Module -1
Introduction to Big Data
Needof Big Data

Therisein technologyhasledto the productionandstorageof voluminousamountsof data.

Earlier megabytes(10° B) were used but nowadayspetabytes(10® B) are used for
processing, analysis, discovering new facts and generatingkmamledge. Conventional
systems for storage, processing and analysis pose challenges in large growth in volume of
data,variety of data,variousformsandformats,increasingcomplexity,fastergeneratiorof

data andheedof quickly processinganalyzingandusage.

Figurel.1lshowsdatausageandgrowth.As sizeandcomplexityincreasethe proportionof

unstructurediatatypes alsoncrease.
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Figurel.1lEvolutionof BigDataandtheir characteristics

An example of a traditional tool for structured data storage and querying is RDBMS.
Volume,velocity andvariety (3Vs) of dataneedthe usageof numberof programsandtools

for analyzingandprocessingta very high speed.



BIG DATA

Data is information, usually in the form of facts or statistics that one can analyze or use for further
calculations.Data is information that can be stored and used by a computer program. Data is
information presentedin numbers, letters, or other form. Data is information from series of

observations, measurements or facts. Data is information from series of behavioral observations,

measurementsr facts.

Web Data

Webdatais thedatapresenbnwebservergor erterpriseserversjn theform of text,images,

videos, audios and multimedia files for web users. A user (client software) interacts with this
data. A client can access (pull) data of responses from a server. The data can also publish
(push) or post (afteregistering subscription) from a server. Internet applications including
web sites, web services, web portals, online business applications, emails, chats, tweets and

socialnetworksprovideandconsume thevebdata.

1. Examplesof Webdata
2. Wikipedia,

3. GoogleMaps,

4 YouTube.

5. FaceBook

Classification of Data
Data carbeclassifiedas

structured
semistructured
multi-structured

unstructured.

Structured Data

Structureddataconformandassociat&vith dataschemaanddatamodels Structured
data are found in tables (rows and columns). Neardg(Ps data are in structured or

semistructuredorm.



Structureddataenableghefollowing:
5 data insertdelete, updateandppend
6 indexing toenablefasterdataretrieval

1 Scalability which enablesincreasingor decreasingcapacitiesand dataprocessing

operationsuchas,storing,processing@ndanalytics

§ Transactiongprocessingvhich follows ACID rules (Atomicity, Consistency/solatiorand
Durability)

9 encryptionanddecryptionfor datasecurity.

SemiStructured Data

Examples of serrstructured data are XML anitbON documents. Sersiructured data
contain tags or other markers, which separate semantic eleameh&nforcenierarchies

of records and fields within the data. Sestructured form of data does not conform and
associatevith formal datamodelstructuresDatado notassociatelatamodels suchasthe

relationaldatabasandtable models.
Multi Structured Data

10 Multi-structureddata refers to data consistingof multiple formats of data, viz.

structuredsemistructuredand/orunstructurediata.
11 Multi-structureddatasetscanhavemanyformats.
12 Theyarefound innontransactionasystems.

3 Forexample, streaming data on customer interactions, data of multiple sensors, data

atwebor enterpriseserveror the datawarehouse data multiple formats.
UnstructuredData

14 Datadoesnot possesdatafeaturessuchasatableor adatabase.

15 Unstructureddataarefoundin file typessuchas.TXT, .CSV.



16 Datamaybe akey-valuepairs,suchashashkey-valuepairs.

17 Data mayhave internabtructuressuchas ine- mails.

18 Thedatado notrevealrelationshipshierarchyrelationships.

19 Therelationshipsschemaandfeaturemeedto beseparatelgstablished.
Examplesof unstructuredata

20 Mobile data:Textmessageshatmessagesyeets blogsandcomments

2l Website content data: YouTub@&leos, browsing data;@ayments, web store data,

usergenerateanaps
22 Socialmediadata:For exchanging daten variousforms
23 Textsanddocuments
24 Personatlocumentande-mails
% Textinternalto anorganizationTextwithin documentslogs, surveyresuts

% Satellite images, atmosphericdata, surveillance, traffic videos, images from
Instagram, Flickr (upload, access, organize, edit and share photos from any device

from anywheren theworld).
Big Data Definitions

1 Big Datais high-volume,high-velocity and/orhigh-varietyinformationthatrequires
new forms of processing for enhanced decision making, insight discovery and

procesoptimization

2 A collection of data sets so large or complex that traditional data processing
applicationsarei n a d e gWilkipedéa. 0

3 Data of a very large size, typically to the extent that its manipulation and management

presensignificantlogistical challengesoxford Englishdictionary.

