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Q.1. What is big data ? Explain.

.m:.a.,:_um:m of a very large size and typically to the extent that s
man .Hﬁz_mcau and management present significant logistical challenges” is known
as big data. .‘

q,.rm Snrnoﬁcm_mm and initiatives that involve data that is too diverse, fast-
changing or massive for conventional technologies, skills and infrastructure
lo address efficiently is referred to as big data. The data sets that are so laree
complex, and impractical to manage with traditi bed

plex, onal software tool .

o oy s are described
ﬁ E.»_w_._z now the information from big data can be analyzed by using new
aﬁw._ ologies e.g., cmm_..énc clicks can be tracked by retailers to identify

€havioural trends that improve Campaigns, pricing and stockage. |

wzmmu_.%mw_ MM M.Mwﬁnoaﬁg_mm.mﬁ._nr as Owom_ﬁ Amazon, and Facebook pioneered

The new parad On monetizing massive n_m.._E volumes over the last decade.

managing Mﬂm .mmm_ﬁm not only for extracting value from data but also for

to softw S O resources from data center design, to hardware,
are, to application provisioning were invented by them

Another definition of big data is as follows —

e The oo__wn:o_.r processing, discovery, analysis and storage of large
and N m..za disp ﬁﬁm._vﬂmm of data is enabled by the emerging technologies
pPractices, very quickly and cost effectively”.

Q.2. What is the importance of big data ?

Ans. The importance of big data depends upon its utilization. Data

can |
be fetched from any source and analyzed to solve that enab'z us in
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4 Big Dala

terms of —
(i) Cost reductions

(i) Time reductions |
(i) New _u_.cﬁ:._ﬂ m@&c.?ﬂmi and optimized offerings
(iv) Smart decision making.

Combination of big data with high powered ana|
impact on a business strategy 1 following ways —
(i) Finding
time operations.
(i) Generating coupons at the point of sale seein
habit of buying goods.
(i) Recalculating entire risk portfolios in just minytes.

(iv) Detecting fraudlent behaviour before it affects and ri

Introduction of Big Data 5
exhange, and scll customer information.

market place, in which customer experienc
packaged, and sold to other industries.

: Q.4. Discuss four V’s and fiveV’s
examples.

We are seeing a mew trend in the

¢ from one indust ISa .
= Ty IS anonymized,

. characteristics of pi . .
YUCs, can haye great V8 kot suitabhe

the root causc of failures, issues and defects in |
I reg|

m——— .

W Eﬂ nﬂm._.nwamﬂum .

-
.....
..........

(veracity), the collected data can bring to process, activity or
predictive analysis/hypothesis. Indced, there is no clear definition for

o sks our | . ar ‘Big Data’.
organization, m H_rrmm wnmumam”nna_u_umman cM maM_ﬁMMﬁ Mm _ﬂwmaﬂﬂ_m:nm. Therefore, these five
. . |  Charactenstics have been used to define Big Data, earlier known as 4V’s (volume, ~~
0.3. Write short note on Drivers for big data. | variety, velocity and veracity), as illustrated in fig. 1.1. _
G : . f S
~ Ans. There are three contributing mmoﬁoa. or drivers for big data. These | | Terabytes | ey ———
drivers are consumers, automation and monetization. T | Records/Arch | i Authenticity m
a . s = . L i n..—.. ti : : 191 i '
More than cach of these nouﬁg_._: g factors, their interaction is speeding | raﬁw___hu,nmﬂwm : M,Mmm__u_wwm%_& . m
the creation of big data. With increasing automation, it is easier to offer 27 R S T i Accountabllity | s
data creation and consumption opportunities to the consumers and the | | B
monetization process is increasingly providing an efficient marketplace for big m
data, These drivers are explained below —
. . . g . Characteristics
(v} Sophisticated Consumers — The increase in information level and | for Big Data
the associated tools has created a new breed of sophisticated consumers. These | L il .
consumers are far more analytic, far savvier at using statistics, and far more | MMH.%_,._E_. i e ey
; : : : - - thers. i R 1 Statistical |
connected, using social media to rapidly collect and collate opinion from o | MM_EE m ! Events ;
s . : . _  Streams 3 i Carrelations !
(11) Automation — Marketing and sales have receiv ed their _zmmmﬂ mameemnea- : : muﬂ.nszmﬁ._ :
boost in instrumentation from Internet-driven automation over the past m__EnEE fomy e _
vears. ﬁ M Unstructured w ...._‘m.m“.r
\ . . : ot only | . ) ¢« Multi-factor ! e
Browsing, shopping, ordering, and customer service on the web uonﬁo:w i Probabilistic &
has provided tremendous control to user but also has created m:.mum%m " " - g
~ - i - ’ - > L8
tflood of information to the marketing, product and sales Em.ﬂ_.:mm oy ig. 1.1 Five V’s Big Data Characteristics
h ) . cl1C . . ;
-understanding the buyer’s behavior. Each sequence of web dysphorié (i) Volume— It refers to the quantity of data gathered by a company.

collected, collated and analyzed for customer delight, puzzlement,
or outright defection. More information can also be obtained 2bou
leading upto a decision. ”

(111) Monetization — A big data analytics perspectiver, @
is the biggest enabler to create an external market place wh

: m.__..,m ... ..—______q.”— ¥ .
ny " ..___.H:......‘.._n_..__...- _..._“.. .u.”—r.-“.___..h_:_:
wFETE N ol Dl

Fain s |

This data must be used further to gain important knowledge. Entcrprises are
awash with ever-growing data of all types, easily amassing terabytes even
Pelabytes of information (e.g., turning 12 terabytes of tweets per day into
'Mproved product sentiment analysis; or convertin g 350 billion annual meter
readings to better predict power consumption).




6 BigDala
MoreoVver, UmEnrm:rc_.mwommo_ de Laatand Membrey staled
is the most important and distinctive feature of Big Data impe .:s: ,.\_Q_:_g__m Iniroduction of Big Data 7
. o . . > Sing LB gtructures are defi ranizati .
..Hn_u__:.mEm_.Hmm to all Pwmﬁ_:_ezm_ Hmnszo_om_mm and tools Currently _,_mmam *Pecify to store, process M._mm“_...._uﬂ orgamzations by creating a model. The model allows
nmb_ (i) Velocity — It refers to the time in which Big D . m defincs “_,_ s bt 1% mﬂ,m“,.‘ﬁmm._ﬁ._.:um.ﬁo: lo operate the data. The mo b
| cristics ot daia including data type and some L

restnctions on

12 cap y,

processed. Some activities are very important and need jm
C €S pong

.. . ., mediat :.n%:m.>=E.<mmmm=n_ﬁa:.:ma_.ﬁﬂ:n.:ﬁaaE..
{ processing max 1c1 ] . X VTR . ata Is Very easy, Bec: =¥
which is why fastp g maximizes efliciency., For (ime-sensit; ts | cost, limited storage space and techniques used for ﬂnnnmmmmwm nm““M_Mn Ew:ﬁ.m_m

- - N # H. .{qﬁ H_- ]
m__om fraud n_oﬂozﬁ.v? wmm data flows :Eﬁ. be analyzed and used ag :..W crmmm# | the only path to store and process the data effectively. Programming |
into the organizations in order to maximize the value of the Y Slreay | called structured query language (SQL) is used for managing this awmmaw wmmn
& 01 data.

scrutinize 5 million trade events created each day to j . : . 1) Semi- oo 3 i
analyze 500 million daily call detail records in _.Mm_-a_mmwzﬂ@ wﬁﬁwa_m_ Ecﬁmh data but mﬂwm __..H_”_mm WMM&HHM __H“MM_"M meoﬂwwﬂwﬁ.wwm Ma:: DT
Q ,m_d urn faster). predict “Uslomer | stored in the form of data table, but it can be stored in some MM..E_“HH paﬂhmﬁm.
'QNA-Jell (@) Variety — It refers to the type of data that b; g data files which hold some specific markers or tags. These markers are &wmnm:.mrma
40 Comprige | by some specific rule and the data is enforced to be stored with a ra 1king

This data may be structured or unstructured. Big d s i i _
. g data consists differep; types | ‘This form of data increased rapidly after the introduction of the Worlc Wide

of data, including structured and unstructured data such
| . ; a8 1ext, sensor day, | Web wherc various form of data need medi . ing the i i
- = audio, video, click streams, log files and so on. The m:m_wm_.momncn.__umsma _“_m”wn _m_ﬁmghmnmumoz. eec meclumm for tnterchanging the infornation

types brings new problems, situations, and so on, such as monitoring hundreds |
of live video feeds from surveillance cameras to target points Mw H._m -
exploiting the 80% data growth in images, video and documents to _.Eﬂmm.ﬁ |
customer satisfaction. SR

(iv) Value — It refers 1o the important feature of the data which _m_
defined by the added-value that the coll : | |

yi at the collected data can bring to the intended |
process, activity or predictive analysis/hypothesis. Data value will depend on |
the events or processes they represent such as stochastic, probabilistic, regular
or random. Depending on this the requirements may be imposed to collect all |
data, store for longer period (for some possible event of interest), etc. In this
respect data value is closely related to the data volume and variety. |

. (v) Veracity — It refers to the degree in which a leader trusts information |
In order to make a decision. Therefore, finding the right correlations in Big Data |
IS very important for the business future. However, as one in threc business |
leaders do not trust the information used to reach decisions, generating trust i
big data presents a huge challenge as the number and type of sources grows- |

Example - CSV, XML and JSON documents are semi-structured
documents, NoSQL databascs are considered as semi-structured.

(ii) Unstructured Data — Data without any specific structure and
due to this could not be stored in a row and column format is unstructured
nmn.. This data is contradictory to that of structured data. It cannot be stored
In a databank. Volume of this data is growing extremely fast which is very

tough to manage and analyzc it completely. To analyze the unstructured data
advanced technology knowledge is needed.

Fig. 1.2, depict these types of big data along with example.

Big Data Types
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Q.5. Explain big data types with examples.

Or | o . | CSV, XML, JSON &
Write short note on structured and unstructured data. (VIILSem I, | Computer or Human C :
9 i . T omputer or Human
. [(R. G.PV., May 201 | i | Oa:ﬂ-h_n_,_ﬂrnnu ; Generated, Machine Generated,
~ Ans. Big data encompasses everything, from dollar transactions to _MM, | m O €8 Generated, e.g., eg.,
to mmages to audio, Therefore, taking advantage of big data requires 0a ” hu“___,“_ A_MH . w__n_.,.aia data |- Satellite images |=Text internal to company
ement. This _ e opuf data Scientific data Social media data

Peint of sale data Gaming related data

this information to be Integrated for analysis and data manag
Financial data

. . Photographs Mobile data
more difficult than it appears. Big data includes huge volume, __

b velocity,
hig and video Website cantent

and extensjple variety of data. There are three types of data concerned _._ME@M Radar or sonar data
. . : ional databas Fig, 1.2 Big Data T
table in () Structured Data - This is the data stored in relatio < and thes¢ 8 ypes

the format of row and column. They have fixed structure e

= x TYS— —— i — i — = — — —
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8 Big Data

: ICIC hich is economic
to centralized database which is based on mainframe and dis

has more computational power as compared to traditional. Tr

al as COmpareq
tributed databage

aditional database |

systems are based on structured data whereas big data uses semi as wel] 5.
unstructured data. Traditional database store small amount of data which range
from some giga-bytes to terabyte however big data can store and analyze data :

ranging from hundreds of terabytes or petabytes and more. Storing large |
amount of data reduces the cost which will help the business intelligence (BI).

Big data uses dynamic schema, whereas traditional database uses fixed schema,
which cannot be changed once saved. Traditional database system requires
complex and expensive software and hardware for managing large amount of
data. While in big data, the large data is divided into several systems, thus
amount of data in each system is reduced. This makes the use of big datz_
simple and cheap. |

S s, W ——

Q.7. Compare traditional data and big data. e
Ans. The comparison of traditional data and big data 1s gIven in table 1.1.

Table 1.1 Comparison of Traditional Data and Big Data

i

Traditional Data

Centralized Distributed

database

Unstructured and
semi-structured d
Small amount of | Large amount of data] Cost 1€d!
data. Range — Giga- | Range — <petaby1cs
byte-terabytes

architecture |{databasc
Types of data| Structured data

Volume
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information in data

Data Relationship with | Difficulty in rela- .
relationship |data is cxplored tionship between
casily. data items
Scaling More than one server | Single server for | Cost effective
for compuling computing
Accuracy Less accurate results | High accurate Confident results
results and reliable

— =

0.8. Describe history of big data.

Ans. Big data is a long evolution of capturing and using of data and not a
new phenomenon. Big data is the future act that will bring change in the way
wc run society, just likc the other developments in storage of data, processing
of data and intemet. The ancient history of data i1s when humans used tally
sticks for storing and analysis of data about C 1800 BCE. The tribal peoples
used to mark notches into bones or sticks for calculations, which would make
them predict about how long their food would last. One ol the carliest prehistoric
data storage is Ishango Bone now known as Uganda which was discovered in
1960. Then in C 2400 BCE came the very first device particularly for performing
calculations — Abacus. Our first libraries also appeared in this time period
which represented our initial step towards mass storage. Then 1n the period of
300 BC-48 AD thc hibrary containing largest collecction of data of the historic
world which covered pretty much everything which we learned so far was
destroyed by Romans accidentally. Then the earliest mechanical computer
was developed by Greek from C 100-200 AD whose CPU consist of 30 bronze
gears. It was designed for astrological purposes and tracking cycle of Olympic
Games. After this many small discoveries laid the foundation to emergence of
statistics like first recorded experiment in statistical data analysis. In 1880,
Hollerith Tabulating Machine was developed thal used punch cards for
calculation purposes that completed 10 years of work in 3 months designed
by Herman Hollerith known as the father of automated computation etc. Then
started the carly stage of modem data storage. In 1928 a German-Austrian
engineer Fritz Pfleumer invented a magnetic tape which stored information
magnetically. Then came the Business Intelligence and start of large data centers
where ideas of relational database and Material Requirement Plannuing systems
were out forward.

In 1989 the first use of the term big data was made by Erik Larson in the
Harpers Magazine where he said that “The keepers of big data say they are
doing it for the consumer’s benefit. But data have a way of being used for
purposes other originally intended”. The birth of World Wide Web ook place
that kicked internet into gear in 1991. Google search engine started in the year
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1997. After a couple of years 1 1999 big data term appeared jp, :
paper published by the Association for Computing Machinery, 1, :n, "CSearg
large amounts of data and inadequate space for storape 45 well mr: ma:ﬂw
difficulties were highlighted. In 2001, characteristics of big data :_Am alyg, |
velocity, variety, were defined by Dough Laney. In 2005, Creation ommfc_csﬂ

source framework called Hadoop took place for storing and analyzin ﬂ: Opeg

sets. Hadoop was famous for its flexibility and management of both mmH 18 dayy

and unstructured data. Life on carth evolved around 4 billjon ﬁm..%:ﬂ:ﬁ..
which over last 6 million years human evolution occurred, out of 5.20%.@._”., I
100000 years ago human language evolution started then aboyt 70000 m, oy __
ago cognitive evolution started and then finally was the scientjst ?Eﬂm_ﬁ
which happened about 500 years ago and fortunately analytics 5253:?
about just 30 years old but still unfold. It was started in 19905 a¢ Analytics __M _
also known as ‘Business Intelligence’, In this data about production Eowﬁw |
interaction of customer etc. were collected, combined and analyzed by traditiony
databases where data used to fit neatly and stored in rows and columnps, In|
Analytics 1.0 era, more time was spent on preparing data for analysis thap
analytics itself by IT & Business Analytic. Then in 2000s came the Analytics
2.0 or well known as big data which had complex queries that had views of

L

i R oy -
[ # m L
._.n._ru.......h....r.__uu..

- i -
..-.h... = .1.”.._ ._._r-._.|
a

1

across parallel servers software like Hadoop, NoSQL etc., have been developed.

0.9. Explain in detail about challenges in big data. |

1

shown 1n fig. 1.3.

both structured as well as unstructured data. To deal with such fast processing |
|

Ans. There are six major challenges areas in big data; those arcas are |

i T —

Accessibility

Big Data
Challenges

Inconsistencies

Storage and

Transport

Fig. 1.3 Major Challenges in Big Dald

| also
fas!

(i) Timeliness — Timeliness is one of the n:m:m:?m data wil
,.S_Esn of the data increases, the time taken to W need very
Increase. Some cases like analyzing fraudulent activity

: . dulent
processing. But it is not possible to get a full analysis of the frau
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before the fraudulent transactions can occur. So, more the volume and varncty
of data is, the more time is needed for a complete analysis of big data. So
companies like bank and security companies face timeliness challenges of
analyzing the big dala.

(ii) Security — Big data is wormed with a considerable measure of
utilization cases such as staging, pre-handling, processing, meta information
stockpiling and to store fleeting and long haul truth information. For serving
every usage case multi-elements of establishment required. Secure and private
trades are the two significant stress of 1T. Be that as it may, the security and
assurance transforms into a question mark as the truths volume of gignatic
data rapidly creatc. When we think the security perspective, the accessible
cryptography benchmarks cannot gather the requests of enormous information.
Subsequently, security insurance is still one additionally difficult issue in

enormous information.

