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Chapter 1
Big DataAnalytics =Machine Learning+ Cloud Computing

Caesar Wu, Rajkumar Buyyand Kotagiri Ramamohanarao

1.1 Introduction

Although the term Big Datahas becomepopular, there is no general consensus about what it really mear3ften,

many professional data analysts would imply the process &itraction, Transformation and Load (ETL) for large
datasets as the connotatiorof Big Data A popular description of Big Datais based orthree attributes of data: volume

velocity, andvariety (or 3Vs) Nevertheless,it does not capture all the aspects oBig Dataaccurately.In order to
provide a comprehensive meaning dBig Datg we will investigate this term from a historicaperspectiveand see how
it has been evolvingeOT I UAOOAORDAU DO AIAVARIOEIACT T T OAGET 1T

Historically, theterm Big Datais quite vague and #tlefined. It is not apreciseterm and does not carry a particular

meaning rather thanthe notion of its size. The wordCBIgEO OT1T 1 CAT AOEA8 4 5hig &adBodOET T ET
OO0i Al 1 6 [1HsQelativé ¥ itimhe, space and aircumstance From an evolutionanyp AOOPAAOE OABig OEA OEU
Datad EO Al xAUO A Gfielc@rErt @abal Intehet xraffic €aPakity [2] as ameasuring stick yard the

meaningof Big Daad O O iwbuldlilifbetween Terabyte (TB or #8or 2°°) and Zettabyte (ZB or 18or 2% range.

Based on historical data traffic growth rateCiscoclaimedthat humanhas entered the ZB era in 201[2]. To understand

OECT EEZEAAT AA 1T £ O Hehusdlahd® Atth€alvdradd sikedf Giffefeint Bafailésshown in Table 1

Media Average Size of Data Fil Notes (2014)
Web Page 1.6-2 MB Ave 10bjects
eBook 1-5MB 200-350 pages
Song 3.5-5.8 MB Ave 1.9 MB/per minutMP3) 256 Kbps rate (3 mins)
Movie 100-120 GB 60 framesper second (MPEG&4 format, Full High Definition, 2 hours)

Table 1: Typicali# of Different Data Files

The mainaim of this chapter is to provide a historical view of Big Data and to argue that Big Data is not just 3Vs, but
rather 3Vs or 9Vs. These additional Big Data attributes reflect the real motivation behind Big Data Analytics (BDA). We
believe that these expaded features clarify some basic questions about the essence of BDA: what problems Big Data
can address, and what problems should not be confused as BDA. These issues are covered in the chapter through
analysis of historical developments along with assotéal technologies that support Big Data processing. The rest of
the chapter is organised into eight sections as follows:

1) AhistoricalReview for Big Data

2) Interpretation of Big Data3Vs, 4Vs and 6Vs
3) DefiningBig Datafrom 3Vs to3%V/s

4) Big Dataand MachineLearning

5) Big Dataand Cloud Computing

6) Hadoop, HDFS, MapReduc&park and Flink
7) ML+CCA BDAand Quidelines

8) Conclusion

1.2 A HistoricalReviewof Big Data

In order to capture the essence oBig Datg we provide the origin and history ofBDAand then propose a precise
definition of BDA
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1.2.1 The Origin of Big Data

Several studies have been conducted on historical views and developments in BDA aBbPress 3] provided ashort

history of Big Data starting£0T | I Y®ddh xEEAE whrld[4)AHe@dvdied 681yea & Aiftddydod

evolution of Big Databetween 1944 and 2012 dnillustrated 32Big Datarelated events in the recent data science

EEOOI OU8 ! O 0 OA O @gthe fink W& HevéeAthe giolvth d& 8a@ andl BiBafhas become blurred.

Very often, the growth rate of data has been referred O OET &£ O AOEANT ORAIG®ECHE OBAAOASG AT A OE]
are often used interchangeablytwo terms have different conndations). 0 O A €u@is quite comprehensiveand
coversBDAevents up toDecember 2013.Since then,there have beenmany relevant Big Dataevents. Nevertheless,

0 0A 006 didddoéeE Hoth Big Dataand Data Science events To this extent, the term Data Science could be

consideredas a compementary meaning ofBDA

Y1 AT i DAOEOI 1T xEOE 0 OA|@sablisHadkhd Brifix df BigtDatAtd 1880 ke theldd (8census

was held. The real problem during th@d" century was a statistis issue, which washow to survey and docment 50

million of North-American citizers. Although Big Datamay contain computation of some statisticselements, these two

terms have different interpretations today. Similarly,Winshuttle [6] believe the origin of Big Datawas in the 19"

century. They argue if data sets are so largené so complex and beyond traditional process and management
AADAAEI EOUh OEAT OEAOA ABgMad®d OPT AAN i BAORAEI OEGS@WRALA® 06 O
emphasizesEnterprise Resource Planning (ERP) and implementation on cloud infrastawet Moreover, the review

also makes a predication for data growthto 2020. The total time span of its review was more thar220 years.