4 Big Data refers to data sets whose size is beyondliigy of typical database

softwaretool to capture store,manageandanalyze



Big Data Characteristics
1. Volume:isrelatedto size ofthedata
2. Veloctiy: refersto the speeaf generatiorof data.
3. Variety: comprisesf a variety of data

4. Varacity: quality of data captured, which can vary greatly, affecting its accurate

analysis

I. Big DataTypes

1. Social networks and web data, such as Facebook, Twitter, e-mails, blogs and
YouTube.

2. Transactionsdata and Business Processes{BPs) data, such as credit card
transactionsflight bookings,etc.andpublic agencieslatasuchasmedicalrecords,
insurancebusiness datatc.

3. Customer master data such as data for facial recognition and for the name, date of
birth, marriageanniversarygender]ocationandincomecategory,

4. Machinegeneratediata,suchasmachineto-machineor Internetof Thingsdata,and
the data from sensorsackersweblogsandcomputer systemsg.

5. Computergeneratediatais alsoconsiderecasmachine generatathta

6. Humangeneratedlatasuchasbiometricsdata,huma® machinanteractiondata,e-
mail recordswith a mailserver andMySQL database of studegtades.

7. Humansalsorecordstheir experiencesn ways suchaswriting thesein notebooks
diaries,takingphotograph®r audioandvideoclips.

8.Humansourced informatioiis now almostentirely digitizedand storeagverywhere
from personaktomputers t@ocialnetworks

Examplesof Big Data

9. ChocolateMarketingCompanywith largenumberof installedAutomaticChocolate
VendingMachines (ACVMSs).
10. AutomotiveComponentaindPredictiveAutomotive Maintenanc8ervices



11. (ACPAMS)rendering customeservicedor maintenancendservicingof
(Internetronnectectarsandits components
12. WeathedataRecordingMonitoring andPrediction(WRMP) Organization.
BigData Classification

Method Type of Data

Datastoragesuchasrecords RDBMs, distributeddatabasespw-oriented
Datasources | In- memorydata tables, columariented Inmemory data tables, data
(traditional) warehouse servermachinegeneratedlatahumansourceddata,Business
Proces¢BP)data, Businessintelligence(Bl) data

Data formats

(traditional) Structuredand semtstructured

Data storage, distributed fikystem OperationaDataStore(ODS), datamarts,

Big Data datawarehouseNoSQL databas¢MongoDB, Cassandra)sensorsdata, audit
sources trail of financial transactionsexternaldatasuchasweb, social media,weather
data, healthrecords
Big Data . .
formats Unstructured,semistructuredand multi-structureddata
Web, enterpriseor cloudserversdatawarehousetow-orienteddatafor
Data Stores . .
structure OLTP, columntorientedfor OLAP, recordsgraphdatabasehashecdentries
forkey/valuepairs
Processing Batch i ki t .
datarates atch,neartime, reattime, streaming

Processin@ig | High volume,velocity, varietyandveracity,batch,nearreattime andstreaming
Datarates data processing,

Analysistypes | Batch,schedulednearreattime datasetsnalytics

Big Data

prgcessin Batch processingfor example,using MapReduceHive or Pig), reattime

g methods processingfor example,using SparkStreamingSparkSQL,ApacheDrill)

Dataanalysis Statis_ticalana_lysis, predict_ivanalys_is,regressig@nalysis,Mahogt,ma_chine

methods learningalgorithms clusteringalgorithms classifiers, texanalysissocial
network analysis,locationbasedanalysis,diagnosticanalysis,cognitive
analysis

DataUsage Human,businesprocessknowledgediscovery enterpriseapplicationsPata

Big Datacanbe classifiedon the basisof its characteristicshat are usedfor designingdata

architecturdor processing@ndanalytics.



Big Data Handling Techniques
Following arethetechniquesieployedfor Big Datastorage, applications, data
managemerandmining andanalytics:

1 Huge data volumes storage, data distribution, high-speed networks and high-

performanceomputing

2 Applications scheduling using open source, reliable, scalable, distributed file system,
distributed database, parallel and distributed computing systems, such as Hadoop or
Spark

3 Opensourcetools which are scalableglastic andprovide virtualized environent,
clustersof datanodestaskandthreadmanagement

4 Data management using NoSQL, document database, caliemted database, graph
database and other form of databases used as per needs of the applications and in
memorydatamanagemenisingcolumnaror Parquetormatsduringprogramexecution