(iii) Storage and Transport—Big data stores and oversee information
in various courses from the customary information distribution centers. It
envelops substantial sensor information; crude and semi-organized enlist
information of IT businesses and the detonated measure of informaton from
online networking. In addition, data is being madc by it1s conceivable that one
or by all (i.e. from PDAs to supercomputers and by specialists, analysts,
editorialists, researches, etc.).

(iv) Accessibility— The rapid pace of development in information on
the web challenges the scientists to advance proficient calculations and preparng
advances. The strategy for getting to enormous information has two
appearances. Firsl, the information 1n the source side and communicate comes
about. In this way, the upgrade of scripting innovations on the program side is
required to bring fundamental code from the server. Second, communicating
Just the genuine information in the wake of applying legitimate channels.

(v) Inconsistencies — The range of this revicw i.e., big data is
encompassed with multi-dimensional, specialized and precise spaces. The target
ol big data likewise changes over partner to partner. The big data analytics is
a rising edge for development and progression of innovations. In this way, its
elfect on society ought not to be maintained a strategic distance from. This
appears to be evident that sooner the big data would withdraw to wrap all
thesc areas and parts like special sciences, lite and physical sciences,
communique, capital and so forth. Big data includes every single space; in this
manner irregularity exists either in information level, data level, or learning
level. This inconsistency in every level must be tended to. Irregulanty has
_.un.o: separated in four catcgories i.e., temporal, textual, spatial and functional
Inconsistency.
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12 Big Datla

(vi) Mobility — Organizations are ready to expand m
! applications which are being acknowledged by cell phones. H:Ew '
of versatile processing advancements and endeavor m.n?munn:ﬁ“ »
: has an awesome polential to swell efficiency in business
i heightening area based datascts, invasion of informatij
: applications, their .EnmmE.mEnE and assortment surpasses the abilit atily
and portable figuring advancements. The online conduct of yay yof Spatjy
clients has contribuled a considerable measure to the data m:Eﬁ_.mM:% Versat, |
of custom controlling organizations (checking GPS and spatial am, E.m Unjg, !
gigantic data model could defy a couple of significant issyes: = m:& It h,
development in computational cost since its augmentation mEm“_mﬁm ﬁw nmmm._ __.,.m |
request to PDAs, secondly, 1t uses geographical thinking in remotely j %n mr._a_ﬁ_m..
and conclusion after some time and space. The inalienable deve i

. . . lopment | |
in mobile phones begin a colossal measure of data from every n:mﬁoEnHmM; |
lig,

N
_.:naﬁaama__
_.a..uﬁr:a_a : |
Setting aa
on f{rom Vers he

) SO .
=

(.10. Discuss the issues in big data. I
#"

- Ans. Theissues in big data are very few and while adopting the technology |
competently, one should clearly know by its organization. These data issues

- are discussed below —
b I

(i) Issues Related to the Characteristics — |

F
!
]

(a) Data Volume — As the data size increases, the estimation of |
different data records diminish in ratio to age, sort, riches, and amount maamm
different elements. The long range interpersonal communication destinations
accessible are themselves delivering information in terabytes over and over
this measure of information is obviously difficult to handle with the current |
customary frameworks. ]

(b) Data Velocity — The customary frameworks are not |
sufficiently skilled to play out the investigation on the information _Ew_.n_u Hm__
persistently changing or expanding. The rising online business has immediately

|

expanded the speed and fortune of information. *

{

(c) Data Variety — The data comes in various mﬂgmnahmwm __
for example, crude, organized, semiorganized, and unstructured datd, y |
distinctive configurations are difficult to handle by the reachable ncm.eﬂm__wa‘_
explanatory frameworks. From the investigative perspective the digsppol tilize |
of customary scientific framework is a principle snag 10 mznnm.m sfully _Mmmﬁ:,
the immense volume of information. In any case, jumbled data des1gns, i orlan! |
data structures, and confused information semantics speak o unimp
difficulties that can prompt to investigative fall.

ML
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of their business and pick up progressively advantage not in any manner like

planning.

join the basic number of circles. Access 1o that data would overcome current

: 1 yariot® :
(d) Data Value — As the stored data 1S E__W_Nﬁngnm_u:wccm:ﬁmmx_

lati . . ciw .
AsSociations for data analytics, which made a sort of crack e ? sl o

proneers and [T specialists, as business pioneers needs to bu

Introduction of Big Data 13

the IT pioneers who have siress with the subtle elements of the limit and

(ii) Storage and Transport Issues — The measure of information
has exploded every time we have fanciful once more stockpiling medium. The
unigueness about the most current data explosion, primarily because of web-
based social networking, is that no new storage medium has been introduced.
Exabyte of data could be set up on a single PC edge work; it is unfit to clearly

correspondence frameworks. Tolerating that a 1 gigabyte for consistently
framework has an accommodating viable conversion standard of 80%, the

reasonable transmission limit is around 100 Megabytes.

(iii) Data Management Issues — The data information management
is the most complex issue while cooking enormous information. Settling issues
of perfect to use, utilize, redesigning, organization, and reference. The well
springs of the information arc varied by size, by setup, and by technique for
social occurrence.

Main data management i1Ssucs are —
(a) Data privacy - (b) Securty
(c) Ethical (d) Governance.
(iv) Processing Issues — Lct an exabyte of data ought to be prepared

completely and arranged orderly. For simplicity, consider the data is pieced
into squares of 8 words, so 1 exabyte = 1 K petabytes. Expecting a processor
utilizes 100 rules on one square at 5 gigahertz, the time required for end-to-
end get ready would be 20 nanoseconds. To manipulate 1K petabytes would
require a total pier-to-pier preparation time of around 232000 days. In this
way, capable get ready of exabyte of data will require wide parallel taking care
of and new examination computations remembering the true objective to give
fortunate and huge.

........
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(v) Processing Major Issues —
(a) Gathering required data/information

(b) Arranging data from different resources {e.g., resolution
when two entities are same) .

(c) Changing the data into a form suitable for inspection

(d) Modelling it, whether arithmetically, or through some form
ol simulation

(¢) Understanding the output, visualize and distribute the results,
think for a second how to display multifaceted analytics on an iPhone or a
mobile device.
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Ans. The exponential growth of the data has opened many o
for researchers, students, and industries as well as cyber n_..__smwﬁnﬁa.
criminals can destroy both the industry and its customers w; S
opportunity. The effect of weak securities can lead 1o {he destruct
industry’s reputation and may be subject to millions of dollars loss mm_os of
breach settlement. So, the industries collecting large volume of data m_ﬂa”_ﬁ_m_s
aware of security challenges while storing and processing dbe

the big dat |
of the security challenges are explained below — 2. Somg

(i) Privacy — Privacy is considered as one of the primary
challenges of big data. These days lots of companies trades customer SenSitiy.
information based on the user’s location and prefercences. Hackers can mmﬂ__w_..
track the identity of the users by analyzing the location and pattern of :E,H |
activity. Once they are able to track the personal information, they cap i
that information to create duplicate debit and credit cards to be sold online |
When the data are transferred from one company to another, there should by
some guarantee that the company that receives the data will fairly use the data

Sometimes the fair use of data results personal harm too. |

0.11. Discuss the security challenges of big data. m
|

M—SWF _.

SCCur J_ _,

One of the retailers was tracking the shopping habits of customers and |
concluded the teenage customer was pregnant. The retailer started sending,
deals and coupons related with the pregnancy products in her mailing m&_ﬁm“_
thinking it might be useful to that customer. These deals and coupons
unintentionally disclosed her father about the pregnancy. Even .Hrnnms the.
retailer used an accurate result from the analysis, it violated the privacy omﬁ |
teenage customer. Future data scientists should be aware ol conscquences 04

|1

using information from the analysis of big data. i

|

(ii} Quantity of Loss Affected from the Security mwmnnw%_ 1&0%% w

potential security challenges of big data are the amount of 10ss mm,mn Mma:um
the security breach. The more data 1s generated, the more ﬂ“ﬁ o
consequences will result from the data compromised than that we _
Eﬁaoﬁ._m:_mg.

Another security challenge of big data 1s maintaining the

of the big data. There will be lots of users trying 8. mnnmm.mn_ it 7
Being large in size, big data needs more work (o classify the 1mPp

data and decide whom to give access of it.

granular aC¢e¥

: ﬁ—ﬂﬂw. :
to the big _dn:

Most companies collect data from various SOUICes:
storing site. Data contains very sensifive m:wondm:om sl
information of people, employee, financial information,
sensitive information might be potentially vulnerable from
can casily attack to the central database.
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Additional security challenges of big data are maintaining the compliance

with the law. Some law restricts wherc the data should be stored and

processcd. Since company has to store and transfer data over the Internet,

it is potentially vulnerable for companies to maintain the law. They might

(ace security issues, or they might be violating the privacy of individuals
withoul noticing it.

.

I TECHNOLOGIES AVAILABLE FOR BIG DATA, o
. INFRASTRUCTURE FOR BIG DATA, USE OF DATA
ANALYTICS, DESIRED PROPERTIES OF BIG DATA SYSTEM

L. S
L

Q.12. Explain big data technologies.

Ans. Using modern computing technology, businesses may now manage
immense volumes of data previously could dealt with using expensive
supercomputers. These are now much cheaper. As a result, new techniques

-y
L
.....

for distributed computing are main stream. Big data became paramount as ..

companies such as Yahoo!, Google, and Facebook came to the realization that
they required help in monetizing the massive amounts of data their offerings
were creating. Thus, these new companies must search for new technologies
to store, access, and analyze huge amounts of data in near real time. Such
real-time analysis is required in order to profit from so much data from users.
Their resulting solutions have affected the larger data management market. In
particular, the innovations MapReduce, Hadoop, and Big Table have proven
lead to a new generation of data management. These technologies will allow
businesses to address one of the most fundamental problems, namely the

compability to process massive amounts of data efficiently, cost-efiectively,
and quickly.
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(i) MapReduce — MapReduce was designed by Google to
efficiently carry out a set of functions against a large amount of data in
batch mode. The “map” component distributes the programming problem
or task across a large number of systems while managing placement to
balance the load and allow recovery from failures. After the distributed
computation is complete, another function called “reduce” aggregates all the
elements back together to provide a result, An example of MapReduce would
be determining the number of pages in a book that are written in each of 50
different languages.

(ii) Big Table — Big Table was developed by Googlc to be a
distributed storage system to manage highly scalable EEQE.& data. ._u_mz_,
is organized into tables with rows and columns. Unlike typical relational
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Itidi, |

database models, Big Table is a sparse, distributed, persistent mu
D8igp,. Introduction of Big Data 17
of daty ]

sorted map. It has been designed to keep large volumes

commodity Servers. nﬁgu | Mathematical Tools

(iii) Hadoop — Hadoop is an Apache-managed software f, Fundamental
created using MapReduce and Big Table. Hadoop allows applications m: CW o |
MapReduce to run on large clusters of commodity hardware, Thene wm_..a o
become the basis for the computing architecture underlying Yahoo! 'S wm_f _E
Hadoop is designed to parallelize data processing across COmMputing :Mznmm,_w
speed computations and diminish latency. Two major components o m:m.“m o,
exist — a massively scalable distributed file system that can support ﬁﬁmvgﬁ._
of data, and a massively scalable MapReduce engine that computes _.nmc_mrmu_

batches.

Optimization
Mathemalics ?—mnrnnu.

Data Analysis Techniques

Learning

Visualization

(.13. Describe big data tools and technigues. Processing Methods

e mom Cm ww T oe— ew om

Ans. Organizations use various techniques and technologies to agpregat; _

manipulate, analyze and visualize big data. They come from various fielg
i ; ; ; Big Data Applications
such as statistics, computer science, applied mathematics, and cconomig
Some of them have been developed intentionally and some of them have wng: QMHM.E Biomedicine e e
adapted for this purpose. | ; ¥
To capture the value from big data, we need to develop new _nnrzﬁsgn Fig. 1.4 Big Data Techniques

and ﬁﬁn—._ﬂGL_Gm.wﬁm for Wﬂmw%.hm.._u.m it. Until now, scientists have n—mﬂmmOﬁm& m..E,Emm__ (iii) Data Mining — Data Emﬁ_._,.ﬂm is a set of techniques to extract
ﬁm_.._mq Enﬁwnrsﬁcmm and nmnwho_omu.mm 1O nmﬁaﬁmu curate, E”E_%Nn and iw:m_wn” valuable information Aﬁmﬁmuzmv from Qmﬁmu mznws&ﬂm nrﬁ,ﬂmlsm gmwwmmm,
big data. | classification, regression and association rule learning.

. : : . | iv) Machine Learning — Machine learning is an itmporiant
Bi i - rdinary techniqucs 10} SN (iv) REARRER: R § i iAsenn g .
g Data Techniques — Big data needs extrao y ; application of artificial intelligence which is aimed to design algorithms that
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efficiently process large volume of data within limited run times. Reasonably,
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1 : incal data. The most i
2 big data techniques involve a number of disciplines, including statistics, da? Hﬁmﬁzwoﬁﬁmmwwﬂwﬂw “wﬂwnﬂmwwﬂwﬁzﬂmﬂ anwﬂwﬂwﬂ&ﬁ and make
. . . . . ‘< ojondl - | £ 133853,
mining, machine learning, neural networks, social network m:mﬁm_m__. m_m.__ intelligent decisions automatically. i:
G processing, patiern recognition, optimization methods and visualizZ?! (v) Artificial Neural Network — Artificial Neural Network (ANN)
_,m approaches. There are many specific techniques in these disciplines, and (34 | is a mature technique and has a wide range of application coverage. lts =
Mm overlap with each other., | successful applicahons can be found in pattern recognition, image analysis,
mh (i) Optimization Methods — Optimization methods have been mw_%__@n_m adaplive control, and olhee arcas. L
# 1o solve quantitative problems in a lot of fields, such as physics, w_c_oﬁ_m (vi) Visualization Approaches — Visualization approaches are the

'
ar
2=

techniques used to crecate tables, images, diagrams and other intuitive display
. | ways to understand data
- * L. . :m . L - . .
s _Mi Statistics — Statistics is the science to collect, o—mm:_awn_ o (vii) Social Network Analysis — Social network analysis (SNA)
Hl Hﬂ o v r L] = nq & i & - - oy
Prel data. Statistical techniques are used to exploit corrclation an 0. Which has emerged as a key technique in modern sociology, VIEWS social

relationshi : S . - ¢ al%¥ . : : : : :

Hccamwﬁvm rm.p ween different objectives. Numerical descriptions m“_:_ :ol. relationships in terms of network theory, and it consists of nodes and lies.

well E:&wﬁmazm__%, :.oin{n: standard statistical techniques arc usu “ Higher level big data technologies inclode distribited Ew systems,
> Manage big data. | distributed computational systems, massively parallel-processing (MPP)

engineering, and economics
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systems, data mining based on grid computing, cloud-baseq _. Introduction of Big Data 19

. ﬁ : . ; ) Slor | . .
computing resources, as well as granular computing and biologicy "8 g, pyigh velocity and complex data types. Indeed, when the high velocity and time

_n: . : ’
My : ion are concerned in applications that ; | 1
. B : | S I dimension arc n¢ . Involve real-time processin
__w_n_u_wu_ﬁ .Hoc_m. mm.w_m__.mﬁqw_m data _cc_m rﬁosmo::mﬁ on threg Cla . (here are a number of different challenges to map/reduce _.Es_miﬁ_%ﬂu_ﬂ.m_.ﬁm_
namely, batch processing §, Stream processmg tools, and intern ase % . . | _.
— y P | g nd nteractjye E__m_w“_w“ the real-lime big data platforms, like SQL stream, storm and stream cloud, are
: : 3

designed especially for real-time stream data analytic.