The longestspan ofhistorical review forBig Databelongsto " A OT AOA - A O 0. 0letradkdtAc@iigh OfBif) 1 +

Data back to 18,000 BCE. Marr argued that we shoujghy attention to historical foundations ofBig Datg which are

different approachesfor human to capture, store, analyze and re&ve both data and information.Furthermore, Marr

believed that the first person who casted theterm CBig Data was Erik Larson 9], who presented an article for
(AOPAOBO - ACAUETA ATA EO xAO OOAOANOAT 61U OAPEEMWMOAA ET 4
sentences that consistecf the words of Big Data), Th® keepers oBig DataOAU OEAU Ai EO & O OEA Al
"00 AAOA EAOA A xAU 1T &£ AARET ¢ OOAA &£ O PpOODPI OAOG 1T OGEAO OEAT |

In contrast, Steve Lohr 1 disagrees with- A O @eivCHe argueghat just adopting the term alone might not have the

O1 A MBig dabaconnotation A A A A @i AernBig Datais so generic that the hunt for its origin was not just an effort

to find an early reference to those two words being used togethér Instead, the goal was the early use of the term

that suggests its presentinterpretation ? that is, not just a lot of data, but different types of data handled in new

waysd. This isan important point. Based on thiseasoning we considerthat Cox and Ellsworth[8] as theorigin of Big

Databecause they assigned a relatilieaccuratemeaningto the existing view of Big Data which they statedO 8 A A O A

sets are generally quite large, taxing the capacities of main memory, local disk and even remote disk. We call this the

problem of Big Data When data sets do not fit in main memory (in core), obA1T  OEAU AT 1106 MEO AOAT 1
Although O A Ateh@ @hay have extended meaningthan # 1 @ AT A %terin Oid deihifich Geasonably
accuatelyreflectsOT AAUSO AT 111 OAQET 1

Another historical review was contributed by Visualizing .ord 1 It focused on the timeline of how to implement BDA.

Its historical description is mainly determined by events related to Big Data push by many Internet and iipemies,

such as Google, Youtube, Yahoo, Facebook, Twitter and Apple. Especially, it emphasized the significant impact of
Hadoop in the history of BDA. It primarily highlighted the significant role of Hadoop in the BDA. Based on these studies,
we show thehistory of Big Data, Hadoop and its ecosystem in Figure 1.
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# 1997, The problem of Big Data, NASA researchers, Michael Cox et and David Ellsworth’s paper @
J

1 1998, G C

e , Google was founded ‘(

1999, Apache Software Foundation (ASF) was established
APACHE

E, 2000, Doug Cutting launched his indexing search project: Lucenem
2000, L Page and S. Brin wrote paper “the Anatomy of a Large-Scale Hyertextual Web search engine”
= 2001, The 3Vs, Doug Laney’s paper “3D data management: controlling data Volume, Velocity & Variety”Gartner

L

_ [

2002, Doug Cutting and Mike Caffarella started Nutch, a subproject of Lucene for crawling websites,‘i\ma;ﬂ
2003, Sanjay Ghemawat et al. published “The Google File System”(GFS)
2003, Cutting and Caffarella adopted GFS idea and create Nutch Distribute File System (NDFS) later, it became HDFS

Google
2004, Google Began to develop Big Table BigTable s 12
2004, Yonik Seeley created Solr for Text-centric, read-dominant, document-oriented & flexible schema search engine Solr 4
2004, Jeffrey Dean and Sanjay Ghemawat published “Simplified Data Processing on Large Cluster” or MapReduce
2005 Nutch established Nutch MapReduce

2005, Damien Katz created Apache CouchDB (Cluster Of Unreliable Commadity Hardware), former Lotus Notes

2006, Cutting and Cafarella started Hadoop or a subproject of Nutch sﬁ"hadaup ' ‘a 'i);f
& o