5 Datamining andanalyticsdataretrieval,datareporting,datavisualizationandmachine

learningBig Datatools.
Scalability and Parallel Processing

1 Big Dataneedsprocessingf large datavolume, and thereforeneedsintensive
computations.

2 Processingomplexapplicationswith largedatasets$terabyteto petabytedatasetsheed
hundredsof computingnodes.

3 Processingf this muchdistributeddatawithin a shorttime and at minimum costis
problematic.

4 Scalability is thecapability of asystenmto handle theworkload asperthe magnitudeof
thework.

5 Systemcapabilityneedsncrementwith theincreasedvorkloads.

6 Whentheworkloadandcomplexityexceedhe systemcapacity,scaleit up andscaleit
out.

1 Scalability enablesincreaseor decreasean the capacityof datastorage,processing&



analytics.

Analytical Scalability

Vertical scalabilityme ans scaling up the given systemods
analytics, reporting and visualization capabilities. This is an additional way to solve problems
of greatercomplexities Scalingup meansiesigninghealgorithmaccordingo thearchitecture

thatusesresource®fficiently.

X terabyte of data take timddr processing, codsizewith increasingcomplexity increase

by factorn, thenscalingup meanghatprocessindakesequal,lessor muchlessthan(n * t).

Horizontal scalability means increasing the number of systems working in coherence and
scaling out the workload. Processing different datasets of a large dataset deploys horizontal
scalability.Scalingout meansusingmoreresourcesnddistributingthe processingndstorage

tasks in parallel. The easiest way to scale up and scale outieregftanalytics software is to
implement it on a bigger machine with more CPUs for greater volume, velocity, variety and

complexityof data.The softwarewill definitely performbetteron abiggermachine.
MassiveParallel ProcessingPlatforms

Parallelizatiorof taskscanbedoneat severalevels:

1 distributingseparatéasksontoseparatehreadson the sameCPU
2 distributingseparatéasksontoseparate CPUsn the samecomputer

3 distributingseparatéasksontoseparateomputers.

Distributed Computing Model

A distributed computing model uses cloud, grid or clusters, which process and analyze big and
largedataset®n distributedcomputingnodesconnectedy high-speechetworks.

Big Data processinguses a parallel, scalable and no-sharing program model, such as
MapReducefor computation®nit.



DistributedComputing ormultiple nodes Big data |Large data  |Smallto Mediumdata
Distributedcomputing Yes Yes No
Parallelcomputing Yes Yes No
Scalablecomputing Yes Yes No
Sharednothing(No in-betweerdatasharing ves Limited NO
andinter-processocommunication) sharing
Sharedn-betweerbetweerthe distributed No Limited Ves
nodes/clusters sharing

Cloud Computing

A C| eam@utingis atype of Internetbasedcomputingthat providessharedprocessing

resourcesinddatato the computersandotherdevicesond e ma nd . 0

One of the best approachfor data processingis to perform parallel and distributed

computingin acloud-computingenvironment

Cloud resourcescan be AmazonWeb Service (AWS) Elastic ComputeCloud (EC2),

Microsoft Azure or ApacheCloudStack.

Featuresof Cloud Computing

4

5

g

on-demandservice
resourcegpooling,
scalability,
accountability,

broadnetworkaccess.

Cloudservicexanbeaccessefrom anywhereandat anytime throughthe Internet.




Cloud Services

Therearethreetypesof Cloud Services
10 Infrastructureasa Service(laaS):
11 Platform asaService (PaaS):

12 Softwareasa Service(SaaS):
Infrastructure asa Service(laaS):

13 Providingaccesdo resourcessuchasharddisks,networkconnectionsgatabasestorage,

datacenterandvirtual serverspacess Infrastructureasa Service(laaS).
14 SomeexamplesareTataCommunicationsAmazondatacentersaandvirtual servers.

15 Apache CloudStack is an open source software for deploying and managing a large
network of virtual machines, and offerpublic cloud servicesvhich provide highly

scalabldnfrastructureasa Service(laaS).
Platform asa Service

1 It implies providing the runtime environmento allow developergo build applications

andserviceswhich meansloudPlatformas aService.

2 Softwareatthecloudssupportandmanageheservicesstoragenetworking,deploying,

testing,collaboratinghostingand maintainingapplications.

3 Examplesare HadoopCloud Service(IBM BiglInsight, Microsoft Azure HD Insights,
OracleBig DataCloud Services).

Software asa service

4 Providing softwareapplicationsas a serviceto end usersis known as Softwareas a

Service.

5 Softwareapplicationsarehostedby a serviceproviderandmadeavailableto customers

overtheInternet.