(i) Big Data Tools Based on Barch Processing — Qe T Table 1.3 Big Data Tools Based on Stream Processing

. : OfF the vy, i
~ass by L Mo | ; N
?Em,:m E“a powerful batch _sdrmuu based big data tools is Apache | Tai %/ P — Specified Use Advantave
2 : log 8¢S
provides infrastructures and plattorms for other specific big daty gyl 1
. = vﬁ:nﬂa__m Storm Real-time computation | Scalable, fault-tolerant, and
) Table 1.2 Big Data Tools Based on Hw.n_nr _v_.anmmmmzm .__“ system Is easy to set up and operate,
S No.i Name | Specified Use P aﬂﬁl:_n mﬂf!../ S4 Processing continuous } Proven, distributed, scalable,
b | I . - 5¢: b unbounded streams of | fault-tolerant, plugpable
MMMn ¢ ~ %ﬂEnﬂ:.m and High scalability, reliability, | data platform. _
00 atform i ‘
p P no._EEﬂn: €ss. | (i) |SQL stream Sensor, M2M, and tele- | SQL-based. real-ime stre-
Dryad Infrastructure and High performance distributeq| s-server | matics applications aming big data platform.
platform nmmn:ﬂﬂu engine, good prog. A (iv) ' | Splunk Collect and harness Fast and easy to use, dynamic
rammability. _ machine data environments, scales from
(1) |Apache Machine learning Good maturity. i laptop to datacenter.
| {mahout algorithms in business (v) |Apache kafka | Distributed publish m:@-_ High-throughput stream of
(iv) [Jaspersoft |Businessintelligence | Cost-effective. self-servi scribe messaging system | immutable activity data.
p g , self-service
| Bl suite software BI at scale, & (vi) |SAP Hana Platform for real-time | Fast in-memory computing
1 (V) _wmnﬁwo Business analytics Robustness, scalability, flexi- _ business GEK} £OA3-ie BUBIFUC,
i Emﬁsﬁm platform oLty in knowiedge discovny (iii) Big Data Tools Based on Interactive Analysis — The interactive
, analylcs | analysis presents the data in an interactive environment, allowing users to
(vi) |Skytree | Machine learning and | Process massive datasets . undertake their own analysis of information. Users are directly connected to
server advanced analytics accurately at high speeds. | the computer and hence can interact with it in real time. The data can be
(vi1) | Tableau Data visualization, Faster, smart, fit, beautiful and * reviewed, compared and analyzed in tabular or graphic format or both at the
business analytics easy to use dashboards. - Same time. |
(viii) | Karmasphere| Big data workspace | Collaborative and standards- | - (2)In2010, Google proposed an interactive analysis system, named
studio and based unconstrained analytics; Dremel, which is scalable for processing nested data. Dremel has a very different
analyst I J——y - architecture compared with well-known Apache Hadoop, and acts asa succ esstul
. | - complement of . tations. It has capability to run
) _,_Jm_nna open {Data management and | Easy-to-use, eclipse-based | mmmnwmﬁ_os ﬁ_M:HmMMM.a Mmmowmwwm Wﬂﬂmm_:.ﬂmwn”:% by Bméﬂ of combining
studio application integration | graphical environment. _ ; . ~ow ,

mMulti-level execution trees and columnar data layout.
(b) Apache drill is another distributed syslem for interactive
4nalysis of big data. It is similar to Google's Dremel. For drill, there 1s mOre

:ﬁ_g_:w lo support a various different query languages, data formats an
data soyreeg.

R —

(ii) Stream Processing Big Data Tools — Hadoop does ...___”ﬁ:;““_"
Processing large amount of data in parallel. It provides a general partition! ]
mechanism to distribute aggregate workload across different :wmn_:nnmm
zﬁimnrn_mmmw Hadoop is designed for batch processing. It is @ Ec_:%::_ﬁ:
“gine but not a real-time and high performance engine, sinc¢ there arc d“w _L
throughout latency in its implementations. Stream big data has high vol!

A
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20 Big Dala !
Q.14. Write short note on processing of big data. _ introduction of Big Data 21
|

io data processing, a large number of by : % o i hi

Ans. For _u__m y Hm_ cess mmw e Molmoﬁ_ el 1g daty En::.o_s _information n_.mn.ﬁ::w In _nc_:._.::mu and not rows. This approach leads to faster

have been developed a INg to daty Prog amw._m performance, as Em:qn.::.-:ﬂ._m niﬁ_.:n_u_..?mr .ﬂ@n: geographic data storage
m:__ is part of the equation, a spatial database is optimized to store and @:n@am_w

concepts. In processing a ot of content must be extracted ang analyzeq .
T Y e how objects are related in real lerms.
U hased on how 0ODJ

the collected information to serve the knowledge requiremeps of

. st T es antie: o vari
business or mm.:,wmﬁwnmu ﬁi.””nﬂ ﬁmw”_wm w__a wn._mwﬁ:_o H”mmrm?_.. n_nﬁmn_:ma_; (ii) Redundant Physical Infrastructure — The supporting physical
The process is initiated with the retrieval o - ormation, which can naaw_ nfrastructure is fundamental to the operation and scalability of a big data
from various sources such as database, websites, documents or oash._ architecture. In fact, without the availability of robust physical infrastructures,
I

management system. Hadoop, 1s used for storing this massive amount of g “_Em data would likely not have become such a strong trend. To support an
g | anticipated or unpredictable volume of data, a physical infrastructure for

Before processing big information it must be recorded from djgp,, un k *
information creating sources. In the order of 1ts happening it myst e m__“w big data has o be different than ﬁ.rmm for :m,,._:_o:.ue data. ﬂ_m H..,_Em_nm_
and optimized. Just the pertinent information ought to be recorded 1, M i nfrastructure has rnnuu based on a m_mﬂ,c:ﬁwh_ computing model. This means

Y Methgy that data may be physically stored in many different locations, allowing it to be

. f futile data. Thi ific i
for channels that dispose of futile 1s can be done by specific Strumey, linked through networks, the use of a distributed file system, and various big

such as ETL. ETL method commonly combines data from multiple Systems; data analytic tools and applications
data : .

which the data is actually loaded into the data warchouse. | b . :
| Redundancy is important, as companies must handle a great deal of data

0.15. Describe the architecture for big Rﬁn. | from many sources. Redundancy comes in many forms. For instance, if the
| company has created a private cloud, company may want to create redundancy

Ans. The architecture for big data is shown 1n fig. 1.5. |
within private areas so that it can scale out to support changing workloads. If a

| RS
Big Data Tech Stack ‘company needs to limit internal IT growth, it may use external cloud services to
| this redundancy may come in the form

.
o

3
1
;
i
L

~ ladd to its own resources. In some cases, |
g +lof a Software as a Service (SaaS), allowing companies to carry out advanced data B
m . 1.m=mqm._m as a service. The SaaS approach allows for a faster start at reduced costs. .
M Big Data Applications umu, m_“ | m@ Security w:.\...n.ﬂnnﬁ.ﬁm — As big data analysis becomes part of
- . ——— mm__ﬂ.c_.r:oﬁ it becomes vital to secure that data. For example, a _umm::nmm.n
,_.m v ctchion it it e ..mm company probably wants to use big data applications to determine changes in P
- Analytics (Traditional and Advanced) Mw demographics or shifis in patient needs. This data about patients needs to be ﬁ_-
M Analytical Data Warehouses and Data Marts M .m Mﬁquﬂnnﬁn__ both to meet noﬁﬂmmnnm _.mm:#_mammnw and to protect patient privacy. _ g
T "Organizing" Databases and Tools 3¢ The company needs (o consider who 1s allowed to mwm the m_mﬁ m:m. ﬁ..:m: they f
. . 5~ may see it. Also, the company need 1o be able to venify the identity ot users, as i
m a:ﬁ:a.wﬂa_ﬂhmwwhqw“._ MNHH:.EEE& 2 well as protect the identity of ﬁmmnﬂa. These types of security requirements a.__._
g ‘must be part of the big data fabric from the out set, and not an after thought.
) Redundust Phivilosd Inlrastraeoe (iv) Operational Data Sources — O.ozom_,a:m big data, 2 nogw”ﬂw
. must ensure that all sources of data will provide a better viewpoint mcu_w an
Fig. 1.5 Big Data Architecture “w_ucm_zmmm and allow it to understand how .am_.u effects the ovﬂ&ﬁ:% :Mﬂﬁo _w
ct that ! ho:__ﬁ company. Traditionally, an operational data source consisted of highly

. Wh i ig is the fact " . e . ,

e a.t Anterfaces and Feeds — What makes big data big _mw” m_u_u_am:,g__u,_m_:_ﬁﬁma data, managed by the line of business In relational .EE_U»WM

on picking up lots of data from lots of sources. Therefore, 0P i, § However, opcrational data now has to consider a broader set of data sources,
programming interfaces (APIs) are a core part of any big data arch! : gt MCluding unstructured sources like social media or customer data.
yyer of 1) . .

every laye __ (v) Performance Matters — Data architecture also must work 10

]

H In addition, interfaces exist at every level and between 7l i)
Stack. Without integration services, big data cannot happen. Other IMPT ' iperform according to the supporting infrastructure of organization or COMPEL:

operational database approaches include columnar databases i |
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For instance, the company might be interested in running modg| 5t
whether it is safe to drill for oil in an offshore arca, provided With 1.

data of temperaturc, salinity, scdiment resuspension, and many ap_ﬁ;wm_m__
chemical, and physical properties of the water column. [t Might take n._u
run this model using a traditional server configuration. How
distributed computing model, a day’s long task may take minutes
might also determine the kind of database that company woylg e
certain circumstances, stakeholders may want to understand how _.,__1“5

distinct data elements are related, or the relationship between social ﬂﬂh__ﬁ__
activity and growth in sales. This is not the typical query the company ¢ 0
ask of a structured, relational database. A graphical database might pe 5 _u” |
choice, as it may be tailored to separate the “nodes” or entities wosﬁ_.,-
“properties” or the information that defines that entity, and the :&wﬁ___“_._ _
relationship between nodes and properties. Using the right database may m_m.__
improve performance. Typically, a graph database may be used in sciengt
and technical applications. i

(vi) Organizing Data Services and Tools — Indeed, not all the g
that organizations use is operational. A growing amount of data comes frop,
number of sources that are not quite as organized or straightforward, includi
data that comes from machines or sensors, and massive public and privd|
data sources. In the past, most companies were not able to either capture __._

store this vast amount of data. It was simply too expensive or too overwhelmin

0 detery,

¥
i
[ |

_(__E_.

0.

|

Even if companies are able to capture the data, they do not have the tools to 5

iy of data clements, but also how thesc dala elements offer context b

Biy | husiness problem being E_n:n.mmﬂ_. With big data, reporting and data visualization
ayy __ﬁ hayve become tools for looking at the context of how data is related and the
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ased on the

impact of those rclationships on the future,

(ix) Big Data Applications — Traditionally, business has anticipated
that data would be uscd to answer questions about what to do and when to do
't Data has often been integrated into general-purpose business applications.

with the advent of big data, this is changing. Now, the companies are
secing the development of applications that are designed specifically to take
advantage of the unique characteristics of big data. Specific emerging
applications include arcas like rnﬁ:s.nmamu manufacturing management and traffic
management. All of these applications rely on huge volumes, velocities, and
varieties of data to transform the behaviour of a market. For example, in
healthcare, a big data application might be able to monitor premature infants to
determine if data indicates when intervention is needed. In manufacturing, a
big data application can be used to prevent a machine from shutting down
during a production run. A big data traffic management application may reduce
the number of traffic jams on busy city highways, decreasmng the number of
accidents while saving fuel and reducing pollution.

Q.16. What do you mean by big data analytics ? Explain various types
of analytics.
Ans. Big data analytics, is the process of cxamining large daia sets that

anything about it. Very few tools can make sense of these vast amountst | containing a variety of data types i.e., big data to uncover all hidden patterns,
data. The tools that did exist were complex to use and did not produce resul, unknown correlations, market trends, customer preferences and other useful

within a reasonable time frame. In the end, companies who really wanted!

do the enormous effort of analyzing this data were mownﬁ_ {0 éo_._M Hw
snapshots of data. This means that stakeholders may miss out on Ieic __

events as they may not have been captured in a certain snapshot. |
Marts — After a compa-
n important _“_
5 ma.mtmﬁ
filev!

(vii) Analytical Data Warehouses and Data
sorts through the massive amounts of data available, it is ofte :
lake the subset of data that reveals patterns and put it into a form A.A:E _
to the business. Such so-called ‘warehouses’ provide compression mu

|
partitioning, and a massively parallel processing architecturc. |

always 1

(viii) Reporting and Visualization — Companies . f whatU

on the capability to create reports to give them an understanding . jons®
data tells them about everything from monthly sales figure
growth. Big data changes the way the data is managed and used.
IS able to collect, manage, and m:m_%mm enough data, 1t may use anew __%_a

i : a co
of tools to help management truly understand the impact not justofa

business information. Then analytical findings can lead to more effective
marketing, new revenue opportunities, better customer service, improved
operational efficiency, competitive advantages over rival organizations and
other business benefits.

| The primary goal of big data analytics is to help companies make more
informative business decisions by enabling data scientists, predictive modellers
\and other analytics professionals to analyse large volumes of qwzmm&u:m_
'data, as well as other forms of data that may be untapped by more conventional
business intelligence (BI) programs. That could include web server _omm_m_.a
Internet click stream data, social media content and social network activity
reports, text from customer e-mails and survey responses, mobile phone call
detail records and machine data captured by sensors and connected to the

Internet ol Things.

Big data burst upon the scenc in the first decade of the mmmﬁ century, and
__:,_m first organizations to embrace it were online and manﬁ.w firms. Emzmv_ﬁ
firms like Google, Linkedln, eBay and Facebook were built around big data
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i
|

.:,“.
_u_ﬁ.“_

from the beginning. They did not have to reconcile or integrate "
more traditional sources of data and the analytics performed g _
they did not have that much of traditional forms. They diqg - :ﬂ
big data technologies with their traditional IT infrastructyye ave
infrastructures did not exist. Big data could stand alone, bj
could be the only focus of analytics, and big data technglg
could be the only architecture.

g n_mE
m_d...

S becgy
8¢
g data 5, by
gy nzr.__.ﬁ____
Analytics can be classified into following three types — |

(1) Predictive analytics

(1) Descriptive analytics

(iti) Prescriptive analytics.

(1) Predictive Analytics — Predictive mmm_%mmm establish

: . , . Eaim_zme._”_
patterns and gives list of solutions which may come for given Situafj
I

by usl
Au ] » E " . :
My of external factor such as economic data, population demographic trends and

| %:E::: health trends, to more accurately plan for future capital investments
aw,___._ such as new facilities and equipment utilization as well as undersiand the
irade-offs between adding additional beds and expanding an existing facility

|versus building a new one.

_ functionalities for storage as well as for batch and real-time processing of the
__ big data. It provides main integration interfaces between the site operational

platform and the clou
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For example, prescriptive analytics can benefit healthcare strategic planning
ing analylics to leverage operational and usage data combined with data

Q.17. Explain core components of analytical data architecture.
[R.GP.V., May 2019 (VIII-Sem.)]

lllll

Ans. The big data storage and analytics platform provides resources and

d data lab platform and the programming interfaces for

Predictive analysis study the present as well as past data and predict whaty,
happen in future, give probabilities of what would happen. Tt is used g+,
big data to forecast other data which we do not have. This analytical am”@
is one of the most commonly used methods used for sales lead scorin 2,
media and consumer relationship management data.

Sau

Three basic elements of predictive analytics are as follows —
(a) Predictive modelling

(b) Decision analysis and optimization |
(c) Transaction profiling. |

For example, predictive analytics is used for optimizing custom
relationship management systems. They can help enable an organization!

analyze all cusiomer data therefore exposing patterns that predict custor.
behaviour. :

|
b
(ii) Descriptive Analytics — Descriptive analytics also known a5 ﬁ

C. ] . : _
mining, operates what is happening in real-time. It is one of the m:s_u_ma.ﬁ_
of analytics as it converts big data into small bytes. The result 1S monioy

|

through e-mails or dashboard. It is used by majority of organizations ]
usage f

h
)

L]

the implementation of the data min ing processes. The internal structure of the
big data storage and analytics platform is given in fig. 1.6.

~ Forexample, descri ptive analytics examines historical electricity
to help pl

| . . . mal prices
an power needs and allow electric companies to set Opil mal prie=>

L

(1ii) Prescriptive Analytics — Prescriptive analytics reveals
and recommend of what step should be taken. It gives answer 10 the
> .g.ﬁnzmﬁm_ way. Prescriptive data analytics goes one SI€P p cisid
ﬂr._..m___.n:{m as 1l E.oﬁamm multiple actions with likely outcomes for each gﬁ_ﬂx di
nnﬂrm__ﬁ“ﬂa ol m:.g_w:nm s not preferred much by organizations o

mpressive result if used correctly.

! >

m_n:n__ |

1 1

L :
S high-level API for the implementation of the data pre-processing tasks and for

_mma_.ma in the functions repository, where they arc aval
ﬁ_nﬁ loyment or for the simulations and overall optimization 0
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Fig. 1.6 The Internal Architecture of the Big Data Storage and Analytics
Platform

Data are primarily stored in the distributed file system, whichis responsible
for the distribution and replication of large datasets across the mu _ﬁ._E.m mm_dnnm
(data nodes). A unified access to the structured data is provided by the _.,__m_..:_u:.ﬁn
database using the standard SQL interface. The main component responsible
for data processing is the distributed data processing framework, which provides

ions. Predictive functions are

available for production
f the production

building and validation of the predictive funct

e T I
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processes. The rest of the components (messaging scrvice apg
service) provide data communication interfaces, and connegy

the i,
platform to the data lab platiorm. | OPey L

components —

(i) Distributed File System — Provides a reliable, scq able |
‘with similar interfaces and semantics to access data as Jocg] file mw__w Sy

(ii) Distributed Database — Provides a structured View owﬂmsm._
stored in the data lab platform using the standard SQL langua the
standard RDBMS programming interfaces such as JDBC fg

for .Net platforms.

(iii) Distributed Data Processing Framework — Allgws
of applications in multiple nodes in order to retrieve, classify or
arriving data. The framework provides data analytics AP[s

paradigms for processing large datascts — API for parallel co
API for distributed computation.