2006, Yahoo Research developed Apache Pig run on Hadoop Semnte

2007, 10gen, a start-up company worked on Platform as a Service (PaaS). Later, it became MongoDB .mmgom;

2007, Taste project P

2008, Apache Hive (extend SQL), HBase (Manage data) and Cassandra(Schema free) to support Hadoop &%, ii=HeE
2008, Mahout, a subproject of Lucene integrated Taste

2008 Hadoop became top level ASF project

2008 TUB and HPI initiated Stratosphere Project and later become Apache Flink ({StratoSphere A 5"

2009, Hadoop combines of HDFS and MapReduce. Sorting one TB 62 secs over 1,460 nodes

- lab
2010, Google licenced to ASF Hadoop apacHe @hadﬂﬂp

2010, Apache Spark , a cluster computing platform extends from MapReduce for in-memory primitives Spr",:Z &Flink
2011, Apache Storm was launched for a distributed computation framework for data stream =y 000

2012, Apache Dill for Schema-Free SQL Query Engine for Hadoop, NoSQL and cloud Storage

2012, Phase 3 of Hadoop — Emergence of “Yet Another Resource Negotiator”(YARN) or Hadoop 2 DRILL

2013 Mesos became a top level Apache project ,-'sg MESOS

b
2014, Spark has > 465 contributors in 2014, the most active ASF project Spor‘lzg Hzo @J &Flfnk
% 2015, Enter Zeta Byte Era *I\!l R

cassandra

Figure 1A Short History ofBig Data

Undoubtedly, there will bemany different views based on different interpretationsof BDA This will inevitably lead to
many debates ofBig Dataimplication or pros and cons.

1.2.2 Debates of Big Data Implication

Pros

Therehave been many debates regardinBig Datéd E | D 1d&riAghtt® lpdstifew yearsMany advocates declareBig

Data as a new rock star ROl and Big Data will be the next frontier [21, [22 for innovation, competition and
productivity AAAAOOA AAOA EO AiI AAAAAA ET OEA 11T AAOT EOI Al AAEIT C
and human in every second is a ipyoduct of all other activities. It will become even th@ew epistemologies B3 in

science. To certain degredylayer and Cukier 24] argued Big Datawould revolutionize our way of thinking, verking

and living.They believe that a massive quantitive data accumulation will lead to qtalve advances at the core of BDA
-machinel AAOT ET Ch BAOAI 1 Al EOI hBig iDétawil hd £ gourck lofAnewbeCohdinie AdE aid 08 O
ET 1T 1 OATéek tohclusion is that data can speak for itself and we should let the dateak.

Qu
O

To certain extent, Montjoye et ald [25 echoed the aboveconclusion Theydemonstrated that it is highly probable

(over 90% reliability) tore-identify a person with as little as only four spatiotemporal data points (credit card

transactions in a shopping mall) by leveragingig DataAnalytic8 4 EAEO AT 1 Al OOEidata setof OEAO Ol
human behavior have the potential to fundamentally transform the way we fight diseases, design cities and perform

researcho

Cons
In contrast, ©me argue that Big Datais inconclusive, overstated, exaggerated and misinformed by the mediad data
cannot speak for itself{13. It does not matter how Big Dataset is. It could be just another delusioA AAAOOA OEO EO |

having billions of monkeys typing, oe of themx Ei i x OE OA [BIE)AIE AQDEAIDiAB®EN Oi A O1 AGAO

Page3



BDA=ML + CC

judge a decision by its outcomg T OOAT | Aln AtieAviddds, if one ofthe monkeys can type Shakespeare, we
cannot conclude or inference that anonkey has sufficient intelligence to be Shakespeare.

Gary Drenik 19 believed that the sentiment of the overeager adoption oBigDataE O 1 1 OA 1 EEA O%@OOAI OAE
$A1 OOETT AT A OEA - AATAOGO 1T £ #01 xAOdhievOEHA AAEGA OEDICED D A TAIAE
Psychologically, it is a kind of a crowd emotion that seems to have a perpetual feedback loop. Drenik quoted this

Oi AAT AOO6 xEOHENg-OAREAET A ~OEAO xET 1T A Al i1 01 EOEAO OOAAATIT U AE

go mad in its pursuit; that millions of people become simultaneously impresiseith one delusion, and run itill their
attention is caught by some new folly more captivating than the fist 4 EA EOOOA OEAO $OATEE EAO 1