6 SomeexampleareSQL GoogleSQL, IBM BigSQL,MicrosoftPolybaseandOracleBig
Data SQL.

Grid Computing

1 Grid Computing refers to distributed computing, in which a group of computers from

severalocationsareconnectedvith eachotherto achievea commontask.
2 Thecomputeresources arketerogeneouslgnd geographicallglispersing.
3 A groupof computerghatmight spreacbverremotelycomprisea grid.
4 A singlegrid of coursededicatest aninstancdo aparticularapplicationonly.
5 Grid computing similarto cloudcomputing,is scalable.

6 Cloud computing depends on sharing of resources (for example, networks, servers,
storage, applications and services)to attain coordination and coherenceamong

resourcesimilarto grid computing.
1 Similarly, grid alsoformsadistributednetworkfor resourcentegration.
Cluster Computing

A clusteris agroupof computersonnectedy a network.The groupworkstogetherto
accomplish the same task. Clusters are used mainly for load balancing. They shift
processebetweemodesto keepanevenload onthe groupof connectedomputers.

* Large scale
* Loosely coupled * Tightly coupled ; .
* Cross organizational
* Heterogeneous * Homogeneous . N

) o ) ) ) * Geographical distribution
* Single administration |« Cooperative working

* Distributed management




Volunteer Computing

Volunteersprovidecomputingresource$o projectsof importancehatuseresourceso
do distributed computing and/or storage. Volunteer computing is a distributed
computingparadigmwhich usescomputingresource®f the volunteersVolunteersare
organization®r membersvhoown personatomputersProjectsexamplesarescience

relatedprojects executebly universities oacademian general.
Someissueswvith volunteercomputingsystems are:

J  Volunteereccomputersheterogeneity
j Dropoutsfrom the networlkovertime

j  Theirsporadicavailability

Designingthe Data Architecture

Big Dataarchitecture is the logical and/or physical layout/structure of how Big Data will
be stored, accessed and managed within a Big Data or IT environment. Architecture
logically defines how Big Data solution will work, the core components(hardware,

databasesoftware storage) usedlow of information,securityandmore.

Dataanalyticsneedthe numberof sequential step8ig Dataarchitecturedesigntasksimplifies
when using the logical layers approach. Figure 1.2 shows the logical layetsedndctions

which areconsideredn Big Dataarchitecture
Data processing architectureconsistsof five layers:
1 identificationof datasources,
2 acquisitionjngestion extraction pre-processingtransformatiorof data,
3 Data storagatfiles, serversgclusteror cloud,
4 dataprocessing,

5 dataconsumptionn the numberof programsandtools.



Layer 5
Data
consumption

Export of datasets
to cloud, web etc.

Datasets usages:
BPs, Bls, knowledge
discovery

Analytics (real-time, near
real-time, scheduled batches),
reporting, visualization

Data storage

frequency of incoming
data, patterns of querying
and data consumption

self-managing and
self-healing), Spark,
Mesos or S3

Layer 4 Processing techn- Processing in real-
. Synchronous or
Pal plagyrhlagtedine,; Sii, seheduled asynchronous processin
processing Hive, Pig, Spark batches or hybrid Y oy g
Considerations of types Y
(historical or incremental), :IZ d:(:fe(:f:::;::‘ed NoSQL data stores —
Layer 3 formats, compression, Y & Hbase, MongoDB,

Cassandra, Graph
database

Layer 2
Data ingestion
and acquisition

Ingestion using
Extract Load
and Transform

Data semantics
(such as replace,
append, aggregate,

(ELT) compact, fuse)

(validation,
transformation
transcoding)
requirement

Pre-processing

Ingestion of data
from sources in
batches or real

time

or

Layer 1
Identification
of internal and
external
sources of data

Sources for
ingestion of
data

Push or pull
of data from the
sources for
ingestion

Data types fo

database, files,
web or service

Data formats:
structured, semi-
or unstructured
for ingestion

v

Figurel.2 Designof logical layersin adataprocessingrchitectureand functionsin the

layers

Logicallayerl (L1) is for identifying datasourceswhich areexternal jnternalor both. The
layer 2 (L2) is for daténgestion.Dataingestion means a process of absorbing
information, just
the body by eating or drinking them .Ingestion is the process of obtaining and importing

data for immediate use or transfer. Ingestion may be in batches or in real time using pre

processingr semantics.

