

=== Detailed Lccuracy By Class ===

TF Rate FP Rate
0.556 0.8
0.4 0.444
Weighted Avg. 0.5 0.544

=== (Coniusion Matrix ===

ab «-- classified as
54 | a=yes
32 1| b=no

7
7
-0.0428
0.4167
0.5584
87.5
121.2987
14

Precision
0.6825
0.333
0.521

3
%

Recall
0.556
0.4
0.5

50
50

F-Measure
0.588
0.364
0.508

-

ROC Area Clas
0.633 yes
0.633 no [

0.633

m

1

L




[Tapadetypo pe Katnyoplomoinon
(BMW mtpowBnon eyyimong)

= ELoodnpatikr Kotnyopia 2 Viewer - e

Felation: bmwreponses

= O:$O'S30k Mo. | IncomeBracket | FirstPurchase | LastPurchase | responded
MNominal MNumeric MNurneric MNominal
— _ 1 |4 200210.0/  200601.0/0 -
- 1_$31k S4Ok' 2 |5 200301.0]  200601.0[1 —
G 200411.0]  200601.0/0
- 2—$41k-$60k, 4 s 199609.0)  200803.0[0
G 200310.0]  200512.0[1
= 3=$61k-s75k, 6 |4 200502.0]  200601.0[1
7 |5 200309.0]  200602.0[1
n 4=S76k-$100k, g s 200110.0]  200603.0/0
s s 199710.0)  200603.0(1
- 5=5101k_5150k 10 |5 200310.0 200601.0(1
’ 11 |5 199801.0[  200512.0[0
— 12 |1 200402.0]  200511.0/0
. 6_5151k_5500k' 13 |4 2000110/  200601.0[1
14 |2 199704.0 20080100
" 7=S501k+ 15 |0 199608.0)  200506.0(1
16 |3 199809.0) 20080100
, ’ ' ! 17 |0 199610.0/  200505.0(1
= ETOC/HHVGC TTPWTNG Ayopaq BMW 13 |6 200509.0]  200509.0[0 |
19 |2 199803.0(  200802.0(1
’ ! 1 ! 20 3 200402.0]  200702.0[1
- ETOC/W]VOLC TtLo T[pocd)aTnC ayopag 21 |2 199607.0(  200508.0(1
2 3 199609.0/  200506.00
BMW 23 |1 199701.0[  200510.0[0
24 |5 200110.0]  200512.0[0 v

= Edv avtamnokpiBnkav otnv undo | Lok [ Cancel |
npoodopad EKTETAPEVNC EYYUNONG

oTo MapeABoV @




AmoteAcopata pe tov C4.5
(Weka Jj43)

G T e o=

| Preprooessl C|ESSI'F¥_] Cluster | Associate | Select attributes | '\ﬂsualizel
Classifier
| Choose [M8-coz5-Mz |

Test options Classifier output
(7) Use training set Correctly Classified Instances 1642 54.7333 % o
) Supplied test set et Incnrrectlj.,r C}assufled Instances 1358 45.2667 %
Kappa statistic 0.0933
@ Cross-validation Folds |10 Mean absolute error 0.49
() Percentage split o (56 Root mean squared error 0.5038
Relative absolute error 98.0236 %
[ More options... ] Root relative aguared error 100.7747 %
Total Number of Instances 3000
[ {Mom) responded -

=== Detailed Accuracy By Clazs ===

. 0.501 0.408 0.543 0.501 0.521 0.55

10:37:08 - lazy.IBk

TP Rate FP Rate Precision Recall F-Measure ROC Are:

Weighted Avg. 0.547 0.454 0.547 0.547 0.548 0.55

=== (Confusion Matrix =—=

a b <—- classified as
903 622 | a=1
736 739 | =20

m

4

>




AmoteAcopata e Tov k-nearest
neighbor (K-NN)

TR S

| Preprocess| Classify | Cluster I Associate I Select atiributes I 'u"ls..lalizel

Classifier

| Choose ||IBk K 1 =W 0 -A "weka.core.neighboursearch.LinearhNSearch -4 \"weka.core . EuclideanDistance -R First-last}™

Test options

Classifier output

=== Confusion Matrix =—

a ] <-— clazzified as
999 526 | a=1
747 728 | E=20

4 UL

() Use training set Correctly Classified Instances 1727 57.5667 % -
) Supplied test set et Incorrectly Classified Instances 1273 42,4333 %
- Kappa statistic 0.14%9
(@ Cross-validation Folds |10 Mean abaclute error 0.4305
() Percentage split 5 |66 Root mean aquared error 0.6143
Belatiwve absclute error g6.1195 %
[ More options... ] Boot relative sguared error 123.2818 %
Total Numbker of Instances 3000
l (Mom) responded -
=== Detailed Accuracy By Clas3 ===
Result list (right-dlick for options) TP Rate FF Rate Precision Recall F-Measure ROC Are:
esult list (ri i r options,
d P 0.655 0.506 0.572 0.655 0.611 0.581
"'EES' 0.494 0.345 0.581 0.494 0.534 0.581
s Weighted RAvg. 0.576 0.427 0.574 0.576 0.573 0.531

m




Yvotadomoinon (Clustering)