I OAOOAEAT OAAT EOU AT A OEAOA x/B@DiteE GEIAA AP R OO AGERIBD AAI ®C
Harper Reed, haOEA OAAl OO1T OU ET OAOI O 1T &£ AAIBPOEIT T &£ "$!'8 (EO
OAGDAT MEOAG

Danah Boyd et al 1] are quite sceptical regardingBig Datain term of its volume. They argued bigger data are not

Al xAUO AAOOAO AAOGA EOI I O1T AEAT OAEAT AA bl po@AMbOBERA8 )T OA
AOOAOOAA OEAO OEAT OU T O TAOETATITCU EO OOEIIl EECEI U OAIlI AOGA’
fit the research questonAAET ¢ AOEAAN ET O1I 1T A AAOAOh OiIAll EO AAOOG6S8 4E-Z
attention to the volume of data. Philosophically, the critic isimilar asthe debate betweenJohn Stuart ME1 1§ AEOA - E1 |

classical oempirical methodg and his citics [35 in 1"A AT OOOUR xEEAE - EitididpdssiBlexthéaE A0 AOC O/
on the intelligent questionby just ingesting as much as data alowéthout some theory or hypothesis. This means that
we cannot makeBig Datado the work of theory.

Another Big Datacritique comes from David Lazer et al[19. Theydemonstrated that Google Flu Trends GFT

completely. The issue ofGal C1T OEOEI AODEBEAREAREGAT CAO 11 Lkiited<]to improve the
commercial service and by consumers in using that se/vidIn another words,the changing algorithms for searching
will directly impact onO E A (hénAvioOTdnis will lead tothe collected datais driven by deliberated algorithmsLazer

concluded there are many traps iBDA, especially for social media research. Their conclusion v are far froma

place where they (BDA) can supplant more traditional methods or theoriés

All these multiple views were due to different interpretations of Big Data and different implementans of BDAThis
suggests thatin order to resolve these issues, we should first clarify the definition thfe term BDA and then discover
the clash point based on the same term.

1.3 Historical Interpretation of Big Data

131 Methodology for Defining Big Data

yT OOEOCEOAT Uh T AEOEAO UAOOAOAAUBO AAOA O1T1O1TA j AAOGT T OOA OEU
O"EC6 [T AU AAAT T A OTI11 001 x80 OO0Ii A1l 68 )1 1T OAAO O1 Ai AOE&EU O
can investigateand U AAOOOAT A OEA AOT AGETT O T £ A AAEET E@Hbnd Irvikkd OAA T 1
# 1 b BEHapproaches (see Figure 2).

Ilrving M Copi

Essential-Intuitive Theoretical

5
Persuasive

Figure2 Methodology of Definition
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"AOAA 11 "AEOA 10 )OOEIT ¢80 APPOI AAE 1T &£# AARAEET EOQEITh xA xEII
perspective (lexical meaniny Then we extend the term from 3Vs to 9Vs of ¥s based on its motivation (stipulative

meaning), which is to add more attributes for the term. Finally, we will eliminate ambiguity and vagueness of the term

and make the concept of Big Data more precise and meaningful.

1.3.2. Different Attributes of Definitio ns

Gartner - 3Vs Definition

Since 1997, many attributelsave beenaddedto Big Data Among these attributes, three of them are the most popular,

which they havebeen widely cited and adoptedThe firstoneEO O1 AAT 1T AA ' AOOT AOGobtofET OAOPDOA
this term can betraced back to February 2001. It was casted by Douglas Lane3@8] in his white paper published by

Meta group, which Gartner subsequently acgired in 2004. Douglas noticed that due to surging of-@mmerce

activities, data has grown along three dimensions, namely:

1. Volumeg whichmeans Incoming data stream and Cumulative volume of data.
2. Velocity, whichrepresents the pace data used to support faraction and generated by interactions
3. Variety, whichsignifies the variety of incompatible and inconsistent data formats and data structures.

According to the history ofBig Datatimeline [28¥ h  $ 1 OC1 A\WS defirkibnAhdsib@en widely regarded as the

OAT i i htfribiutes of Big Databut he stopped shortof assigring these attributes to theterm (Big Data 8
IBM- 4Vs Definition
IBM addedAT T OEAO AOOOEAOOA 1O 066 A O O6AOAAEOUSG 11 OEA OI D ¢
FourVsoBigDat8 ) O AAZET A0 AARHBO:O0O66 AO A 111 xET C
1. Volume stands for scale of data
2. Velocity denotes to analysing streaming data
3. Variety indicates different forms of data
4. Veracity implies uncertainty of data

Paul C. Zikopoulos et al3ly A @bl AET AA OEA OAAOIT AAEET A OEA AAAEOEI T Al
response to the quality and source issues dients began facing with theiBig Datanitiatives6 4 EAU AOA Al O1 A x/
some analysts incluthg other V-based descriptors foBig Data such as variability and visibility.