(iv) Functions Repository— Provides storage for predictive funcy
Emﬁrnqixrm:maﬁummnmﬁ_ﬁr.maA.oaEmﬁ_nﬁ_ou\émﬁomwzsomonm. .

(v) Messaging Service — Implements an interface for real-y

communication between the data lab and operation platforms. It provides
publish-subscribe messaging system for asynchronous real-time two-w

trans m.oHE =.
Mputatio

_*

| ( EM Data Replication Service — Provides an interface for uploadi
of the historical batch data between the data lab and operation platform.

0.18. Explain the application of big data analytics in various \E%_

Ans. Big data analytics applications (BDA Apps)-are a new category!
software applications that leverage largescale data, which is typically too 1%
to .E In memory or even on one hard drive, to uncover actionable wucﬁ_n&m
using large scale parallel-processing infrastructures. The big data can o

Olympic Games, stock market updates, usage information of an onlin¢

(1) In Clustering - Using clustering (K-means algorithm) throv#

a simple point and click dialog, users can automatically find groups

tcords, click path, behaviour, purchasing patterns, etc-

i o icall
USers und :t. in Data Mining — Datameer’s decision trees mﬁo&manma o
Crstand what combination of data attributes resultina desired 0

communication, which allows to the decoupling of data providers and consume

withl
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. . ma;_umﬁmic: trees illustrate the strengths of relationships and dependencies within
The big data storage and analytics platform consist of the ?__os. (ata and are often uscd to determine what common attributes influcnce outcomes
__Hm
i

?cnr as discase risk, fraud risk, purchases and online signups. The structure of

he decision tree reflects the structure that is possibly hidden in big data.

(iii) In Banking — The use of customer data invariably raises privacy
issues. By uncovering hidden connections between scemingly unrelated pieces

_ E. data, big data analytics could potentially reveal mﬂ.:m:?m personal information.
g€, and SU ﬁwmmmm_.n_._ indicates that 62% of bankers are cautious in their use of big data
I Jaya o %g,._ due to privacy issues. Further, outsourcing of data analysis activities or

]!

1 distribution of customer data across departments for the generation of richer

th ‘insights also amplifics security risks. For instance, a recent security breach at
€ Cxeqy;, 4 leading UK-based bank exposed databases of thousands of customer files.

Although this bank launched an urgent investigation, files containing highly
censitive information such as customers’ earnings, savings, mortgages, and
insurance policies ended up in the wrong hands. Such incidents reinforce
concerns about data privacy and discourage customers from sharing personal
information in exchange for customized offers.

(iv) In Marketing — Marketcrs have begun to use facial recognition

softwarc to learn how well their advertising succeeds or fails at stimulating
interest in their products. A recent study published in the Harvard Business
Review looked at what kinds of advertisements compelled viewers to continue
watching and what turned viewers off. Among their tools was “a system thal

analyses facial expressions to reveal what viewers are feeling.” The research
was designed to discover what kinds of promotions induced watchers (o
share the ads with their social network, helping marketers create ads most

._EEE to “go viral” and improve salcs.

i
{

ﬁ - (v) InSmart Phones— Perhaps more impressive, people now carry
facial recognition technology in their pockets. Users of iPhone and .P:a.am_a
smart phones have applications at their fingerprints that use facial recognition

|

technology for various tasks. For example, Android users with the remember

from sources such as runtime information about traffic, tweets during _?____mwF can snap a photo of someone, then bring up stored information about EE
’ g person based on their image when their own memory lets them down a potential

or the data from any other rapidly growing data intensive software syster boon for salespeople, iPhone users can unlock their device with recognize me,

an app that uses facial recognition in lieu of a password. If deployed across a
large enterprise, this app could save an average of $2.5 million a yearn help-
desk costs for handling forgotien passwords.

data based : . . ; i 0y gimp le? : R T
erily M:mwmmo_mo data dimensions. With clustering, it IS Ew: o Juch’ (vi) In Telecom - Now-a-days big data is used in different mm_%.,_:
patient r ess groups by customer type, text document; ‘telecom also it plays a very good role. Service providers are trying o compete

in the cut-throat world of telecom services. Where more and more mswwnnwﬂm
rely on over-the-top (OTT) players as providers of value-added services arc
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28 Big Dala |
focused on increasing revenue, Bﬁ_cﬂ_wm Opex, chum apg enhy i Introduction of Biq b
wrience as key business objectives. Ngj, | N . of Big Data 29
customer eXperiche Y ‘ | __W__ respond positively (o the given treatment ? (f surgery done, will the pati
Operators believe that big a.m_..m Eﬂ m%m:_wwn m.:m:w:nm will play 10 it 7 Will the patient get prone to catch discasc in near fyre 7 patient respond
role in helping them meet their business objectives. In the mmsomgf The hospital management and administration can take better decisi
-1510N8

respondents indicate critical use case scenarios in the context of by
advanced analytics where they are investing now and where Emmn
invest in the next three years. y

Operators face an uphill challenge when they need 0 de
compelling, revenue generating services without overloading thej,

(vii) In Agricalture — A biotechnology firm yges sens
optimize crop efficiency. It plants test crops and runs simulatiop,
how plants react to various changes in condition. Its data environment oy
adjusts to changes in the attributes of various data it collects, En_ﬁn
temperature, water levels, soil composition, growth, outpyt, E_._s_”,
sequencing of each plant in the test bed. These simulations allow i ¢, ,,.__mnwu_
the optimal environmental conditions for specific gene types.

i
_
_

li
u__.nq "

to Mgy
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0.19. Explain advantages of using big data analytics in healy
sector and banking sector. ]

- Ans. Advantages of using Big Data Analytics in :.%E.nm.; mﬁs_

Advantages of using big data analytics in healthcare sector are as follows.

(i) For Research — The large amount of data produced, gives %M,

oEuomEEQ to researchers 1n fields of health informatics, by using toolst
techniques for unlocking the hidden patterns.

(ii) For Individual’s/Patients — In deciding any line of treatment!

U | 1ike number of patients not getting cured at early stage, n
m._.:_ m. increasing because of patient getting ill again after treatm
Playi | ¢ floors for efficient working. plans -

I of staffs on g, plans for frequent post treatment
| follow ups, clc.

umber of readmission
€Nt Increasing number

(iv) For Insurance Companies — Government for giving medical

EE& claim to patients do large amount of expenditure. By using BDA analysis
Or g, | prediction and minimizing fraud medical claims can be done. ,

(v) For Pharmaceuticals — BDA techniques help R&D to produce
drugs, instruments, tools etc. in shorter period of time, which are effectiye in
treating specific diseases.

(vi) For Government—The demographic data, historical data of disease
outbreak, weather data, and data from social media over diseases like cholera,
flue etc. information is used by the government. Government analyzes this massive
data to predict epidemics, by finding correlations between weather and disease
and accordingly preventive measures arc taken. Public health surveillance is
improved as well as the response to disease outbreak is quick by using BDA.

(vii) For Pharma Companies — To improve workilow quality and
quantity, like predictive modeling, statistical tool and algorithms. These improve
the outcome of experiment and provide better understanding of developing
drugs pharma companies need new tools. This tool successfully navigates the
regulatory approval and marketing process.

Advantages of using Big Data Analytics in Banking Sector -

a patient, historical data about the symptoms, drugs, outcomes, Rm@oa%.q Advantages of using big data analytics in banking secior are as follows —

p ; v = - _
different patients is taken into account. The move is towards formulatit}

{patient on personalized treatment) on the genomic data, locality, area and Ea&“
fesponse to certain medicines, allergy, and family history. When genome 63

| (i) Sentiment Analytics — Continuously monitoring of customers
opinion is nceded from banks. Banks nced to identify which are their key
customers and by their feedback they need to improve their flaws 1n system.

known completely, some kinds of relations are established between the DX[This lead to increase in their productivity and services.

m:a. :.E discase. Then specific treatment is formulated for such small grov? mm_
5&5%&. The patient gets advantage by various ways such as correct & y
as n:,nn:f.w line of treatment, better health related decisions, preventive st
time, contnuous health monitoring of patients by wireless devices, deslg" Hﬂ_
personal line treatment, increase Jife quality and expectancy. m

.... - _q,. mm

in hosp; _a.& For Hospitals— By various techniques and tools of BDA data M_ I

- %ﬁ_.s 3 BaIn various advantages such as to predict patients which liketoS _ﬁw ___

Sertime or get readmit after treatment, identification of patients that ar° ﬂw_a_
ital)

hospitalizat; .
€m:ﬂ.ﬂ_§:€_ provider could develop pre health plans to prevent hoSPT= g
queries that could be answered using these BDA tools, include—will2P

- |

(ii) Changes in Service Delivery — Whenever a reputation or account
range enters into system, it checks through all the information and provide

S 30 : . . , .
1P desired information. This allows banks to map work process, save time and

prices. Huge information and its proper knowledge allow organization to identily
and solve issues before they affect their customers.

(iii) Fraud Detection and Prevention — One of the most imporiant
obstacles faced by banking sectors is fraud. Big data cnSures that no
unauthorized transactions are done and provides security as well as safety to
the entjre system.
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. (iv) Enhanced Reporting — Getting access to by,

= gl

g€ amq, Introduction of Big Data 31

e . in di nt needs of different cu ung .o | : : , :
._ also ﬂw:_m_: n_m..wwmw _ s e w:u_jﬂ.m, Then g:rm _.,._“,F ofy  ice p resident of marketing at Talend, a provider of OpPCn-source data integration
needs 1N a meaningiul way. m. :m. Industry provides the eXagy ; ey ;_h__.ﬂa_::c:m. You do not necd to prove (o a vendor that you have a million dollars
required by the customer by using big data. nfop. F

_.;m_p__._w: your budget. With open source, you can try it and adopt it at your own

f.a__._

(v) Risk Management — Early delection of frayg i

of risk management. Large amount of information does the Maxim One disadvantage ol open-source is that it has to coexist with the
of risk management as it will identify fraud. Massive infi Ormatigp _z.s Ay proprietary solution for a long time .m..._q many reasons. For example, getting
role in desegregation of banks needs into a centralized practi om% mwﬁﬁ__ Jata from Hadoop to a database required a Hadoop expert in the middle to do
which possibilities of losing the E*..onsm:oa 1s reduced. Em:,Eg“_En data cleansing and the data type translation. If the data was not 100%

(vi) Customer Segmentation — By identifying usage .“__?_nm: which is the case with most circumstances) a developer was needed to

of it to sistent, proper form. Besides wasting the valuable time of that
customer, loyalty programs are created. Targeted marketing p Cargy Ipet it to @ CODS! prop &f this

. , . _ : TOgram |lexpert, this process meant that business mnmﬂm_.m could not directly access
made as well as relationships are build between valuable Customerg . Mwm analyze data in Hadoop clusters. SQL-H is software that is developed to

(vii) Examine Customer Feedback — Customers Sehtimey solve this problem.
collected in text form from various social media sites and afier no__mnm | Q.2]1. What are the desired properties of big data system ?

they are classificd into positive and negative. This is used to provide sevie|  Ams. The desired properties of big data system are as follows —
customer.

..rc_._

ekl
L Pk

B e
-

,..l-'.'l -

.nH

(i) Error Tolerance and Robustness — Because of the challenges

Q.20. Explain open-source technology for big data analytics, lancountered in distributed system, it is very much difficult to budd a system

| : ing” ms arc required to behave in a right manner
: . - . : . Ithat “do the right thing”. Syslems arc 1€q . AR
= Ans. Open-source software is computer software that s availabe E%..H__ﬁ._m%:@ machines going down randomly, the complex semantics of uniformity

g . code form under an open-source license that permits users to study, n_s“_"__mu distributed databases, redundancy, concurrency, and many more. These

and improve and at times also to distribute the software. The OPEN-S0L | 1. o1lenges make it complicate even to reason about the functioning of the system.
name came out of a 1998 meeting in Palo A _WB iy reaction .8 zmmﬁ_wgcmgnmm_ of big data system is necded to overcome the complexities associated
announcement of a source code release for Navigator (as Mozilla). L ith it

Although the source code is released, there are still governing g&mi " (i) Scalability - it is the ability to maintain the performance with
agreements in place. The most prominent and popular example 1s the GNUG (e orowing data and load by adding resources to the system. The lambda

Public License (GPL), which “allows free distribution under the conditionbarchitecture is horizontally scalable across all layers of the system stack i.e.

o : » Thisen gcaling i * i i achines.
further developments and applications are put under the same __nn_.umo.. dzw w %am_Em Is achieved E including Ew_.m number of E . e
that the products keep improving over time for the greater mﬁ?_._m:on - it) Generalization & Pé_a.n range of mﬁwrmmﬁcmm can be func _H_ in
Some other open-source projects are managed and supported by comm general system. As lambda architecture is based on function ofall data, it generalizes

N] h as Cloudera, that provide extra capabilities, training ﬁ_o all applications, whether financial management mwmﬁamm anw_w_ media analytics
companies, such as Cloudera, tha - Thi : : : ta.
DRI, : s ots such as Hadoop: Th elc. because the lambda architecture is based functions o
professional services that support open-source projects. |

similar to what Red Hat has done for the open-source project Linux.. ”_ ~ (iv) Debuggability — Abig data system must provide the information

X Jytics stack is that'required to debug the system when things go wrong. .Fwa should Wn M_NHPH._
One of the key attributes of the open-source ana ytics 5 says wm_.__.__nmnﬁ for each value in the system, exactly what caused it to have tha .
d ideas or vis10m, |

not constrained by someone else’s Emﬁ_mﬁ_.ams@ . Ltics, & H%..aau__ Debuggability is achieved in the lambda m_.nw:aﬁﬁﬂic:mw the m__E_M_oEF
Champagne, chief technology officer at Revolution Analyles; ____u_gzﬂca of the batch layer and by preferring to use recomputation algo thms

. o4d m.qm—
advanced analytics. The open-source stack does not put you ::: come V7 ,,,%:mp possible.
You can make it into what you want and what you need. 1£Y0

_w_ : - ies on the
an idea, yo | ki diately. That’s the advantage of the o (v) Ad hoc Queries — The ability to perform ad hoc queries
> You can put it to work immediately.
souree stack ~ flexibility, extensibility, and lower cost.

datais significant. Every large dataset contains unanticipated value in it. Having
N go_._n ofthe great benefits of open-source lies in the mm.x__u__w Y
oﬂtwo:aoéaﬁmamsn_ amﬁ_ow.:irn:%ocsnmm ”._rmm&‘?
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| ' - -arilv provides opportunities for .,_
the ability of data mining arbitrantly p Cw app; ca,

and business optimization. |
(vi) Extensibility — mx__nzm,;.__n system cnables Tunctioy,
cost effectively. Sometimes, a NEW o change (o an aireqq
system feature needs to reallocate pre-existing %.E inlo a new (, | A R
Large scale transfer of data becomes €asy 1 an extensible systen,  § 's ._ i L :
(vii) Minimal Maintenance — Em::n:msnn m.m .:5 work TCquir, Qi R R
system running smoothly. This includes anticipating whe, L
to scale, kecping processes up and running EE .aovcmm.msm 53
g in production. In order to have minimum EE:HEM..M - -
N -- : p

that goes wron - 5
y 1 low implementation complexity should be selecy ==
O s e E  TRODUCTION TO HADOOP, CORE HADOOP COMPONENTS,

(viii) Low Latency Reads and Updates —Large number of plicaiy 1y ADOOP ECOSYSTEM, HIVE PHYSICAL ARCHITECTURE,
need low latency reads, within a few milliseconds 10 a hundred millisecy, " ApOOP LIMITATIONS, RDBMS VERSUS HADOOP
While. the update latency requirements may vary widely. In some appjicag b __ S

updates need to propagate immediately, but in other applications, update Ja,

of few hours is allowed.

_m x_ahﬂ.mmmo@_u was developed in the year of 2005 by Doug Cutting and
-w_.Eﬁm Caferella. It is the Apache open source software which allows to ﬁamn

hd process the huge volume of data in a distributed naawonaﬂ._\m_ ima i
ritten in java. Hadoop is also called MR1. The major social networking sries
Lch as Facebook, Yahoo, Google, Twitter and LinkedIn uses the Hadoop

wo_ﬁn_omw to process their huge volume of %EM
I
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Q.1. What is Hadoop ?

&, ] 5
.......

M_ It is mainly designed to scale up from a single machine to thousands of

_

1achine; each offers the local computation and storage{ Here, | a m_uw_m
ame node manages the whole namespace in the hadoop n_ﬁﬁmum___,nm%ua
1

o wmm of this technology are fast, scalable, inexpensive hardware and resilient
m failure. Hadoop consist of two main frame work Map reduce layer and

-l e T T

'[DFS layer./Map reduce layer is used for processing ﬁ.m,mcmmamﬁﬁﬁ.
— G : L ”_L._ - = - & .ﬁ -— H&ﬂ
-application-executes) and HDFS is used to store the big da a|(where

Q.2. Explain main components of Hadoop.
- Ans. Two main components of Hadoop are as follows —

| - .
. (i) The Hadoop Distributed File System (HDFS) - HDFS is the
rage system for a cluster] When data lands in the cluster, HDFS breaks it

mS pieces and distribute those pieces among the difterent servers participating ”.