= Opadornolel ta dedopeva oe = AAyoplBuoc k-means
clusters evtomniovtag npotuna 1. To Sedopéva
TIOU UTTOPEL val €ival KPUHEVA KOLVOVLKOTIOLOUVTOL
= O XprioTNn¢ Ba pémeL va opioet 2. Ent)\évoyrat k thaisq
TWV aplOpo twv clusters gk Twv EYYPADEG WG ETUKEVTPA TWV
NPOTEPWV clusters

3. Ymoloyiletal n anootaon kaBbe
gyypadnc amno ta eMikevipa
kal avatiBetal oto cluster mou
elvaL mAnoléotepa

4. Ymoloyiletal To VEO ETIKEVTPO
WC LECOC OPOC TWV EyypadwVv
Tou cluster

5.  EmavaAapBavovtoal ta BApata
3 kat 4 pExpL va
otaBepormnotnbouv ta
eTikevtpa

B | A 'y Al S y 7
| A 4 i ! 1
‘ - . e 1 | 2 | W e |
RS, %1 | /1 oM e - $
A o PP N |~/ & JB 1
(] 3 2 ( I v v . |
3 7 — / . /
£ 1k / ‘ o b 4
2 L " { - / L J f
4 2 0 2 4 6 8 10 12 u A v - O



http://stanford.edu/~cpiech/cs221/handouts/kmeans.html

[Tapadetypa pe Zvotadomolinon
(BMW emioKEMTNG =2 TEAGTNG )

iz viwer = =) (Q wootpoer e |
JESation. ar-brf:wsers - - - | Preprocess I Classify| Cluster | Associate I Select attributes I \ﬁsualize|

Dealership | Showroom | ComputerSearch M5 35eries 4 Financing | Purchase
. Numeric Numeric Numeric MNumeric | Mumeric | Mumeric | Mumeric Mumeric Clusterer
1 1.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0[ | Choose §||5impIeKMeans -M 5 -A "weka,core, EuclideanDistance -R first-last” -1 500 -5 10 |
2 1.0 1.0 1.0 0.0 0.0 0.0 1.0 0.0
3 1.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 Cluster mode Clusterer output
4 1.0 1.0 1.0 1.0 0.0 0.0 1.0 1.0 @) Use training set ComputerSearch 0.43 0.68538 1] 1 =
5 1.0 0.0 10 1.0 1.0 0.0 10 1.0 = ) Supplied test set e M5 0.53 0.4615 0.963 1
& 1.0 10 10 0.0 10 0.0 0.0 0.0 - 35eries 0.55 0.3846 0.4444 0.8
7 1.0 0.0 1.0 0.0 0.0 0.0 10 1.0 () Percentage split % |66 Z4 0.45 0.5385 a 0.8 |
8 10 0.0 1.0 0.0 1.0 0.0 0.0 0.0 (7) Classes to dusters evaluation Financing 0.61 0.4815 0.6298 0.8 i
9 1.0 1.0 1.0 0.0 1.0 0.0 1.0 0.0 I - Purchasze 0.39 i} 0.5185 0.4
10 1.0 0.0 1.0 1.0 1.0 1.0 1.0 1.0 I (Num) Purchase [
1 10 0.0 1.0 10 1.0 1.0 1.0 0.0 Store dusters for visualization
12 1.0 0.0 1.0 1.0 0.0 1.0 0.0 0.0 Ll
13 1.0 0.0 1.0 1.0 0.0 0.0 1.0 1.0 Il [ Tonore atirbutes ]
14 10 1.0 1.0 0.0 0.0 1.0 1.0 0.0 H Time taken to build model (full training data) : 0.01 seconds
15 1.0 0.0 1.0 1.0 1.0 1.0 0.0 0.0 [l Stop
1% 10 1.0 1.0 10 1.0 0.0 1.0 1.0 i === Model and evaluation on training set ===
17 1.0 0.0 1.0 0.0 0.0 0.0 1.0 1.0 | Result list {right-dlick for options) |
18 1.0 0.0 1.0 0.0 0.0 0.0 1.0 0.0 11:27:52 - SimplekMeans Clustered Instances
19 1.0 1.0 0.0 1.0 1.0 0.0 0.0 0.0 I
20 1.0 0.0 0.0 1.0 0.0 0.0 0.0 0.0
21 1.0 1.0 1.0 0.0 0.0 1.0 1.0 1.0 o 26 ( 26%)
22 1.0 0.0 1.0 0.0 0.0 1.0 1.0 1.0 I 1 21 (27%) £
23 1.0 1.0 0.0 0.0 0.0 0.0 1.0 0.0 2 5058
24 1.0 1.0 0.0 1.0 0.0 0.0 0.0 0.0 3 14 (148
25 1.0 10 00 10 1o 10 10 0.0 4 28 ( 28%)
26 1.0 1.0 1.0 0.0 1.0 1.0 0.0 0.0 i
27 1.0 1.0 0.0 1.0 1.0 1.0 1.0 0.0 i
28 1.0 1.0 0.0 1.0 1.0 0.0 1.0 0.0 4 1 3
29 1.0 1.0 1.0 1.0 1.0 1.0 0.0 0.0 = s