Microsoft - 6VsDefinition
For the sake of maximisinghe business value, Micrd1T £0 A@OAT AAA $1 OCI Ao® Vs B whichétdO Y6 O AO
added Variability, Veracity and Visibility

Volume stands for scale of data

Velocity denotes toanalysing streaming data

Variety indicates different forms of data

Veracity focuses on trustworthiness of data sources.

6 AOEAAEI EOU OAEAOO O1 OEA Al i DPIAGEOU 1T &£ AAOA OAOG8 )1
means the number of variales in data sets.

6. Visibility emphasise that you need have a full picture of data in order to make informative decision.

agpwNPRE

More Vs for Big Data

There has been alsa 5 VsBig Datadefinition presented by Yuri Demchenka3g] in 2013. He added the value dimension
along withthe I' - ®6 08 A A Rguie B Odihtel Doujgl&sA dney published 3Vs in 2001, there have been many
AAAEOETI T Al 06068 7A ahdnyaEddvaIlOEA T 01 AAO T £ 60
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Microsoft’s 6Vs

Volume
Douglas Laney’s 3Vs ’
Visibility = | Velocity
Volume {
Value : Variety
Variety Velocity Veracity
Yuri Demchenko’s 5Vs
Volume
IBM’s 4Vs *Records/Achieved
«Table/Text/File
Volume Velocity
Value  eStream data
«Hypothetical it
*Correlations
*Events
Statistical

Variety
*Accountability *Unstructured

Figure 3 From 3Vs, 4Vs, 5Vs and 6Bfig DataDefinition

All these definitions, such as 3Vs, 4Vs, 5Vs or even 11 Vs are primarily toyargculate the aspect of data. Most of
them are the dataorientated definitions but fail to articulate Big Dataclearlyin a relationshipto the essence oBBDA.In
order to understand the essential meaning, we have tarify what data is.

Data is everthing within the universe.This means that data is within the existing limitation of technological capacitfy.

the technology capacity is allowedthere is no boundaryor limitation for data. The question is whywe shouldcapture

it in the first place.Ckarly, the primaryreasonof capturing data is not because we havéhe capacity to capturehigh
volume, high velocity and high variety data rather thaexpect to find a better solution for our research or business
problem, which isto search for actionable intelligence. Pure data driven analysis may add little value for a decision
maker. Sometime, itmay only add the burden for thecosts or resourcef BDA Perhaps, this is why Harper believes
Big Dataisreally hard[34].

1.3.3 Summary of 7 types Definitions of Big Data
Table 2 showseventypes of definitions summarizedby Timo Elliott[41, based onmore than 33Big Datadefinitions

[42].

No Type Description
The OriginaBiq | 1€ original type of definitioris referred toDouglas Lane§ O 61 1 Of Ah 6 Abri A
1 Data (335) 9 i3vsit has been widely citedsince 2001. Mny have triel to extend the number of Vs, such as
®»6 0h X60h w60 8 OP OI =z 60
Big Dataas Thistype of definition isoriented by new technology developmentsuch as MapReduceBulk
2 9 Synchronous ParallgBSP-Hama), Resilient Distributed DatasetRDD, Spark)and Lambda
Technology ; .
architecture (Flink).
Thiskind of definition emphasizes different applications based on different type of Big Data
3 Big Dataas Barry Devlin #3] defined it as application of processnediated data, humarsourced
Application information and machine generated dataShaun Connolly44] focused on analyzing
transactions, interactions and observation of datdt looks for hindsight of data
4 Big Dataas This is anothettype of application oriented definition but it focuses on timing rather than type
Signals of data. It looks fora/El OAOECEO 1 £ Aphateldintataseli Ax OOECT A
5 Big Dataas Matt Aslett [45]: (Big Dataas analyzing data that was previously ignored because of
Opportunity technology limitA O E T If higHights many potential opportunities byrevisiting the collected
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or archiveddatasets when new technologies are variable.
6 Big Dataas It definesBig Dataashuman thinking procesg46]. It elevatesBDAto the new level, which
Metaphor BDAIs not just a type ofanalyticsrather than the extension of human brain.
Big Dataas New :This definition simply means the new bottle (relabel the neterm (Big Datad q &l O |
7 iTerm for Old (Business intelligence or datanining or other traditional data analytic activities)lt is one of
Stuff the most cynical ways to defindBig Data