Layer 1

6 L1 considerghefollowing aspectsn adesign:

B Amountof dataneededatingestionlayer2 (L2)

like the process ofabsorbing nutrients and medications




B Push fromL1 or pull by L2 asperthemechanisnfor theusages
B Sourcedatatypes:Databasefiles, webor service
1 Sourceformats,i.e.,semistructuredunstructured ostructured.
Layer 2

8 IngestionandETL processesitherin realtime, which meansstoreandusethe dataas

generatedor in batches.
9 Batchprocessings usingdiscretedatasetst schedulear periodicintervalsof time.
Layer 3
10 Data storagéype (historicalor incremental)format,compressionincomingdata
11 frequencygqueryingpatternsandconsumptiorrequirementgor L4 or L5

12 Datastorageusing Hadoop distributed file systemor NoSQL data store® HBase,
CassandraylongoDB.

Layer 4

13 Dataprocessingoftwaresuchas MapReduceHive, Pig, Spark,SparkMahout, Spark
Streaming

14 Processingn scheduledatcheor realtime or hybrid
15 Processingispersynchronousr asynchronouprocessingequirementst L5.
Layer 5
16 Dataintegration
17 Datasetsisagedor reportingandvisualization
18 Analytics (reatime, nearreal time,scheduledatches)BPs, Bls knowledgediscovery

19 Exportof datasets$o cloud,webor othersystems



Managing Data for Analysis

Datamanagingneansnablingcontrolling,protectingdeliveringandenhancinghevalue

of dataandinformationassetReports analysisandvisualizationsneedwell- defineddata.

Datamanagemenrfunctionsinclude:

1

2.

10.

11.

12.

13.

14.

Dataassetgreation maintenancend protection

Data governanceyhich includesestablishinghe processe$or ensuringthe availability,
usability, integrity, security and higduality of data. The processes enable trustworthy

dataavailabilityfor analyticsfollowed by thedecisionrmakingat theenterprise.

Dataarchitecturecreation modellingand analysis

Databasemaintenance,administration and managementsystem. For example,
RDBMS (relational database management systé&NoE0QL

Managingdatasecurity ,dataaccessontrol,deletion,privacyandsecurity
Managingthe dataquality

Data collectiorusingthe ETL process
Managingdocumentstecordsandcontents

Creationof referenceandmasterdata,anddatacontrolandsupervision
Dataandapplicationintegration

Integrated data management, enterprésely data creation, fast access and analysis,

automatiorandsimplification of operation®nthedata,
Datawarehousenanagement
Maintenancef businessntelligence

Datamining andanalytcs algorithms.



Data Source

Applications, programsand tools use data. Sources can be external, such as sensors,
trackersweblogs,computeisystemdogsandfeeds Sourcesanbemachineswhich source

datafrom datacreatingprograms.

A source can be internal. Sources can be data repositories, such as database, relational
databasdat file, spreadsheeinail serverwebserverdirectoryservicesgventextor files
suchascommaseparatedalues (CSVYiles. Sourcemaybeadatastorefor applications

Typesof Data Source
1. structured
2. semistructured
3. multi-structuredor unstructured
Structured Data Source

4. Data source for ingestion, storage and processing can be a file, database or
streamingdata.

5. Thesourcemaybeonthe samecomputerunninga programor a networkedcomputer

6. Structured data sources are SQL Server, MySQL, Microsoft Access database,
Oracle DBMS, IBM DB2, Informix, Amazon SimpleDB or a fHeollection
directory at aserver.

Unstructured Data Source
7. Unstructureddatasourcesaredistributedoverhigh-speedhetworks.
8. Thedataneedhigh velocity processingSourcesarefrom distributedfile systems.

9. Thesourcesareof file types,suchas .txt(textfile), .csv(commaseparatedaluesfile).

Data maybe askey valuepairs,suchashashkey-valuespairs
Data Sources- Sensors, Signaland GPS

The data sourcescan be sensors,sensornetworks, signals from machines,devices,



controllersandintelligentedgenodeof differenttypesin theindustryM2M communication

andthe GPSsystems.

Sensors are electronic devices that sense the physical environment. Sensors are devices
which are used for measuring temperature, pressure, humidity, lighsiityt traffic in
proximity, acceleration, locations, object(s) proximity, orientations and magnetic intensity,
and other physical states and parameters. Sensors play an active role in the automotive

industry.

RFIDs and their sensors play an active ral®FID based supply chain management, and
trackingparcelsgoodsanddelivery.