) . AR
I the cluster. Each server stores just a small fragment of the complete data set
..,:_ each piece of data is replicated on more than one S€rver.
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Fig. 2.1 HDFS & Map Reduce

___E:
ﬂj
¢

i
!

|

small pieces across a number of servers, analytical jobs can be distry

|

parallel to each of the servers storing part of the data. Each serverey

the question against its local fragment mmaczmsﬁw_lu_w and reports W_J

back for collation into a comprehensive answer{ Map Reduce is %_ﬂ_ A

that distributes the work and collects the results. Both HDFS and Mapki| 1+

- 8 :
Sasmr_ww_m. Mahout offers java librarics or scalable machine lea

monitors the data stored on the cluster. If a server becomes ==Em_uw

are designed to continue to work even if there are failures. HDFS

HDEFS automatically restores the am@.?oﬁ one of the kno
stored elsewhere onthe-cluster| MapReduce monitors the progre>

Q

apReduce programs and a hi

i

ay to perform data extractions,
mm_oﬁ h
L-like query language that present

rogramming is similar to database progra

(ii) Map Reduce — Because Hadoop stores the entire _.__m_,w Facebook).

p of Hadoop. HBase tables can s

hich can b :
disk drive fails or data is damaged due to hardware or software %l ow user 1o perform a task such as classification, clusterin
wi good ]
g _..__:

Hadoop 35
The Hadoop’s parallel world has following two major layers —

(i) Processing/computation layer is called MapReduce.

(i) Storage layeris called Hadoop Distributed File System (HDFS).

: S : in the ecosystem of Hadoop.

data data data data data DFES Block 2 u._n__gm_w.. Q..ﬁ_‘ h..ﬁu lain th 4 .\.. P .

dats dota data data data gﬁ-.E.... Ans :Hh_ﬂn.m- 1S an open Source framework maintained _uu&ﬂ the }ﬁﬂnﬁm

data data data data data __E..n.__n., no- . ﬁ_. & t U ted ti -
__"..f___.ﬁ.LE,.am:an for reliable, scalable and distributed computing. According to the

dats data data datu data h"n __s.w b e hadoo ﬁﬁﬁn?ﬂ.ﬂﬂmu the components Gwmm—&ﬂﬂﬂ are defined as ﬁ_.o.ﬂmoﬁm

data data data data data DFS Block 2 i, D CDSIEC HACOOP-EH h other’s. Some of the widely used Had

data dute dota daia dats nps“””ﬁ.__:nw. function different to cach Oiner s. ely use adoop

ymponents are as follows —

_ Tt is a platform for HDFS. It consists of a compiler for
gh-level language called Pig Latin. It provides a
transformations and loading, and basic analysis

aving to write MapReduce programs.

(ii) Hive—1Itisa distributed data warehouse. A data warehouse and
_ g data in the form of tables. Hive

mming. (It was initially developed

(i) Pig

(iii) HBase — Itisa non-relational, distributed database that runs on
erve as input and output for MapReduce jobs.

(iv) Zookeeper — It 1s an application that coordinates distributed

(v) Mahout — Mahout is a data mining software that can be muw.mm_&
ming algorithm

e used for analyzing the data. These machine learning m_ww_zﬁr_ﬁm
,. g, association rule

alysis, and predictive analysis.
(vi) Cassandra — Hadoop Cassandra provides database that can be

of the servers participating in the job, when an analysis job 1s &%E&.&E scalable and highly available without interruption in the job performance.

of them is'slow in returning an answer or fails before comp

MapReduce automatically starts .mmirﬁtmamgomi
server that has a copy of the data.

Because of the way that HDFS and MapReduce work, H
scalable, reliable and fault-tolerant services for data storage af
very low cost.

Q.3. Write short note on Hadoop’s parallel world.

provides distributed storage and computation across cl f
Hadoop 1s designed to scale up from single server to thousands ©
each offering local computation and storage.

leting it
the task 0D a‘ﬂoa for displaying,

_.m.:%_%_‘

f conf

A

b

Chulwa — Chukwa is a data collections system which is mainly
monitoring, and analyzing the outcomes of the collected data.

(viii) Spark — Spark is a computing system whicl. is used for

- (i)

adoop " nfiguring the Hadoop cluster for fast Eonmm.mmsm
d amfpes not use MapReduce job of execution engine 10

wn distributed runtime to complete the job.
_ (ix) Tez - .
[adoop Yarn to execute an arbitrary DAG

b

!

of Hadocp data. Spark
run the job. It uses its

Tez is a data-flow programming langbage build in the
of tasks to process data for both

d -Casc

is used for data serialization which Eaimnm a
Avro was created by Doug Cutting

tch and inleractive use

. (x) Avro — Avro
ontainer file for storing persistent data.

o

W, i
e

.
p L
]

" o
-
A
LD
=3
B
TN |

il I

!1-'-‘;.
-
.|-

o "
Ty
]
i l""ln-ll-l.
. e = T

I
- LT F

i

|||||
......

lllll

EF P
LT I-r-pl--:'-i
o ol ol il

4 wi e
Wl s o it L a"
L

-

.
b

e

f



e Pt el
[ o

J-"_ et

36 Big Data
for making Hadoop to be writable in many _.._anmn,_:z:m s w_
C++, C#, Java, JavaScript, Python, Ruby. Buage, g.s___q_
(xi) Ambari — It is a web interface for Managin _M“ (b) RAM Size —
testing Hadoop services and components. & noa._ms:__ s 4 GB or higher.
\

i
/
:

t

|

fUsm _._,.E |

_,_

(xii) Flume — It 1s a software that collects, 3
large amounts of streaming data into HDF'S.

(xiii) Sqoop — It is a connection and transfer mechy
data between Hadoop and relational databases.

(xiv) Oozie — It is a Hadoop job scheduler.

mm.—.aww_.om ang

The Hadoop ecosystem is shown in fig. 2.2,

. Hortown

Distribution

JBM

Other Had
InfoSphere Gop

ity mew-u.m—:—»m#-—m

)
|

5

E Related

Related
Technologies

Projects

Fig. 2.2 The Hadoop Ecosysiemt

- L _.ﬂ

Q.5. What are the system requirements for installing mn%aﬂ |
Ll ‘H

Ans. There is various application which can be used for the analy*

| installing Hadoop-

o -.._.nr.._-. .n-.:-_-ﬁ._- .ﬂ.:.ﬁ.ﬂ. ' .._.H Ay P L By T T O | A TLiddedrIT R W T A ]
i h.‘. .i._ m. 1 M.I _h_.__....h.-._u!-_-.u._...-....-_...r._ weJ) ..__._- .....- .._a.. {1 ._.. ST o
-:_mhﬂh .m_”u_hhu.mm.u;.-.w-qh. L _hrhu_ u.n.......:q__f.-__..._..u..n._.h.____r.._-._.».._..._-_h“u.__..._.__.:."_“__"..T....._._.._q " .___ ' ...-.._- _._. ...__..__..___ ..-__: y
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(c) Processor — Two or more core processors are needed for

(ii) Software Requirements —
(a) Java 7 or higher

(b) Hadoop 2.7 or higher
(c) Eclipse or Intelli] community version

(d) Virtual machine and Cloudera (optional).

Hadoop is owned by Apache Foundation, and is available for free for
downloading. Java, Eclipse, and IntelliJ are also available for downloading for
frec. Students and researchers can use Emmn. software for free. The software
is also available from commercial vendors which provide support when needed.
Cloudera and Horton works are the companies which provides Hadoop supports,
but they charge for service. Their free version can be used but the software

support is not available when needed.
Once the requirements are meet, the Hadoop software can be installed

for free of cost to get started with the simple project. Later the software and
nardware can be upgraded to work on more complex project with bigger

volumes and variety of big data.

Q.6. What is Sqoap ? Also write its advantages.

~ Ans. Sqoop is mainly used to transfer the huge amount of data between Hadoop
and relational database. Sqoop refers “SQL to Hadoop and Hadoop to SQL”. It
imports the data from the relational database such as Mysql, Oracle, postgreSQL 1o
the Hadoop (HD¥'S, Hive, HBase) and exporis the data from HDFS to relational
database. The non-Hadoop pmmmmemm——

data store can also bc ¢ Sqoop Tool

extracted and transformed 1o
Hadoop data store. The
 Extraction, Transformation

T

. ware
data. In order to address the challenges of big data, mmaocﬁmﬂ“ .
used as an alternative solution. Hadoop 1s an open source SO

e _.,_._ﬁ_ and Loading (ETL) can be RDBMS s A
ing . Mysql, Oracl .
arted using ¥ performed by using Sqoop. 1t | {Fa O mase)

Handoop File

be downloaded from apache.org for free of cost. To get st
software there are some recommended hardware and software d
in the hadoop.apache.org website. According O the hadoop-ap 1
hardware and software requirement for using single node cluster
listed below —

(i) Hardware Requirements —
(a) Operating System — Hadoop project €
the Linux or Windows operating system. Windows
system has been found to be most efficient.

atalls pif| 18 the open source framework
m%%ﬂ of cloudera Inc. The data can
3d0l be imported and exportedina s e

{ 2 . .
an be _un;,_n_ _A_..“_ (ii) Itoflfers easy integration with Hive, HBase and 00ZI€.
10 versiob of @ (iii) We can import the whole database or the sin

v. ._. ..
parallel manner. Fig. 2.3 SQ00P Transformation

Advantages of Sqoop are as follows —
! (i) Tt offers the migration of heterogeneous data.

gle table n 1o HDES.
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O.7. What is zookeeper ? Also write its advantages g,, d ds
is

Ans. In a traditional distributed environment nas&m:m::m a
:ask is quite complex and complicated. But the zookeeper oy wﬂno.,:“ﬁ__ ay,
with the help of simple architecture and its APIL. In the clyge, Amﬁ.w thig
to maintain the shared data and coordinating among ﬂrnzummwzw 0
zookeeper as a service to provide robust synchronization, ?o____,._mm
such as naming service (identify the name of the node in the cluster) ¢ S Sery,
management (Up to date information is maintained), cluster Emm.mo:_.,_mca__h.w
status of the node leaving or joining in the cluster), leader election (for ECmep i
among themselves they elect a single node as leader in the Cluster)
synchronizing service (when any data can be modified in the n_:ﬂm_a 1t locke, |
particular data to provide consistency) etc. The inconsistency of _.,_M”,ﬂ_sﬁm
condition and deadlock problem in the traditional distributed environm Hp._ zﬂ__
solved easily with the help of zookeeper mechanism such as Atomicity, mangwg.f |
property and synchronization respectively. - - =E_

Advantages of Zookeeper — - ”_
(i) Itprovides reliability and availability of data.
(n) Itof
(i) The atomicity eliminates the inconsistency of data among n_ﬁmﬁ

5._5“ |
m_m_.gw_”w
_u___.___zﬁ." u_
gy
_._.__m.,w _h_* .

fers high synchronization and serialization. |

(iv) It is fast and simple.

Disadvantages of Zookeeper —

(i) The large number of stacks needs to be maintained. =

Q.8. What is Mahout ? Give its advantages and disadvantages. |
Ans. Mahout is the Apache open source software framework a,
provides data mining library. The processing task can be split In t0 _H”__E_é
segments and each segment can be computed on a different machipe In 9__“”ﬁ
to speed up the computation process. The primary goals of the E»E: m__
data clustering, classification, regression testing, statistical modeling .
collaborative filtering. It provides scalable data mining and Emnwmsn-_%ﬂ_
(it makes the decision based on the current and previous history of %4

|
approaches for the data. |

k

|
v
Advantages of Mahout — _ J_
|

. .. .E;H
(i) It supports complementary and distributed naiv® ™
classification.

(1) It mines the huge volume of data.

: (i) The companies such as Adobe, Twitter, Foursquare; F
and LinkedIn internally uses Mahout for data mining.

|
H
|
aceb?

(iv) Yahoo uses it for pattern mining. i

Disadvantages of Mahout —

(i) It doesn’t support scala version in the development
(ii) [t has no decision tree algorithm,

0.9. What is Qozie ? Also write its advantages and disadvantages

Ans. Oozie was initially developed at Yahoo for their complex workflow
search engine. Later it was acquired by open source Apache incubator. It is a
workflow scheduler for managing Hadoop jobs. There are two major types of
oozie jobs are available, i.e. oozie workflow and oozie coordination. In the
oozie workflow it follows Directed Acyclic Graph (DAG) for parallel and
sequential execution of jobs in the I.n&cuﬁ” It co ntains the control flow node.
The control flow node controls the beginning and end of the wo.kflow
execution. 1n the oozie coordination, workflow jobs are triggered by time.

Advantages of Oozie —
(i) It allows the workflow of execution can be restarted from the

failure.
(ii) It provide web service AP1 (i.c. we can control the jobs from

anywhere).

Disadvantages of Oozie —
(i) It is not a resource scheduler.
(i1) It is not suitable for off grid scheduling.
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0.10. Give some applications of Hadoop.

Ans. Now-a-days, with the rapid growth of the data volume, the storage
and processing of Big Data has become the most pressing needs of the
enterprises. Hadoop as the open source distributed computing platform has
become a brilliant choice for the business. The users can develop theiwr own
distributed applications on Hadoop and processing Big Data even if they do
not know the bottom-level details of the system. Due to the high performance
of Hadoop, it has been EE.&% used in many companies. Some applications of
Hadoop are given below —

(i) Hadoop in Yahoo! —Yahoo! is the leader in Hadoop H.anr.boﬁmw
research and applications. It applies Hadoop on various products, which Eo.fnn g
the data analysis, content optimization, anti-spam e-mail system, and m%mmgm.ﬁm
optimization. Hadoop has also been fully used in user interests’ prediction,
searching ranking, and advertising location.

In the Yahoo! home page personalization, the real-time service system
will read the data from the database to the interest mapping through the Apache.
Every 5 minutes, the system will rearrange the contents based on Hadoop

Cluster and update the contents every 7 minutes.
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For spam e-mails, Yahoo! uscs the Hadoop cluster o
Every couple of hours, the Yahoo! will improve the anti-gp,
the Hadoop clusters and the clusters will push 3 billion limeg
every day. At present, the largest application of the
Webmap of Yahoo!. It has been run on more than 1000

(ii) Hadoop in Facebook — Facebook is th
in the world. From 2004 to 2009, Facebook has over
The data created everyday is huge. This means
problem with big data processing which contains ¢
sharing, comments, and users access histories.
process so Facebook has adopted the

by,
Cl,
Ciny,
__3,__“_

_wno_d _
5 G..Em_w”w F_._m
oﬂa..:._m._ 33” |
Hadagy, ;" e,
Linux QE_&”” S
€ largeg; Sogi hy
800 Hﬂ:__.c: a m_. .

that wmnm_uoow wn_m;

ontent mg; taing a
These data are _.a..
Hadoop and Hbase tg g, aw .
U.11. Why Facebook has chosen Hadoop ? : g
. A 1. As Facebook is developing, it discovered that MySQL _
Iis requirements. After long-term research and Cxperiments, F >40not g
choose Hadoop and Hbase as the data processing mu_.mﬁa_ dﬂomgow i
Facebook choose the Hadoop and Hbase has the two m%mna. On M_H_.Ems_ y
Hbase meets the requirements of Facebook. Hbase can m:@ﬁo.a the _Ma._a Y
1o the data. Although Hbase does not support the traditional outer form % ¢ p
Fm Hbase column oriented storage model brings hi gh flexibility mﬁmwj_
mner form. Hbase is also a good choice for intensive data. It 1s able to ﬁﬁ,ﬁ__
huge data, support the complex index with the flexible scalability and m_ﬁa“_“
E.w. speed of data access. On the other hand, Facebook has the confiden:
wwcﬂ MmEEMQMM HWHMMME M_umg_._: zmrm %oa now, Hbase has already been
o Emﬂm M . roughput key-value storage g:"
of the system. Then m.womwoomwa =.w_ rin o m.Um,m oy _m_wnaam e gaﬁ.m
g , Fac as designed a high availability Namenode, ) |
e to mm._....o this problem. In the aspect of the fault tolerance, m_ﬁ
nmm_ tolerate and isolate faults in the subsystem of the disk. The failures off
whole clusters of Eu.mmn and HDFS are part of fault tolerance system. i
Emmmw:cﬁm:___ according to Gw. improvements by the Facebook, mmﬁ_.a__ﬁ
.m m, mnmgawﬁom:ﬂcﬁnagamnnnmu Eoin_nmmnmzm_nmmn_m_t_
mmmnmmﬁﬁnwwo:_”_w _

Facebook users. i_

o Q 12, What are the advantages of Hadoop ? Explain Hadoop @ __.%Ea_;
s components with pProper &mﬁ%ﬁh m. [R.GPV, E&.E 2019 WE.H%%..
.- Ans. Advantages of :Er::. Lh i

(1) The scalabil; sk 2
on standard hardware ty and elasticity of free open source Hadoop

advantage of all thejr da

—d_==w.

. .
allow organizations to hold onto more dala and

1a to increase operational efficiency and gain €©

SUPports complex analysis across large collection

one tenth the cost of traditional solutions.