Table 2 SeverPopularBig DataDefinitions

Each of the above definitions intends to describe a particular issue from one aspect of Big Daty and is very

restrictive. However, a comprehensive definition can become complex and very long. A solution for this issueis to use
OOAOEIT T Al OAAT 1 OOOOAOGEI T 6 1T £FEZAOAA AU +AO0OI o0i DPPAOh xEEAE E
processexplicit and easier to understand.

134 Motivations behind the Definitions

The purpose of doingBig Dataor BDAIs to gain hindsight(metadata patternsemerging from historical data), insight
(deep understanding of issues or problemsand foresght (accurate prediction in near futuré) in a cost effective
manner. However,these important and necessary attributes areften neglected by manydefinitions that only focus
on either single issue or data aspecst. In order to reflect all aspectsof Big Data we conside all attributes from
different aspects

1.4Defining Big Datafrom 3Vs to 3 Vs

The real objective of BDA is actually to seek for Business Intelligence (Bl). It enables decision makers to make right
decision based on predictions through the analysis of awdile data. Therefore, we need to clarify new attributes of Big
Data and establish their relationship meaning cross three aspects (or domain knowledge), namely:

A Data Domain (Searching for patterns)
A Business intelligent Domain (Making predictions)
A Statistical Domain (Making assumptions)

141 Data Domain

, ATAUBO YO EAOA AAPOOOAA EIiI bl OOATAA T &£ "EC $AO0OA AEAOAAOAC
data growth during the last few years. In this, the key attribute in data aspect is foki If we look the history of data

analytics, the variation of velocity and variety is relatively small in comparison with volufike AT | ET AOAA 666 OEA«
I £OAT AQAAARAAOG 1 60 AOOOAT &6 AAPAAEOU £ O AdetriindadittdodiesOET ¢ EO
of data, it isone of the crucial factors in BDA

1.4.2 Business [1l Intelligent (BI) Domain

When we dscuss Bl of BDAwe mean Value, Visibility and Verdict within the business intelligent domain. These 3Vs are

the motivations or drivers for us to implemenBDAprocess at the first place. If we cannot achieve Bhe pure exercise

of data analytics will bemeaningless& OT I A AAAEOEI 1 iheés&YAROH OA (DA OBDIDA ADIE OAROAOACA
forBI6 O . Y6 O

A Visibility: it doesnot only focus on the insight but also meansietadata or sometimethe wisdom of data crowdsor
hierarchical level of abstraction data patterns=rom Bl perspective, it provides hindsight, insight and foresight of a
problem and an adequate solution assodied with it.
A 6Al OAgq OEA DOODPI OA T &£ 6 A O OAI OA EO O AT OxAO OEA NOAOGO
iU AOOET AOO 1T AAAOGe 6 )initiorAit is rdAGENS Value oixdBtHEt alkoah® valud o8I for
problem solving. It is the valueand utility for the long term or strategic pay off.
A Verdict: It is a potentialor possiblechoice or decision should be made by a decision maker or decision committee
basedon a scope of problem, available resources and certain coatational capacity This ishe most challenging V
to be quantified at the beginning of BDA. If there arenanyE UD T OE A O E O £thé&FosOdr éole@ing,
retrieving data, ETL, especiallyto extract archived datawould be costly(seeFgure 4).

'Here, the term of business includes research activities
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Business Applications Interactive Apps

"‘ e Issue of New Business

Modelling and Making Bl Reports Questions, such as “What if”

Sense of data

Integration, Aggregated data, s )
Aggregated Data informationand knowledge SNy
1

1 o Issue of Fidelity Issue to

Business Questions
Preparing and Clean E_TL compute PR E_TL compute
Grid (data set-1) Grid (dataset-n)