Undo OK
S— [ —

SimpleKMeans



OTTIKOTIONOT) ATIOTEAECUATWYV

| 2] Weka Clusterer Visualize: 11:27;52 - Slmplelﬁl"u'lﬂs (car-browsers) L@g

T Y . I = 3 Jdhe W .

x: M5 (Mum) - ‘f Purchase (Murm) -
.Cnlnur: Cluster (Mam) v. Select Instance -
Re... [ Clear ” Clpen ” Save ] Jitter ;- U
Plot:car-browsers_dustered
1 " Nt A A
® x ! i
H L] i
1 i
* ' i
0.5 7 1 HE
1
® w1 |
I = x 3 ! i
. b H
0 et | |
0 0.5 1 ;
Class colour

clusterl clusterl clusterz




@ Aoylopka yio Data
= Sclence




Epyaleia yia Data Science

Open Source

= R

= Python SciPy/NumPy
= Orange
= Scikit-learn

= Java Weka

= Matlab clones
= Scilab

= Octave

= Processing (Visualization)

= Gephi

Commercial

= SAS

= |IBM SPSS
= Matlab

= SAP HANA
= Splunk



Python Orange

o r 0 n =N ) Custom Search
Features Download Add-ons Documentation Development Forum  Blog

ﬂ‘btmget:mi el =
File Optiors  Widget kel
:hu|mf‘_ﬂmﬁtﬁ#§lm|mn|mmd|mw

SO sdEn s Dol

L~

Open source data visualization and analysis
for novice and experts. Data mining through
visual programming or Python scripting.
Components for machine learning. Add-ons
for bioinformatics and text mining. Packed

with features for data analytics.

Orange 2.7 for Windows
(Built Mov 04, 2013 at 03:48 CET)

[Downloads fer ether systems and versions)



Python scikit-learn

Classification

Identifying to which set of categories a new
observation belong fo.

Applications: Spam detection. Image
recognition.

Algorithms: SVIM, nearest neighbors, random
forest, ... — Examples

Dimensionality reduction

Reducing the number of random variables to
consider.
Applications: Visualization, Increased

efficiency
Algorithms: PCA, Isomap, non-negative matrix

factorization. — Examples

ion Documentation -

Examples

scikit-

Couogle™ Custom Search Search| x

learn

Machine Learning in Python

Regression

Predicting a continuous value for a new
example.
Applications: Drug response, Stock prices.

Algorithms: SVR, ridge regression, Lasso, ...
— Examples

Model selection

Comparing. validating and choosing
parameters and models.

Goal: Improved accuracy via parameter tuning
Modules: grid search, cross validation,
metrics. — Examples

Clustering

Automatic grouping of similar objects into sets.
Applications: Customer segmentation,
Grouping experiment outcomes

Algorithms: /-Means, spectral clustering,
mean-shift, ... — Examples

Preprocessing

Feature extraction and normalization.

Application: Transforming input data such as

text for use with machine learning algorithms.

Medules: preprocessing, feature extraction.
— Examples



The R Project for Statistical Computing

PCA 5 vars [ ]
princomplx = deak, cor = cor) . . .
L
Feilily &
L ]
»
%o
1 J ’ ] g
: Examinaiion
Catholiz _H""""IEduc:aibn| _. . .. -
[
Agriculiume
[ I J
—([060%| o o o' e -
L

l °°

[ - O
Clustering 4 groups Factor 1 [419%6] Factor 3 [19%]

Groups
= i~
16 | |
F'*::Ef- 1 I &
L |

S e |
a0 a0 A0 a0 o

\

Interest over time

A A

|4=

Jan 1, 2004



R Rattle

Fﬁe your data in
new and
interesting ways.