" §
* o T rr
A ITTELY sl AT TRl B Wy e |

..........
[ ] i e ||. ._.-r._.l .............

Hadoop 41
(i) Hadoop handles a variety of workloads

processing, recommendations systems, data warehousing and video/image analysis

(i) Apache Hadoop is an open-source Project by the Apache
goftware foundations. The software was originally developed by the world’s

largest Intemnet companies Lo capture and analyze the data that (4

oy ) €Y generate,
Unlike traditional, structured platforms Hadoop is abie to store any kind of

data in its native format and to perform a wide variety of analyses and
transformation on that data. Hadoop stores terabytes and even petabytes of
data inexpensively. It is robust and reliable and handles hardware and system
failures automatically without losing data analyses.

including scarch, log

(iv) Hadoop runs on clusters of commodity servers and each of those
servers has local CPUs and disk storage that can be leveraged by the system,

Hadoop Architecture — Hadoop is an open-source framework that allows
users to store and process big data in a distributed environment across clusters
of computers using simple programming models. It is designed to scale up
from single servers to thousands of machines
with high degree of fault tolerance. Data in a
Hadoop cluster is broken down into smaller
pieces and distributed throughout the cluster
like the Map and Reduce functions that are
executed on smaller subsets of larger data

sets, and this provides the scalability needed
for big data processing.

Hadoop framework includes four
models —

%:nnﬁav
MapReduce

HDFC (Distributed Storage)

Comman
Utilities

YARN
Framework

Fig. 2.4 Hadoop Architecture

(i) Hadoop Common — They contain Java libraries and wutilities
that are required by other Hadoop modules. The Java libraries provide file
system and OS level abstraction. It contains necessary Java files and scripts
that are required to start Hadoop. .

(ii) Hadoop Yarn—YARN is a cluster management technology. It 1s
one of the key features in second-generation of Hadoop, designed from the
experience gained from the first eeneration of Hadoop. YARN provides resource
management and a central platform to deliver consistent operations, security
and data governance tools across Hadoop clusters.

(iii) HDFS (Hadoop Distributed File System) — 1t is a distributed file
System that provides high throughput computing access to application data.

(iv) Hadoop MapReduce — For large scale data processing this is . -

Programming model.

Components of Hadoop — Refer to Q.4.

e,
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Q.13. Explain the Hive Physical architectyre 1

Ans. Fig. 2.5 shows the major com

|
. ponents v ._
with Hadoop. The main components of B s | M

Hive are — |

External Interfaces — Hive provides both . |
line (CLI) and web UI, and applicati SET Interfaceg like __
JDBC and ODBC.

The Hive Thrift Server €Xposes a very sj .
stalements. Thrift is a framework for cross

L4 [

drivers like JDBC (java), ODBC (C++), and s Cripti
perl elc.,

The Driver manages the life cycle of a Hiy
optimization and execution. On recelving the
server or other interfaces, it creates a Session
track of statistics like execution time, numb

eQL statement dyrip 0|
HiveQL Statement, MMWEH”HM””
handle which s later yseq to J
er of output rows, ete. ' _.
Hive > load data locallnPath ﬁ\roam\:mnooﬁ\m_m.ﬁn. M

Select Command:
Hive>select*from students;

Into table studen;

O T .

———— Ny g Wy

Thrift %
Server ‘"
|

Driver
(Compiler
Optimizer

Executor
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There are 2 types of tables in Hive viz, Managed table and
cXt
(i) Managed Table—Managed table is like a normal da Mﬂﬂ M”Mm

data can be stored and querted on. On dropping these tables, data also Jogt forever
Creating an Internal Table - .

CREATE TABLE STUDENTS (roll_number INT,
name STRING, age INT, address STRING)
ROW FORMAT DELIMITED
FIELD TERMINATED BY °,’;
(ii) External Table —
CREATE EXTERNALTABLE STUDENTS (roll number
INT, name STRING, age INT, address STRING)
ROW FORMAT DELIMITED
FIELD TERMINATED BY ¢,

. LOCATION’

ROW FORMAT should have delimiters used to terminate the ficlds and
lines like in the above example the fields are terminated with comma (*,).

0.14. Give the limitations of Hadoaop.
Ans. The limitations of Hadoop are as follows —

(i) Security Concerns—Hadoop is missing encryption at the storage
and network levels, which is a major limitation from government agencies and
others organizations point of view that prefer to keep their data under wraps.

(i1} Vulnerable by Nature — Speaking of security, the very makeup
of Hadoop makes running it a risky proposition. The framework is written
almost entirely in Java. It has been heavily exploited by cyber criminals and as
a result, implicated in numerous security breaches. For this reason, several
experts have suggested dumping it in favor of safer, more efficient alternatives.

(i) Not Fit for Small Data — Due to its high capacity design, the
Hadoop distributed file system lacks the abil ity to efficiently support the random
reading of small files. As a result, it is not recommended for organizations
with small quantities of data.

Q.15. Differentiate Hadoop vs distributed data base.
[R.GRV,, May 2019 (VIII-Sem.)]

hﬁ..cmm.m_.m:owm between Hadoop and distributed data base are as follows —

RDBMS Hadoop
Type of data Structured data with Unstructured and
known schemes m_”.EnEEﬁ_
Data groups Records, long fields, Files
objects, XML

e el gl
ar-...'L- ]
B
-"'I"-Jﬁﬁ
. W Pl el L "
e TR i
l’lilru.uu-
=

T

i T TN
1By

- N o
hn- g % B

+ig greds ”

] =
= Md_ ﬂl.lj_Hl_.i. =
= &




44 Big Dala
Data modification | Updates allowed
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~ HADOOP DISTRIBUTED FILE m«mqmz___ __ion_.mwﬂzm D

_ ATA

'WITH HADOOP, MANAGING RESOURCES AND APPLICATIO!
WITH HADOOP YARN, MAPREDUCE PROGRAMMING

Q.16. Discuss in detail about Hadoop Distributed File S ystem (HDFS
[R.GPV,, May 2019 (VII-Sem)

Ans. HDFS also known as Hadoop Distributed File System is one offf

Hadoop components which handles the storage of big data. When users i¢¢
to add more storage in the system,

then they can easily increase the
Storage capacity by adding
servers. HDFS consist of number
of clusters depending upon the
user mcnmmc_.maozm. The cluster
consists of Master and Slave
‘nodes. The data jn the Hadoop
cluster are broken into many small
blocks which are 128 MB sizes
0y default. Thege blocks are

Fig. 2.6 Hadoop Cluster Node

. . . * ’ nodes in the Had
Programs SQL & XQuery Hive, Pip ] | 4 in the different slaves no 00p clusters. These blocks
Access Quick response, wmsaoﬁrw nwm._ _Mﬂﬂmm:_u__ scalable and can be increased when needed.
random access (indexing) - A (n HDFS, users can create fiew file, append content to the end of fite
Data loss Data loss is not Data loss ¢ . or rename the file, and modify file attributes. In comparison to traditiona)
" acceptable sometim - ru_”ﬁa: P J of handling data, Hadoop’s storage can be scalable at a very low cost
wﬁntn...:%. and Yes Not yet . _ﬁphumm Hadoop uses ﬁh-ﬂ._aﬁ_m_mq hardware.
auditing o i Hadoop 18 composed of clusters. And .“.,H_cm\a_. have Master node and Slave
Encryption Yes Not vet _ 4 as shown in the fig. 2.6. Master node is also known as name node which
: . s oty n0dC &> 7 the slave nodes. Beside assigning jobs to the slave node
Compression Sophisticated data Simple f3 (signs jobs tO . m,
method compression ple file noﬁwaﬁ_ ¥ r node manages the file system namespace. All the details are store in the
Hardware maﬁv 1se hard y ?mmﬁa_‘. namespace 1mage and edit log. Cluster have only one master node, where
. rprise hardware Commodity hardys form have multiple slave nodes. The function of slave nodes is to store data in
mﬁr_:ﬂﬂnﬂ . | . & gs M%MM of blocks and performed a job assigned by the master node.
M_o ution 30+ years of innovation 5-8 years old technoly,. .| HDFS is a distributed system which is suitable for running on the commodity
(for 2016) | . _.._@.w ordware. There are many common characteristics in the existing distributed
Data processing | Batch proces SIng Streamin g access to fyy systems but the differences between them are also obvious. HDES is a high fault-
files ' _M_E.m:_“ system and relaxed the parts of the POSIX constraints to provide high
Acceptance Large DBA and application | Small number of compay; _mnccmga access to the data so that it can be suitable to applymg on the big data.
: - v e
amﬁmﬁc@anzﬂ community, | usmgitin production, my | Q.17. What are the features of HDFS ? List out the characteristics of

| 4ns. The Features of HDFS — HDFS is not a general-purpose file system

as it only executes specific types of applications, it does not need ....:_ the

__.EEEEQH of a general distributed file system. For example, security has
been supported for HDFS systems.

_

never
Characteristics — The characteristics of HDFS are as follows -

(1) HDFS fault tolerance

(n) Block rephication

(m) Replica placement

(iv) Heartbeat and block report messages

(v) HDFS high throughput access to large dataset.

Q.18. Why is a block in HDFS so large ? List out the areas where
HDES cannot be used.

Ans. HDFS blocks are large compared to disk blocks, In order to minimize
_=.E cost of seeks. By making a block large enough, the time 10 transfer Mn
_n_ﬁm from the disk can be made significantly larger than the time (o .mnmr to .. e
start of the block. Thus the time to transfer a large file made of multiple blocks

-Operates at the disk transfer rate.

HDFS cannot be used in following areas —

3 Low-latency data access
(1) Lots of small files

(iii) Multiple writers, arbitrary file modifications.

?
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0.19. Explain the architecture of En&aab disq, "
i
Hleq Hadoop 47 _.

(HDFES). fi
Ans. HDFS 1s the master/slave structure. The ZmEnz :_ . 1 data blocks stored in the form of redundancy backup in the Datanode |
,aa___:___u .

node, 4E_m the UmE:o%._u _w.‘.“_zmm m_“m_.wa node. Uonc.:n_:m Edn Iy 3 Datanode reports the aﬁw m%_.mm” lists to Mrn%mamsaan regularly so that
blocks in the Datanode. The default size of a data block i » msg__,w,n Lser can obtain the data by direct access to the Datanode.
__

be changed. If the files are less than a block data size, IU_“.M Z. m_a__r The client is the HDDFS user. :.., can read and Eiwn the data though calling
wilf, by HDFS. While in the read and write process, the client farst _

the whole block storage space. The ZmEmnoan and the Datap, _;:r APl provided . :
as Java programs n the Linux operating system. Ode 35 § 4s to obtain the metadata _:mo_.rﬂmzon from Ew Namenode, and then the
ﬂanﬂ can perform the corresponding read and write operations.
i
Metadata Namenode Metadata _HZMEF ﬁm_:mnn * 20 Write short nofe on the .\ﬁm&@w&.ﬂhh -
_ﬁ e uthority management of HDFS.

O_—um.......n..t... ...ﬂu_ﬂ.—_—.uﬂ....h.ﬁ-ﬂh H-.H- 3 _....._" o ﬁ..‘ \-
-* S __ ‘
e Block 0 | (i) Limitations of HDFS.
ps 2 ns. (i) Authority Management of HDFES — HDFS shares a similar
| SIX. Each file or directory has an owner and a group,

_ ority system 1O PO L . ; a
Datanodes Datanodes The authority permissions for the files or the directories are different to the
users in the same group, and other users. On the one hand, for the

n D BN e et ' m J 4
pe— wner, ; s .
- Replication ;. @D w__mm asers are required the —1 authorty to read and the —w authority to write.
—_— e On H__E other hand, for the directories, uscrs need the —r authority to hst the
Rack 1 Write Rack 2 WREQQ content and —w authority to create or delete. Unlike the POSIX
_ there is no sticky, setuid or setgid of directories because there is no

@ system, .
concept of executable files in HDEFS.
|1 | ..
(ii) Limitations of HDFS—HDFS as the open source implementation

Fig. 2.7 HDFS Architecture |
of GFS (Google File System) is an excellent distributed file system and has

The Namenode which i . | |
et 18 the manager of the HDFS is FeSpORsLte ﬂ.ﬁ& advantages. HDFS was designed to ran on the cheap commodity r.m&,...ﬁm
ensive machines. This means that the probabilities of node failure are

management of the namespace in the file system. It will put all the folds.

files metadata into a fi] t . tni joconcp : .

files director ¢ system tree which maintains all the metadisigjioniy high. To give a full consideration to the design of HDFS, we may find
_ww. irectories. At the same time, Namenode also saves the COmesYithat HDFS has not only advantages but also limits for dealing with some specific

relations between each file and the location of the data block. Datanodtproblems. The limitations of HDFS are as follows -

H . . | :
place to store the real data in the system. However, all the data is notsi®:. (a) High Access Latency — HDFS does not fit for the requests
designed for the Big

M_Mw rMMM Mﬂ”mwﬂwi will .vn collected when the system starts to find the E”EE ch should be applied in a short time. ﬂ% HDFS was desigoed for d

€ required documents. Data storage and it is mainly used for it high throughput abilities. 1his may
~ The Secondary Namenode is a backup node for the Namenode =.maﬁ the high latency instead. Because HDFS has only one single Master Bypen,
18 only one Namenode in the Hadoop cluster environment, the Namen$all the file requests need to be processed by the Master. When there is a huge
_.nn_com,ml

o_..ms.ozm:\ become the weakest point of the process in the HDFS Or'pumber of here is an inevitable delay. Currently, there Hm moﬂw
failure of the Namenode occurs it will affect the whole operation of thes*@dditional projects to address this limitation, such as Hbase uses the Upp
#Data Management project to manage the data.

This is the reason why Hadoop designed the Secondary ZE&%&..“_L.._.__
Y (b) Poor Small Files Performance — HDFS 1

alternative backup. Th
- 1he Secondary Namenode usually runs on @ separalc? :
computer an s s A f . : to respond to the client
puter and keeps communication at certain time interval to keep thes™ Namenode to manage the metadata of the file system P d by the

of the file system : *and return the locat; the limitation of a file size 18 determine
. . metadata with th _ .+ can 16COVEr" | rn the locations so that the limitahon 150
immediately in case some error rmm Namenode so that it ca Namenode. In general, each file, folder, and block need to oﬂumwoﬁ”w:ﬁ._@m
The Datang de is th FPE1S. ﬁ__ﬁ.z_inw_ space, In other words, if there are one million files and eac nclogy, iL S
of the @::-S_mamﬁmd m_wﬁ_mm ¢ Where the real data is saved 2 ' 44 One block, it will take 300 MB space. Based on the current t€¢ ,
“Chanism. The files in HDFS are usua

Read

ecds to use the

[ s
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possible to manage millions of files. However, when the files exye
the work pressures on the Namenode is heavier and the time of
1s unacceptable.

nd tq bij

. O

f_..;_m

Emmwm_u:w e _
ethog, b

Q.21. Describe in detail about dataflow of file read in }p FS

(¢) Unsupported Multiple Users Write pe,
HDFS, one file just has one writer because multiple users' wy;

are not supported yet. The write operations can only be added
file not at the any positions of the file by using the Append m

Ans. To get an idea of how data flows between the client

FileSystem

* o e
e

interacgin, . . |
HDEFS, the Namenode and the Datanode, consider the fig. 2.8 En_”.””o__”:wg; |
the main sequence of events when reading a file. Show
1 2 : Get Block
Distributed ||  Locations

. FSData M

ctlent JTVM InputStream .“w

" client nade ool ohe NG A

E i , SRS B o 5 : Read
4 : Read m
W DataNode ; DataNode | DataNode |
| datanode | | datanode | | datanide "

Fig. 2.8 Client Reading Data from HDFS ‘

The client opens the file it wishes to read by calling open( ) on e
FileSystem object, which for HDFS is an instance of DistributedF ileSysten
(step 1). DistributedF ileSystem calls the Namenode, using RPC, to deterni
the locations of the blocks for the first few blocks in the file (step 2). O
each block, the Namenode returns the addresses of the Datanodes that b |
2 copy of that block. Furthermore, the Datanodes are sorted according
their proximity to the client. If the client is itself a Datanode (in the cast o
a MapReduce task, for Instance), then it will read from the local Datanod®

The DistributedFileSystem returns a FS DatalnputStream to the client I

It to read data from. FSDatalnputStream in turn wraps a DFSInputStre®®

thi _
which manages the Datanode and Namenode I/O. The client then calls read

anal

on the stream (step 3). DFSInputStream, which has stored the Um:_z_.._&_v _
Waaﬁmmmw for the first few blocks in the file, then connects to the first (close®

atanode for the first block in the file. Data is streamed from the Datan®
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back to the client, EEar calls read( ) repeatedly on the stream (step 4). When
the end of the block is reached, DFSInputStream will close the connection 1o
the Datanode, then find the ¢..wmn Datanode for the next block (step 5). This
happens transparently to the client, irmnr from its point of view is just reading

a continuous stream, Blocks are read in E..nm_. with the DFSInputStream opening
new connections to Datanodes as the client reads through the stream. Tt will
also call the Namenode to retrieve the Datanode locations for the next batch of
blocks as nceded. When the client has finished reading, it calls close( ) on the
FSDatalnputStream (step 6).