Sensorgmbeddedh processorsyhichincludemachinelearninginstructionsandwireless

communicatiorcapabilitiesareinnovations.Theyaresourcesn loT applications.
Data Quality

High quality means data, which enables all the required operatmadysis, decisions,
planningandknowledgediscoverycorrectly.Five R'sasfollows:

1. Relevancy,

2. recency,

3. range,

4. robustness

5. reliability.
Data Integrity

Data integrity refers to the maintenance of consistency and accuracy in data over its usable
life. Software which store,processor retrievethe data,shouldmaintaintheintegrity of data.

Data shouldeincorruptible
Factors Affecting Data Quality

a. DataNoise



b. Outlier

c. MissingValue

d. Duplicatevalue

Data Noise

e. NoiseOneof thefactorseffectingdataquality is noise.

f. Noise in datarefersto data giving additional meaninglessnformation

besidestrue(actual/requiredinformation.

g. Noiseis randomin characterwhich meansfrequencywith which it occurs

is variablevertime.
Outlier

h. An outlier in datarefersto data,which appeargo notbelongto the

dataset.Foexamplegatathatis outsideanexpectedange.

i. Actual outliersneedto be removedrom thedatasetelse thaesultwill be

effectedby asmallor largeamount.
Missing Value, duplicate Value

j.  Missing ValuesAnotherfactor effecting dataquality is missingvalues.

Missing valueampliesdatanot appearingn the dataset.

k. Duplicate Values Another factor effecting data quality is duplicate
values.Duplicatesralueimpliesthe samedataappearingwo or moretimes

in adataset.
Data Preprocessing

Datapre-processings animportantstepattheingestionlayer.Preprocessings a mustbefore
data mining and analytics. Ppeocessing is also a must before running a Machine Learning

(ML) algorithm.Preprocessingneedsare:

|.  Droppingoutof rangejnconsistenandoutlier values



m. Filteringunreliable jrrelevant andedundant information
n. Datacleaning.editing, reductiorand/orwrangling

0. Datavalidation,transformatioror transcoding
p. ELT processing
Data Cleaning

g. Data cleaningrefersto the processof removingor correcting
incomplete,incorrectinaccurateor irrelevantpartsof the dataafterdetecting

them.

r. Datacleanings donebeforeminingof data.lncompleteor irrelevantdata

mayresultintomisleadingdecisions.

s. Datacleaningtools help in refining and structuringdatainto usabledata.

ExamplesofsuchtoolsareOpenRefineandDataCleaner.
Data Enrichment

t. "Dataenrichment referto operationsr processewhichrefine,enhancer

improvetherawd at a . f
u. Dataeditingrefersto the processf reviewingandadjustingtheacquireddatasets.
v. Theeditingcontrolsthe dataguality.

w. Editingmethodsare(i) interactive (i) selective(iii) automatic(iv)

aggregatingand(v)distribution.
Data Reduction

X. Data reduction enablesthe transformationof acquiredinformation into

an orderedgorrectandsimplified form.

y. Datawranglingrefersto theprocesf transformingandmappingthedata.

Resultfromanalyticsarethenappropriateandvaluable.

z. mappingenableglatainto anotherformat,which makest valuablefor

analyticsanddatavisualizations



Dataformatusingpreprocessing
aa. CommaseparatedaluesCSV

bb. JavaScriptObjectNotation(JSON)asbatchef objectarraysor resourcearrays
cc. Tag Lengthvalue(TLV)
dd. Key-valuepairs
ee.Hashkey-valuepair
Data Export to Cloud

Figure 1.3 showsresultingdatapre-processingdatamining, analysis,visualizationanddatastore.
Thedata export$o cloudservicesThe resultsintegrateat the enterpriseserveror datawarehouse.

Data pre-processing, analysis, applications and integration processes

Data Storage and Management
Data cleaning, reduction, wrangling, enrichment and ETL

v

Data Store

Data Mining Big Data port

l r

Data Analysis, Machine Learning, Analytics,
Text Analytics, Noisy Text Analysis and Natural Language Processing

v

Data Reports, Data Visualization Big Data port
Y Y

Export
Cloud

Y

r

Analysis Results, Data

Data Integration with the Enterprise _ Import for Integration with
Server or Data Warehouse Enterprise Server

Figure 1.3 Data pre-processinganalysis,visualizationdatastoreexport

Cloud Services

Cloud offers various services.Theseservicescan be accessedhrougha cloud client (client



application),suchas a web browser,SQL or other client. Figure 1.4 showsdatastore export
from machinesfiles, computersweb serversand web services.The data exportsto clouds,
such as IBM, Microsoft, Oracle, Amazon, Rackspace, TCS, Tata Communications or Hadoop

cloudservices.