Then build a data

mining model in
just 4 clicks of the

monze hutton

LR RIE S EaS s SRR 1S L

Data Mining using R

Rattle 1z the B Analytical Tool To Learn Easily,
building on the strength of the worlds most
powerful statistical software environment, B

Rattle presents statistical and

¢| stunning visual summaries of
'| data, with 2-D and 3.-D

i| interactive explorations. All of
| this is built on top of the

i interationally recognised best-
of-breed graphics capabilities

| of B

i

E

Data can be transformed nto
the shapes required for
. modelling.




® RDATAFRAME

Search term

Woarldwide

Interest over time

PY—
AVerage

R, Python, SAS, SPSS

. ® PYTHON . SAS . ® SPSS
: Search term : Search term : Search term
2004 - present = All categories Web Search «

| 4=

O <




@ Xpriotot Iépot



[IMyec Aedopevwy

Google public data explorer
= https://www.google.com/publicdata/directory

UCI Machine Learning Repository
= http://archive.ics.uci.edu/ml/

PublicData.eu
= http://publicdata.eu/no/

Open Government Data
= http://www.data.gov/

NYC Open Data
= https://data.cityofnewyork.us/

Open Source Sports
= http://www.opensourcesports.com/

GapMinder
= http://www.gapminder.org/data/

Quandl - Intelligent Search for Numerical Data
= http://www.quandl.com/

Infochips
= http://www.infochimps.com/marketplace



https://www.google.com/publicdata/directory
http://archive.ics.uci.edu/ml/
http://publicdata.eu/no/
http://www.data.gov/
https://data.cityofnewyork.us/
http://www.opensourcesports.com/
http://www.gapminder.org/data/
http://www.quandl.com/
http://www.infochimps.com/marketplace

Customer Solutions = Competitions

Welcome to Kaggle, the leading
platform for predictive modeling

competitions. Here's how to jump
into competing on Kaggle —

New to Data Science? Visit our Wiki »
Lawrn sbout hosting s competion >
nCass & Research competitons >

Pel B4

Enter

Find a competition &
dowriload the training
data. You don't need new
software/skills to submit.

Active Competitions Active Competitions

All Competitions

Optimiz;

s based on current

Community »

L2111
Build

Build a model using
whatever methods you
prefer and upload your
predictions 10 Kaggle.

Flight Quest 2: Flight Optimization

which customer

As the World Churns @

willle

jeather and traffic.

2%
-..Win!

Kaggle scores your
solution In real time and
you'll see your place on
the live leaderboard.

41 days
34 teams.
$220,000

2 months
36 teams
$9,000

20 days

44 days
11 teoms

Wiki

Customer Solutions =~ Competitions  Community ~

» Tutorials

o ‘ ‘ [ Search ]

This article is a stub. You can help us by expanding it.

Tutorials by Kaggle

Getting Started With Python For Data Science
Our product wiz Chris introduces you to the use of the Python programming language for data science
including environment setup and code examples. A good place to start.

Getting in Shape for The Sport of Data Science (youtube.com)
A tutorial by our chief scientist, Jeremy Howard, giving a brief overview of a (highly successful) data scientist's
toolkit.

Getting Started competitions

Digit Recognizer
The goal in this competition is to take an image of a handwritten single digit, and determine what that digit is
This competition is designed to introduce people to Machine Learning.

Titanic: Machine Learning from Disaster
This competition, in which we ask you to predict who was likely to survive the wreck of the Titanic, provides an
ideal starting place for people who may not have a lot of experience in data science and machine learning.

Data Analysis in R



Coursera’s Data Science Moocs

UNIVERSITY of

v JOHNS HOPKINS
» - WASHINGTON

Data Analysis

Leam about the most effective data analysis methods 10 solve problems
and achieve insight

Introduction to Data
Science

Join the data revolution. Companies are searching for data scientists
This specialized field demands multiple skills not easy to obtain through
conventional curricula Introduce yourself 1o the basics of data science
and leave armed with practical experience extracting value from big data

May 15t 2013 (8 weeks iong)

About the Course

(8 weeks long)
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Types of Data Professionals

Data Engineer

ML Ops
Doploiemant Data Pipolinas
ML Modeling z Database
Stats \ ‘ Data Viz
Experimentation Storytelling

Reporting Business Insights

Data Scientist

ML Ops
Deploiement Data Pipelines
ML Modaling - Database
Stats * § Data Viz
Experimentation Storytelling

Reporting Business Insights

ML Engineer

ML Ops
Doplaiemant Data Pipolines
ML Modeling Database
Stats Data Viz
Experimentation Storytelling

Reporting Business Insights

Data Analyst

ML Ops
Deploiement Data Pipelines
ML Modeling Database
" N
Stats | 7 Data Viz
A
Experimentation | ; _~Storytelling
\ ’,

Reporting Business Insights
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