One important aspect of this design is that the client contacts Datanodes
directly to retrieve data, and is guided by the Namenode to the best Datanode for
each block. This design allows HDFS to scale to large number of concurrent
clients, since the data traffic is spread across all the Datanodes in the cluster. The
Namenode meanwhile merely has to service block location requests (which it
stores in memory, making them very efficient), and does not, for example, serve
data, which would quickly become a bottleneck as the number of clients grew.

= .-_...I.

Q.22. Describe in detail about dataflow of file write in HDFS.

Ans. The case we are going to consider is the case of creating a new file,
writing data to it, then closing the tile.

4 ..a 2 : Create T
g . 1:Create Distributed = Node |

11 HDFS = FileSvystem ! 7:Complete ] NameNode b3

a n.—._._.ﬁ.m_.-# : ﬂﬂ-ﬂi : 3 " 1 x . )

= mﬂﬂ. 4

o J : .m | -_an_m,mmm_&m_ 4 ol
5 6 : Close 0 ‘_,.JV_WMMH _ - B [V ¢
m client JYM o ek * SHE G
; R

i
Wl

o

(o glientnede U _

H - . ' =
[ % oa - R Sy L -, B ol .

qE® L
ﬂr-.u".'.r}.,,_.

4 : Write Packet

el
* DataNode

Sz ack Packet

T s — . e . e T . i Y

1 4 BF i 4

Pipeline of
Datanodes

| § ] 1 § 1
nu_.u_._,._.:mm. - datanede . | datapade

=
| VRNiathdiain - i) R W AP SN, P —

Fig. 2.9 Client Writing Data to HDFS

The client creates the file by calling create( ) on DistributedFileSystem
(step 1). DistributedFileSystem makes an RPC call to the Namenode to create
a new file in the filesystem’s namespace, with no blocks associated with it
(step 2). The Namenode performs various checks to make sure the file does
not already exist, and that the client has the right permissions to create the file.
:., these checks pass, the Namenode makes a record of the new file; otherwise,
lile creation fails and the client is thrown an lOException. The

T R — . o -  ——— W e T g — .
w 0



50 Big Data i
DistributedFileSystem returns a InputF

the m:_.uﬁ splits and dividing them into 1 £

of splits (typically 64/128Mb) in HDFS. An i A 1s divideg ;
that is processed by a single map.

LA T
» st
.........
'

; ﬁ%m::m is closed, and any packets in
m the ack queuc are added to the front
! of the data queue SO that Datanodes

InputFormat class calls the getSplits( ) funct
each file and then sends them

waits for acknowledgements before
contacting the Namenode to signal

that the file is complete (step 7). The
~ Asthe client writes data (step 3), DFSOutputStream splits it into packets, SSBIEROLS ASRay. Eawe W it
which it writes to an internal queue, called the data queue. The data queueis |} Mﬁnww - ﬂwﬁ mﬁmmhw cm ..,.M (Vi Luta
consumed by the DataStreamer, whose responsibility it is to ask the Namenode <o MWMH% mm Hm o _w.o w_ oommawuw_
to allocate new blocks by picking a list of suitable Datanodes to store the only has to wait Ior blocks 10 be
replicas. The list of Datanodes forms a pipeline — we will assume the replication

minimally replicated before returning
. successfully.
level is 3, so there are three nodes in the pipeline. The Data Streamer streams
the packets to

the first Datanode in the pipeline, which stores the packet and
forwards it to the second data node in the pipeline. Similarly, the mmnonm dala
node stores the packet and forwards it to the third (and last) Datanode 10 the
pipeline (step 4). DFSOutputStream also maintains an internal queue of packet
that are waiting to

be acknowledged by Datanodes, called the ack queu* .
packet is removed from

g
| hat are downstreara from the failed 7 7
> Splitg g, | i i kets. Th _"
to p h ,._ ch useg thejr t | node will not miss any ﬂann : r € _“
rocess them on the ¢ Sl0ra t block on the good Datanodes “.
Bmwﬂﬁn__ﬂﬂ the map task passes the split to the naamﬂmmaoohm”:wnwﬁm. o__m“ H_ MH@: 2 new identity, which is _“_
on InputFormat to obtain a RecordReader : ader() me icated to the Namenode, so 5 uT |
odsdta romis soureandcomers it eyt ps g ke |t e, i Mock n o e
: Sulitg : . . . m.m..m eS|
by mapper. The default InputFormat is TextlnputFormat ﬁ_“_mnh_n o +cading Datanode will be deleted if the M,m“__mm 5 z L= m..m.
value of input a new value and the associated w@u\ IS _uvaa £ treats Cach Datanode recovers later on. _:m” al .m M M 2 m ..m .w.m
A RecordReader is littl ; wisel. Datanode 1S removed from the pipeline 250351
sillice ong § ¢ more than an iterator over records, and the | and the remainder of the block’s data o by (A E7 2271 >
PR O generate record _,.Hwém_nm pairs, which it passes to the g s written to the two good Datanodes IR REE = . =
; e .nmn see this by looking at the Mapper’s run( ) method - Mg | Eﬁwﬁﬁn_ﬁm.,éozm_ﬂmsﬁa notices | g 2} |23l |2 H P -
public void run(Context context) throws IOException, Interry tedBxcentines | that the block 18 ﬁmmﬂ.ﬂmﬁ_ﬁwﬁﬂ and | =~ G 3i bR
setup(context); ’ PtedExceptiong it arranges for a further replica to be - mmw
while(context.nextKeyValue( )) { | created on H_oEM_. ﬂown. mz_””mwﬁﬁ —— mm : g
das 1o . w” = = X
map(context.getCurrentKey( ), context. blocks are ten TEA= £ &5
““v u.._.A u WGHOEH—.GHH{.N:MGA vu OOHHHGW When the client has finished writing { & e 75
cleanup(context); | data it calls o_umA meu mﬂw stream (step =
} 6). This action flushes all the remaming
__ packets to the Datanode pipeline and
SDataOutputStream for the client to start writing data to. Just as in the
read ca .. _u.mUmBO:ﬁEmﬁmmE wraps a DFSOutputStream, which handles
communication with the

Namenode.

-
<
=
=

=

“—
-
-
-
—
—
Lo |
—

TR e ]
ik Figlhf wld, - v 7 [ =8 Wl
§ W L K T e
"L T ¥ dpwa =
i

P

0.23. What is the Google file system ? Explain architecture of GFS.

Ans. The Google File System (GFS) is a mnamzn.%z..&:ﬁa file system for
large distributed data intensive applications. It provides

fault tolerance while
unning on inexpensive commodity hardware, and .ﬂ delivers .Emr %wmmsw.ﬁw””
deed | performance to a large number of clients. GFS provides mﬁéwmmﬂcm mmmm are
the ack queue only when it has been acknowledge™ interface, though it does not implement a standard AP1 such as P GES support
by all the Datanodes in the pipeline (step 5). | organized hierarchically in directories and identified by w»&wmmﬁmw write files
\ 2 Datanode fails while data is being written o it, then the follo"/ e usual operations such as create, delete, open, close, €45, &0
. . o o the
aclions are taken, which are transparent to the client writing the data. First
. -
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GFS has snapshot and record append ﬁmun_.m_“ﬁ_ﬂ_osm. Snhapshgy Cregy
irectory tree at low cost. Record append a| ey | Hadoo
copy of a file cnnmaﬁ__”.M to Mﬂm same file concurrently while m:mw - Sc_zﬁ_,._ These dacmons have specific roles; some exist only op on P
clients to append Cad . d Mteeing the 4ltiple servers. The daemons include — © Server, some exist
atomicity of each individual clients append. & (b qcross muitp

(i) NameNode (i) DataNode
T:w mmnﬂﬁH—NQ NameNode T._....v ._G_uxﬁnﬂn—_nﬂ—.
(v) TaskTracker.

(i) NameNode — Hadoop employs a master/s|a
both distributed storage and ﬁm_m:..__uﬁna maﬁwcgmg. The
system is called the Hadoop U_,ﬂ:a:ﬁ@ﬁ_ File System, or HDFS. The NameNode
s (he master of HDFS that directs the m,_mam DataNode daemons 1o perform
the low-level [/O tasks. The NameNode Hm.ﬁ:n bookkeeper of HDFS: it keeps
rack of how your files are broken down into file blocks, which nodes store
" those blocks, and the overall health of the distributed file system. The server

Architecture — A GFS cluster consists of a single master g4 0

chunk servers and is accessed by multiple clients, as shown in e _mmz_#mv_m

4],
(File Name,
[Application | Chunk Index)

GFS Client

Ve architecture for

GFS Master distributed storage

File Namespace = /foo/bar

u____
[
¥
¢
[
’
i
L]
[]
¢
F
r
¥
]
‘ -

- T e e T P T

(Chunk Handle,
Chunk Locations)

[ g S - A—

Instructions to Chunkserver hosting the NameNode typically doesn’t store any H3er data or perform any
(Chunk Handle, S computations for a MapReduce program. The negative aspect of NameNode
Byte Range) Y T — E_m < that if the NameNode fail then the entire Hadoop cluster will fail.
Chunk Data (it) DataNode— mmo._u slave Eﬁ.ﬁﬁn m HDFS cluster will hosta DataNode
Legend — daemon to perform the reading and writing HDES blocks to actual files on the
s==p Data Messages | local file system. When we want to read or write a HDFS file, the file is broken
—» Control Messages | into blocks and the NameNode will The Building Blocks of Hadoop
. | tell your client which DataNode R
Fig. 2.1 GFS Architecture | each block resides in. Your client s
Each of these is typically a commodity Linux machine running a user- | communicates directly with the ﬂwﬂﬁuﬂﬂﬁ T
level server process. Files are divided into fixed-size chunks. Each chunkjs | DataNode dacmons to process the fuser/james/data2 > 4,5
identified by a fixed and globally unique 64-bit chunk handle assigned bythe | local files. corresponding to the
master at the time of chunk creation. Chunk servers store chunks on local Eﬂowm.ﬁwm,sﬂoaw Wmﬂ omEmnuﬂ. DataNodes
disks as Linux files. For reliability, ea unk i icated on multiple chunk calc with other LatalNode to
ty, each ch 1s replicated o P replicate i1ts data blocks for Bl

servers. By default, there will three replicas and this value can be changed by

: . . d Fi : 154
user. The master maintains all file system metadata. This includes the redundancy. Fig. 2.12 illustrates the

roles of the NameNode and _12]

namespace, access control information, the mapping from files to chunks, DisisNodes .
and the current locations of chunks. It also controls system-wide activities o Fia. 2.12
such as chunk lease management, garbage collection of orphaned chunks, | Fig. 2.12, shows two data files, one at/user/chuck/datal and another at/
and chunk migration between chunk servers. The master periodically | user/james/data2. The datal file takes up three blocks, which we denote 1, 2,
communicates with each chunk server in Heart Beat messages to giVe it Msn w_.__ and the data2 file consists of blocks 4 and 5. The content of ﬁ”ﬂ m_mm, mﬂm
instructions and collect its state. | ﬂ_mﬁ_a_u:ﬁma among the DataNodes. In the fig. 2.12 each block each has mﬂm
GFS client code linked into each annlication imnlements the file system APl | cMm _Mnm to ensure that .:.. any one DataNode crashes or wanc%‘_ww EmMMMmE_ ,
and communicates with the master mzmﬁnr::_m_“?m_.m to read or write datd on E_M:mm :ng_ﬂ_% s e, DmWZMoHMHnﬁm ﬁ:w
behalfof the application. Clients interact with the master for metadata operation™ | e zm_wwmwm :M o Ew wh o.amw. s .UEmZom_wm Jonwﬂn=nmuwom as well as receive
but all data-bearin icati . ers. instruct; N L e | disk.
g communication goes directly to the chunk serv uctions to create, move, or delete blocks from the loca
Q.24. Explain the basic building blocks of Hadoop with a near %ﬂwﬂ_  (iii) Secondary NameNode — The Secondary NameNode A_wz_zg.,_.w
[R.GP.V., May 2019 «E:..m.m | f A assistant daemon for monitoring the state of the cluster HDES. Each ¢ :W "
to has one SNN. The SNN communicates with the NameNode {0 take snapshots

. mn
4 Ans. A ?:w.oc:mm:am cluster, “running Hadoop” means runi& mﬂ work-
aemons, or resident programs, on the different servers 1n your f®

e ——
. . ] p- B - < L

T s T el e
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of the HDFS metadata at mzﬁmﬁﬁ_m.nnmnmn_ by the cluster conf;
NameNode is a single point of mm_,_E.n for a Hadoop Cluster mza_maf |
snapshots help mmimize the downtime and loss of data, A Zm.”: ng g I}

C N

; é |
requires human involvement to reconfigure the cluster to yga :52%% E_HJ:
primary NameNode. ° SNy . m”
NameNode Secondary Znanz__no _

new edits n_

3, ._

_

| |

. f

Fig. 2.13 Secondary NameNodes

(v} JobTracker — The JobTracker daemon is the link between vy
application and Hadoop. Once we submit our code to the cluster, the JobTrag
determines the execution plan by determining which files to process, assig
nodes to different tasks, and monitors all tasks as they are running, If a task f2

the JobTracker will automatically re-launch the task, possibly on a differer

=

node, upto a predefined limit of retries. There 1s only one JobTracker dacmu

per Hadoop cluster. It’s typically run on a server as a master node of the clustt |

(v) TaskTracker — Just like the storage daemons, the compu
daemons also follow a master/slave architecture — the JobTracker is the mast
overseeing the overall execution of a MapReduce job and the TaskTrackes

JobTracker

/s 1 e

Fig. 2.14

TaskTracker

&
(Reducy

ey e i
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manage the execution of individual tasks on each slave node. Fig. 2.14 illustrates

this ‘nteraction.

One responsibility of the TaskTracker 1s to constantly communicate with the
jobTracker. 1f the JobTracker fails 1o receive a heartbeat from a TaskTracker
.(hin a specificd amount of time, it will assume the TaskTracker has crashed and
ﬁ.: esubmit the corresponding tasks to other nodes in the cluster. The following
MM. 7 15 shows the topology of one typical Hadoop cluster.

Secondary NameNode

NameNode

JobTracker

DataNode DataNode

DataNede

|

TaskTracker

|

TaskTracker

Fig. 2.15

This topology features a master node running the Zﬁﬂmz%m and Job-
Tracker daemons and a standalone node with the SNN in case the master
node fails. The slave machines each host a DataNode and TaskTracker, for
running tasks on the same node where their data is stored.

|

TaskTracker

\

Taskiracker

Q.25. Explain the Hadoop distributed file system selecting appropriate
execution modes.

Ans. A Hadoop cluster has following three fypes _.um ﬂcmmm =
(i) Local (standalone) mode (ii) Pseudo-distributed mode
(1) Fully distributed mode

(i) Local/Standalone Mode — After downloading Hadoop in your

system, by default, it is configured in a standalone mode and can be run as a

single java process.