Figure 1.4 Data store export from machines, files,
computers, web servers and web services

Export of data store after

d Computers,
cimend. [ Cloud Servces web servers and
file data sources web services
|AAS PAAS
Server, Storage, Database, web server,
Network deployment tools, run-
time environment 1ZO™
INFRASTRUCTURE PLATFORM APPLICATION

Tata Communications
1Z0™, Amazon $3 and
Virtual Servers, GoGrid

virtual servers, Cisco laa$,

Elastic Computing Cloud
(EC2), Rackspace Cloud
files

Google App Engine,
SuiteFlex, MS Azure,
Windows Live, Amazon
EC2 Server, EC2, TCS
CUP and GoGrid

DATA CENTER

Amazon Web Services

SQL on Hadoop
(GoogleSQl, IBM
BigSQL, HPE Vertica,
Microsoft Polybase,
Oracle Big Data SQL)

e =
sQLbs | sQLDB
e

Hadoop Cloud Service (IBM Biginsight, Microsoft Azure HD
Insights, Oracle Big Data Cloud Services)

Figurel.4 Data storeexportfrom machinesfiles, computerswebserversaandweb
services

Export of Datato AWS and RackspaceClouds

Google cloud platform provides a cloud service called BigQuery Figure 1.5 shows
BigQuery cloudservice at Google cloud platform. The data exports from a table or partition
schema,JSONZSV or AVRO files from datasourcesafter the pre-processing.



Figure 1.5 BigQuery cloud service at Google cloud
platform

Data Store export after Table or partition schema, or supported data
pre-processing data from " formats; For example, JSON, CSV and AVRO
machine and file data sources (Compressed or uncompressed data)
A
¥ i
Google Cloud | BigQuery CIou§ Service |
L | BigQuery.tables.create; bigquery.datakditor;
R i yi bigquery.dataOwner; bigquery.admin;
Backup : ’ ' '

bigquery.tables.updateData
]
i

Google Cloud Platform

Google Cloud

Figure 1.5BigQuerycloudserviceatGoogle cloudglatform
Data Stordfirst preprocessesrom machine and file data sources. Pygrocessing transforms
the data in table or partition schema or supported data formats. For example, JSON, CSV and

AVRO. Datathenexportsin compressedr uncompressedataformats.

Cloud service BigQuery consists of bigquery.tables.create; bigquery.dataEditor;
bigquery.dataOwner; bigquery.admin; bigquery.tables.updateDataand other service
functions. Analytics usesGoogle Analytics 360. BigQuery cloud exports data to a Google

cloudor cloud backuponly.

Data Storageand Analysis

This section describe data storage and analysis, and comparison between Big Data

managemendéndanalysiswith traditionaldatabasenanagemensystems.



Data Storageand Management: Traditional Systems
1 Traditionalsystemsusestructuredor semistructureddata
2 Thesource®f structureddatastoreare:

3Traditional relational databasenanagemensystem(RDBMS) data,suchas MySQL
DB2, enterpriseserveranddatawarehouse

SQL
An RDBMS uses SQL (Structured Query Language). SQla ilanguage fowiewing or
changinglupdatejnsert orappendr delete)databases.

1. Create schema, Create schemdjch is a structure which contains description of objects
(base tables, views, constr@ncreated by a user. The user can describe the data and
definethedatain thedatabase.

2. Createcatalog,which consistsof asetof schemasvhich describethe database.

3. DataDefinitionLanguaggDDL) for thecommandsvhichdepictsadatabasehatinclude
creating, altering and droppingf tablesand establishing the constraints.A user can
createanddropdatabaseandtables establishforeign keys,createview, storedprocedure,
functionsin thedatabasetc.

4. DataManipulationLanguagg DML) for commandshatmaintainandquerythe database.
A usercanmanipulat INSERT/UPDATE)andaccesgSELECT)thedata.

5. Data Control Language(DCL) for commandsthat control a databaseand include
administeringof privileges and committing. A user can set (grant, add or revoke)
permissionontables procedureandviews.

Distributed DatabaseManagemeniSystem

1 A distributedDBMS (DDBMS) is a collectionof logically interrelateddatabasest multiple

systemoveracom putemetwork.

2 A collectionof logically relateddatabases.



3 Cooperatiorbetweerdatabases atransparenmanner.

4 be'locationindependentivhich meangheuseris unawareof wherethedatais located,and
it is possible to move the data from one physdigaation to another without affecting the

user.
In-Memory Column Formats Data

1 A columnarformatin-memoryallows fasterdataretrievalwhenonly afew columnsin a

tableneedto be selectedluringqueryprocessingr aggregation.