Moving Data to compute e Issue of Sc?lablllty
of Computing Data

e Issue of Very Expensive to
retrieve Archived data

Issue of Economic scale of
keeping data alive

Concurrent Data Storage (Original raw data) x

Appending Selecting and Archiving Data alssue of

Premature Archived
) Collection, Discovery of Data Sets DataDeath ~Database
Discovery Data .
x|
Rl —
>
Traditional and ; | New and
Structured Data .l
I Unstructured
. ,
Souggi.sthQL ‘!\QE!F w 3 k Data Sources
= (Not only sQL)

SCADA M2M RFID WSN
Figure 4: Key Motivations ofBig DataAnalytics

These business motivations led to the new BDA platforms or MapReduce processing frameworks such as Hadoop. It
intends to answer the five basic questions in Big Data as shown in Figure 4. These questioestréile bottom line of
Business Intelligence (BI):

How to store massive data (such as in PB or EB scaigently) or information in the available resources
How to access these massive data or information quickly

How to work with datasetsin variety formas: structured, semistructured and unstructured

How to process these dataetsin full scalable, fault tolerah and flexible manner

How to extract business intelligence interactivg and relational wayin a cost effective manner

aprwnE

)yl OEEO Ai il AETh OEA EAU 11 OAbfakihe prddigioneor réaltim©iasigid EABDAE OUG h  x E
exercises The relationship of these8Vsin Blis that without visibility, other 2Vawill be impossible

1.4.3 Statistics Domain

Similarly, weshould have another set of 3Vs attributes in the statistic domain, which are Veracity, Validity and
Variability. These 3Vshould establish the statistic models based on rightypothesis (Whatif), which is the
trustworthiness of datA OA O O8  Adlitof data Bour€eAIf thefhfpothesis is inadequate or the data source is
contaminated or the statistics model is incorrect, th8DAmight lead to a wrong conclusion. There have been many
lessonsregarding contaminated data sampls. A famous example wasthe opinion poll for the 1936 US presidential
election that was carried by the Literary Digest magazine before the electid6]. Because the sample data (2.4 nidh
survey responses) was accidentally contaminated, the result of its predication (or president winner in 1936) became a

disaster for the polling company.Attributes in this domain are:

A Veracity: Philosophically speaking, the true information (or fact the resolution of data uncertainty. V of Veracity
is searching for trustworthness and certainty of data sets.
A Vvalidity: It is to verify the quality of data being logically sound. The V of validity emphasizes how to correctly acquire
data and avoid biase. Another essential meaning of validity is the inference process based on a statistical model.
A Variability: It is the implication of data complexity and variation. For example, Bruce Ratr@f pelieved that if
OEAOA AOA 171 0OA OEAT XP OAOEAATI AO 10 AEEEAOMigDatdERAOOOAOD
Statistically, it is how to use the logical inference process to reduce data complexity and hedesirable outcomes
or predictions for business needs.
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regression errors of the curve will be too large. \fe adopt too many constraints, it will cause an ovditting problem.

14.4 32VsDefinition and Big Data Venn Diagram

Onceall 3 Vsattributes have been definedfrom three different aspects,we canestablisha combinedVenn diagram
and their relationships. Thishas becomeour definition of Big Data(see Fgure 5), which iscomprehensiveenough to
capture all aspects of Big Data

Data Domain-3V

Statistics
Domain-3V

Volume Business Intelligence (BI)
Domain-3V

.

Variability

Figure 53?Vs Venn Diagrams in Hierarchical Model

Asshown in Figure 5 eachVenn diagramis supported byone 06 6  CoftAabge to illustrate 3 Vs attributes in one
aspect Moreover, three key attributes from eachVenn diagram can also form a single hierarchidalangle diagram It
represents the essential meaning d8ig Data

If the original 3Vdata attributes represented asyntactic or logicalmeaning of Big Data then 3 Vs (or 9Vs) represent

the semantic meaning(relationship of data, Bl and statistics)For many complex problems or applications, th&* Vs

could be interpreted asa hierarchical model, whichthree key attributes forms a higher level 3Vs tbe learnt by a
machine. At the heart of BDA thereEO  Oi AAEET A 1 AAOT tBd ngachineXcBraphtérOthe miskidhipl O O
learningfrom Big Datawould beimpossible.

1.5Big DataAnalytics and Machine Learning

151 Big Data Analytics
If 3%Vs represent semantic meaning dig Data then Big DataAnalytics (BDA) represents pragmatic meaning oBig
Data We canview from computational view point, Big Datavel T AEACOAI xEOE AnFg#eed O 6 AT 1T AEA

Figure 6 Correlation of3?V's to Machine Learning Venn Diagrams
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