2 Online Analytical Processing(OLAP) in reattime transactionprocessings fast when

usingin-memorycolumnformattables.

3 TheCPU accesseasll columnsin a singleinstanceof accesgo the memoryin columnar

formatin memorydatastorage.
In-MemoryRow Format Databases
4 A row formatin-memoryallows muchfasterdataprocessingluringOLTP

5 Eachrowrecordhascorrespondingaluesin multiple columnsandtheontline valuesstore

atthe consecutivenemoryaddresses row format.
EnterpriseData-StoreServerand Data Warehouse

6 Enterprisedataserverusedatafrom severaldistributedsourceswhich storedatausing

varioustechnologies.
7 All datamergeusinganintegrationtool.
§ Integrationenablesollectiveviewing of thedatasetst the datawarehouse.

9 Enterprisedataintegrationmay alsoincludeintegrationwith application(s),such as

analyticsyvisualization reporting,businessntelligenceandknowledgediscovery

Following aresome standardised business processes, as défirtd Oracle

applicationintegrationarchitecture:

10 Integratingandenhancinghe existingsystemsand processes
11 Businessntelligence

12 Datasecurityandintegrity



13 Newbusinesservices/product@Nebservices)
14 Collaboration/knowledgenanagement

15 Enterprisaarchitecture/SOA

16 e-commerce

17 Externalcustomerservices

18 Supply chainautomation/visualization

19 Datacentreoptimization

Steps in enterprise data and applications integration and management with high
performance computing using local and cloud resources

1
SOA enabled data services > High volume data
2
ERPs, CRMs, B2B systems, Flat Data cleaning, reduction,
files, XML data, LDAP, JDBC, and 1 B wrangling enrichment, ETL
oDBC enrichment, ETL, Data migration
3
Oracle Fusion Middleware, Data governance and data
Oracle Database and management model, Data based
External Data 4 on Not Only SQL or NoSQL
Y

Oracle data Integrator with the Enterprise server or data warehouse

5 S
r Y
Data Analysis, Text Analytics, Noisy
Data Reports, Data Visualization, Text analysis and natural language
Business Intelligence, Decisions, processing; analytics with social
Knowledge discovery network messages, pages, graph
databases

Figure 1.6 Steps 1 to 5 in Enterprise data integration and management wibagitpr high
performance computing using local and cloud resources for the analytics, applications and

services
Big Data Storage

NO SQL

16 NoSQL databasesre considered as semistructureddata. Big Data Store usesNoSQL.
NOSQLstandsor No SQL or Not Only SQL.

17 The storesdo not integratewith applicationsusing SQL. NoSQL is alsousedin cloud data



store.

18 Feature®fNoSQL areasfollows:
19 It is aclassof nonrelationaldatastoragesystemsandthe flexible datamodelsandmultiple
schema:
2 Classconsistingof uninterruptedey/valueor big hashtable
2l Classconsistingof unordered keyandusingJSON(PNUTS)
22 Classconsistingof orderedkeys and semistructureddatastoragesystemgBigTable,
Cassandréusedin Facebook/ApachegndHBase]
23 Do notusetheJOINS
24 Datawrittenatonenodecanreplicateatmultiple nodesthereforeDatastoragas fault-tolerant,
%5 May relaxthe ACID rulesduringthe DataStoretransactions.
Table 1.4 Various data sources and examples of usages and tools
Microsoft Access, Oracle, IBM DB2, SQL
: g i . Server, MySQL, PostgreSQL Composite, SQL
Relational Managing business applications
databases involving structured data e HadO,OP [HPE_(Herett l?ackard ’
Enterprise) Vertica, IBM BigSQL, Microsoft
Polybase, Oracle Big Data SQL]
Anlyeis Sybase 1Q, Kognitio, Terradata, Netezza
g(?ltjrt:::: s Higl; ]t:;ferformance quirias Vertica, ParAccel, ParStream, Infobright,
ln—memor:y) s Vectorwise,
NoSQL databases | Key-value pairs, fast read/write Key-value pair databases: Riak DS (Data
(Key-value pairs, |using collections of name-value Store), OrientDB, Column format databases
Columnar format, | pairs for storing any type of data; (HBase, Cassandra), Document oriented
documents, Columnar format, documents, databases: CouchDB, MongoDB; Graph




Figure 1.7 Coexistenc®@fRDBMSfor traditionalserverdata NoSQLandHadoop,
SparkandcompatibleBig DataClusters