(a) When we first uncompressed the Hadoop source wmorw.mn_

it does not consider our hardware setup. Hadoop chooses 10 be conservalive

and assumes a minimal configuration. | 10.20)
(b) All three XML files (or hadoop-site.xml before version Y.

ar¢ empty under this default mode -

<?xml version ="1.0" 7> . "
<?xml-stylesheet type = "text/xs1" href = _ﬂmoummcnwas.xﬂ =
<l--Put site-specific property overrides 10 this file.—
<configuration>

</configuration>
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(c) Its primary use 1s for developi ? _ ‘_
Sl d 0 e
mwm__nmac_.._ logic of a MapReduce program EE.E:W H._M_ g ang dep, | % .,
of interacting with the daemons. € additigp,, SRin, | : Hadoop 67 f
. o al Com, S &) <configuration= |
| (ii) Pseudo-distributed Mode —111s a distributed «; -_Eﬂ.. <property> |
machine. Each Ewn_aaﬁ daecmon such as HDFS Yam ZES:E:E | <name>dfs.replication</name= __, i
run as a separate java process. This mode is useful for QMW Redue M: by Qm_:mw_w?m_c.wﬂ _ |
| ~(a) This mode allowing us to examine mwa_s;&:. ! manmm:u:o__“_ ﬁ_ﬁ_ﬂ Mnﬂcﬂowwavﬁ. of replications can be specified _,
input/output issues, and other daemon interactions B Usage | ~ when the _._hm is nﬂ_.“_v ; p
_ : . . * Hiw! </propé
o (b) Listing 2.1 provides simple XML files ¢ 5._ </configuration>
server in this mode. ® Configyre, tin (c) In core-site.xml and mapred-site.xmi we specify the hostname.
. Tmmn.-m 2.1 Example of the three configurati Iy ~ and port of the Zmﬁmﬂc@m and the ho_u.,_,amnrﬂ_ respectively.
distributed mode lon files fy, e (d) In hdfs-site.xml we mﬁaﬂ.@ﬁn default @mﬁuﬁ factor for HDFS.
core-site.xml U, | (e) We must also specify the location of the Secondary
e s o NameNode 1n tbe masters file and the slave nodes in the slaves file -
. version = "1.0"7> | ?mﬁ_noﬁ-:mmn@ﬁmmﬁa $ cat masters
&E-m@mmrmnn type = "text/xs1" href = "confieurat | localhost |
<!--Put site-specific property overrides in this Em. O ?manov.&ﬁ@ﬁwﬂna S
<configuration> o e localhost
7 <property> .__ (D J@E_m .m: the daemons are running on the same machine,
HH | BB S YO Y LI ) u Emwnmm_w_m_ﬁmﬂﬂwwu h”””nmﬂ“”mmnmww other using the same SSH protocol as if they
¢ _ MM& :mWEmﬂS@cmEomﬁ : 9000</value > _ = (g) We need to nmmnw the machine allows you to ssh back to itself.
. escription> The name of the default file system, A URI wh (hadoop-user@master] $ ssh i .
scheme EM&EE,.EJ, determine the FileSystem implementation. | (h) If the above command results an error then set up shh by
escription> . using the following commands
</property> . u. [hadoop-user@master $ ssh-keygen -t dsa -P " —{ ~/.ssh/id_dsa
2 </configuration> " v [hadoop-user@master] $ cat ~/.ssh/id_dsa.pub>>~/.ssh/
| mapred-site.xml _ - au ou_wnalw&_m - Lo PLIP—
<2xml version = "1 0"7> B P (i) Next, we need to format the namenode by using the I0UOWINE
Mw&-mﬁ_nmrmﬁ, type = "text/xs1" href = _.no=mm5m:.a=.w£__v r [hadoop-user@master] $ bin/hadoop namenode-format |
I--Put m:m..m_umn_mn property overrides in the file.--> . (j) To launch the daemons by use of the start-all.sh script. The
<configuration> | ~ Java jps command will list all daemons to verify the setup was successful.
<property> | [hadoop-user@master] $ bin/start-all.sh
m <name>mapred.job.tracker</name> | [hadoop-user@master] $ jps
A,,__m_cnﬂmom?amﬁ : 9001</value> W wwwww .H_wm .
<description> The host and port that the MapReduce job tracker T e hakTrnoker
at. </description> _ : umuwo SecondaryNameNode
ey
_ ode
< ., |
:%m: mwﬁ ation> # 26703 JobTracker | y
- ..M: e.xml o w (k) We can shut down all the dagmons USIIS the commat
’xml version = "1.0"7> sl | [hadoop-user@master] $ bin/stop-all.sh
<?7xml-stylesheet type = "text/xs1" href = rconfiguration” |
<I--Put site-specific property overrides in this file.~
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iii) Fully Distributed Mode —

(a) An actual Hadoop cluster runs in the thjrq

ar e

distributed mode that emphasizing the benefits of Emz.:u:”“wop_n_ he i mwmn“ﬁ
distributed computation. "orag, N i Processor A
(b) In the discussion below we will use the follow;, _M
names — S Sery, |
(1) master — The master node of the clustey and jg m Physical
NameNode and JobTracker daemons. ﬂ.a;:_ phial P o S
(2) backup — The server that hosts the mmoo:amQ Namgy |
daemon. O T

Physical
Switch

=

(3) hadoopl, hadoop2, hadoop3 — The slgye

bo
cluster running both Datanode and TaskTracker daemong, S ol

Physical
Server C

Processor C

O e e P

Q.26. What is parallel and distributed processing ? Explain yig, exam
[R.GPV, May 2019 §,.whﬂi

Ans. Parallel Data Processing — Parallel data processing involye :
. . . S the i 4ot -
simultaneous execution of multiple sub-tasks that collectively comprise alang | Fig. 2.17 An Example of Distributed Data Processing

task. The goal is to reduce the execution time by dividing a single larger amw 0.27. What is YARN ? Explain its architecture with the help of diagram.

s paiiapie ssaller: Tasics Sk 1o EoncuTely. | Ans. To overcome limitations of MapReduce the designers have put F.ﬂ.ﬁn
the next generation of MapReduce — YARN. The main purpose of YARN is to
divide the tasks for the JobTracker. In YARN, the resources are managed by the

-

[

Although parallel data processing can be achieved through multipk
networked machines, it 1s more typically achieved within the confines of:
single machine with multiple processors or cores. A task can be divided it

 three sub-tasks that are executed in parallel on three different processors witi |
the same machine as shown in fig. 2.16. ,.
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Fig. 2.16 An Example of Parallel Data Processing
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Distributed Data Processing — Distributed data Eenomm:u, s
related to parallel data processing in that the same principle of “divi
conquer” is applied. However, distributed data processing 1S alw
through physically separate machines that are networked together
[n fig. 2.17, a task is divided into three sub-tasks that are then exeo

three different machines sharing one physical switch.
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ResourceManager and the jobs are traced by the Appl;
Cat)

TaskTracker has become the NodeMana 10
ger. Hence, t NMa.
and the local NodeManager compose the he global R .

X
the NodeManager to complete the tasks. ?_m:mmﬁ. and nca?ﬂ? Wy
YARN Architecture — Compared with the “¥ig}
. > old
YARN i1s more structured and simple. Zuﬁﬁmaznn ?n:_.ﬁ_
1

The four core components of the YARN architecty

charge of receiving jobs and redistributing the ncnﬂ_.:ﬂ.m for the failyr b
€ oby

(ii) NodeManager— The NodeManager is the frame |
node. It is responsible for launching the application contai e Proxy for gy
. . : ontainer, monitoripg .,
usage of the resource, and reporting all the mformation to the mo:m%_wm "
(iii) ApplicationMaster — The ApplicationMaster is COoperatin q. it

the NodeManager to put tasks in the suitable containers to run the Em_m,“a_
mounitor the tasks. When the container has errors, the ApplicationMaster yi]|
apply for another resource from the Scheduler to continue the process,
(iv) Container — In YARN, the container is the source unit whichis!

the available node splitting the organization resources. Instead of the Map ani
Reduce source poals in MapReduce, the ApplicationMaster can apply for ary |
numbers of the container. Due to the same property containers, all ikt

containers can be exchanged in the task execution to improve efficiency.

0.28. What are the advantages of YARN ?

Ans. There are four main advantages of YARN compared (0 e
MapReduce —

(1) YARN greatly enhances the scalability and availability of the m_ﬁﬁ
by distributing the tasks to the JobTracker. The ResourceManager m:u H___. |
ApplicationMaster greatly relicves the bottleneck of the JobTracker a0
safety problems in the MapReduce. o

(i) In YARN, the ApplicationMaster is a customized ooa_uo__mﬂa _am "
means that the users can write their own program based on the Pf 0gré
model. This makes the YARN more flexible and suitable for wide Us®

- a spe
(i1i) YARN, on the one hand, supports the program 0 Jmﬁaﬁ_a
checkpoint. It can ensure that the ApplicationMaster can reboo

—
T
-3
[ =

e T

.uxi__”.
elf

.......
...........

d on the status which was stored on HDFS

e
Mﬁ K ceper on the ResourceManager tg ;
00 .
elves error
ResourceManager S Tors, the backup Resource

L:_r_%__ e cluster has the mﬁn._m containers are the mﬁmncnm ol Wt
Reduce. Once :._E.w 1$ a request for resources, the Schedy ap pools in
the available H%Enm.m.,: ,,..rm cluster to the tasks and
[t will increase the utilization of the cluster resources.

0.29. Define MapReduce. What is the role of mg D |

Junction qng reduce

function ? i . !
Ans. MapReduce is EE@._% used in logs analysis, data sotting, and specifi

data scarching. MapReduce 1s the core technology of Hadoop. 1t Ea..__anmw
parallel computing model for the big data and supports a set of programming

interfaces for the developers.

MapReduce is a standard functional programming model. Thjs kind of
model has been used in the carly programming languages, such as Lisp. The
core of the calculation model is that can pass the function as the parameter to
another function. Through multiple concatenations of functions, the data
processing can turn into a series of function execution. MapReduce has two
stage of processing. The first one is Map and the other one is Reduce. The
reason why the MapReduce is popular is that it is very simple, easy to
implement, and offers strong expansibility. MapReduce is suitable for processing
the big data because it can be processed by the multiple hosts at the same time
to gain a faster speed.

Map Function — Each map function receives the input data split as a set of
(key, value) pairs to process and produce the intermediated (key, value) pairs.

Al i

Reduce Function — The reduce worker iterates over the grouped (key,
value) pairs, and for each unique key, it sends the key and corresponding
values to the Reduce function. Then this function processes its input data and 1 ] BRI
stores the output results in predetermined files in the user’s program. . WP R

Q.30. Write short note on employing Hadoop MapReduce. Also describe
features and applications.

S
Ans. A distributed data processing framework is called K%x&:g _b

olher words, MapReduce is a framework for processing ﬁuﬂw__m__mw_u_m problems 1

ACross —Sw.ﬂn Qm:.m.w@mﬂm c.wm_._._mw 9 —m_.—.m@ number Omnﬂaﬁﬁnﬁﬂmu nn—_mﬁﬁﬁn#w‘ ,_.ﬁhmm.ﬂﬂn_ _

10 as a cluster or 2 orid. Processing can occur on data stored either 1n 2

filesystem or in g database (unstructured & structured). &

The features of Hadoop MapReduce are as follows - .w

. : ber
. (1) The programming model 18 simple vﬂ mu_n_awv:wn..} anmmn:ﬂww of
> tasks can be expressed as MapReduce jobs. The e i

il

e T Tm R
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mw mm@‘ Dmﬂm | il i1 | _ . f rq.__u.. . Ll el _....q..,u.—_.__.__wmm.mﬂ_...._: [ ,”_._._,...,. i ,ﬁ_._.:;:ﬁ____,. :..._.‘._”ﬂ”"q.nw..u ._...: W.
d .n._. ' ._._ __ ,_“ “ : vos 1 RN AR LR [t ﬂ:_:hﬂ._ﬂ‘_:xm:ﬁ ._ i .-“,._,#w._::, :
the underlying stora | e E— i i
unstructured datg |
: . th gy
(11) 1t achieves scalapil: ety : o |
. al e | : ) op 63 .
time system automaticalj m_”.u::”v\ z._.ud:mr _u_oownmﬁﬂﬁ S . iy | Reduce Job — The mnn_.unh_ 18 the reduce Job, which tak #
dynamically sch | . IV the IDput data Into o:n&:::w T | ap job as input and combines those data luples into 3 mahm_, ﬁ_ﬁ Outputofa |
..% €dules the data blocks to the availab| na.azimmwwa E. he ty, | .ﬂrw Reduce function 1s then applied in paralle] tq each mﬁcw wﬂﬁ. of tuples,
(1) It offers fault tolerance wherep 1 € Nodes g, E%n_g g | oduces a collection of values in the same domaip, Wichintum |
to be restarted. Y only tasks on fajleq :auoww__ﬁ | P Reduce (k2, list (v2)) - list(v3) M
The applications of MapReduce are a¢ follows 8 hgy, _ Reduce stage is the combination of the Shuffle st |

. : BV ¢ and the Red
(1) Large scale machine learnj | The Reducer’s job 1s o process the data that comes from uce stage

A:V OEMR# Em_u_.oEaEm _..E. Google New _ | Eanmmium, zwancnmmm:nsmﬂama:aﬁ.i:mn_._ﬁ:;m stored in the HDFS,
(1) muawmna.um data for reports . | i 5 Step Process of MapReduce -

(iv) _mx:.mn::m Eiteriies of ém..wuw wMﬁEmm. ﬁ_cm:.mm _ Step 1 — Prepare the Map( ) Input — Set of key-value pairs (X, v)

(v) Pocessing satellite image data PAges lor variong PUrpoges | Step 2 — Run the User-provided Map( ) Code - Generate intermegiate
(Vi) Language model processin fi - | | key-value pairs (key, value)) and lists Map(k, v1) — list (k2, y2)

(vii) Large-scale graph co e Machine Iranslagj,, | Step 3 — "'Shuffle” the Map Output to the Reduce Processors — The
(viii) Index building for dm,ﬁmwﬁhnmmw MMM - A3lation m MapReduce system designates Wnﬁ_zmm processors, mmmmma_.m the k2 key-value
(ix) Spam detecti on I'Ch operations | each processor should work on. That is, worker nodes redistribute data based

. *. , | on the output keys (k2) such that all data belonging to one key is located on
(x) Various data mining applications. . the same worker node.

Q.31. Discuss in detai Step 4 — Run the User-provided Reduce( ) Code — Reduce( ) is run -
etail about H, adoop M apReduce. exactly once for each k2 key value produced by the Map step.
\.u.zm. A Hadoop MapReduce job mainly consists of two user-defined | Siep 3~ Exocuce the Einal Output = The MapReduce sysiem oollects
functions — Map and Reduce. The input of a Hadoop’s MapReduce jobisa s | all the Reduce output, and sorts it by k2 to produce the final outcome.
of key-value pairs (k. v) and the map function is called for each of these pairs

As the sequence of the name MapReduce implies, the reduce job is always

The map function produces zero or more intermediate key-value pairs (k' v performed after the map job. Below fig. 2.19 shows the MapReduce work process.

’ V. |
Then, E.m Imﬁ.oob s MapReduce framework groups these intermediate key- | - Mister Mo
value pairs by intermediate key k' and calls the reduce function for each group | .

Finally, the reduce function produces zero or more aggregated results. |

The term MapReduce actually refers to two separate and distinct tasks
that Hadoop programs perform they are Mappers and Reducers -

Map Job — The first is the map job, which takes a set of data and 83,.“““__” |
it into another set of data, where individual elements are broken down 1D |
tuples (key/value pairs).

_. he input
The map or mapper’s job is to process the input data. Generally the 10P
data is in the form of file or directory and is stored in the Hadoop

. & . . _W Qutput
(HDFS). The input file is passed to the mapper function lin€ _dmm_a vt =  Part 1)
mapper processes the data and creates several small chunks of data. |
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The map function produces zero or more intermediate key

: ; : In 0
(key’, value'). Map function takes one vm:.‘om data with a QMMMH that, ¢ | Worker NOT—
domain, and returns a list of pairs in a different domain. 1 s and | Input Files Map Tasks  Intermediate Files Reduce Tasks
MapReduce framework collects all pairs with the same key from Fig. 2.19 MapReduce Working Process

groups them together, creating one group for each key.
Map(kl, v1). — hst (k2, v2)
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0.32. Write short note on uses of MapReduce.

H _
Ans. Uses of MapReduce are as follows — b (key) mod R). The number of partitions (g adoop g5 .
At Google — (.8 .?_m are specified by the user. ) and the Partitioning __
(i) Index building for Google Search functiOh ' he user program calls the MapReduce( ) fyner
& ] ; when the ! Reduce lib . 7 unclion, the folloyw; ,
(i) Article clustering for Google News (i) TheMapReduce library splits the input fijeg i, Minian, o CCCUIS
(iii) Statistical machine translation. | 1664 MB per piece) and starts up many copies of the Eamw__maw_mwmm _Qm:m:q
At Yahoo! - achines e conics of the cluster of
. — - C . 1
(1) Index UEEEM for Yahoo! Search Aﬁrmnw.wmm_.n Mam o cﬂrMnm that ate Mﬂﬂw_ﬁw Q_M‘EM ﬂ.ﬁﬂmﬁ as EE.EEE
i . . Aified. . or
(11) Spam detection for Yahoo! Mail. m?n_ﬂ_._ n_m% tasks and R _.mn_com. tasks to assign. The Ewm””w MHWWFE.@
At Facebook — E.Mawmqm and assigns each one either a map or a reduce task ¢ idle
W ;

(i) Ad optimization | (ili) A worker assigned with a map task reads

A . . the correspond;
(if) Spam detection. t. 1t parses key/value pairs out of the input data 5 ponding

: . d passes each pai
input splt : . & Na passes each pair N T T
. e _defined map function. The intermediate key/val . B T
0.33. Give the limitations of MapReduce. | “u.”. _M._umnumhnhnmnu are buffered in memory. Yivalue paurs produced - B ! .#_.“._mm
Ans. There are following four main limitations of the MapReduyce - L (iv) Periodically, these buffered pairs are written to the ocq] disk R

(i) The Bottleneck of JobTracker — The J ob
responsible for jobs allocation, management, and scheduy
communicate with all the nodes to know the processing i
that the JobTracker which is unique in the MapReduce, performs too many 0. VBN REERs e &&ﬂoﬁmaﬁ, b
tasks. If the number of clusters and the submission jobs increase Bﬁ_.&wq.wﬂ procedure calls (RPCs) to read Enﬂdm.oaﬂ_ _.”_Em from Ew aﬁwmmm E..u” map workers.
will cause network bandwidth consumption. As a result, the JobTracker wil When a reduce worker has read all mtermediate data for its partition, it sorts it by the

o . . : ether all occurrences of the same kev. If the am
reach bottleneck and this is the core risk of intermediate kcys to .,m_d:w o8 : T s
- . ol MapReduce, of intermediate data 1s too large to fit m the memory, an external sort is used.

and partitioned into % regions by the partitioning function. The focations of
these pairs are passed back to the master who is responsible for forwarding
these locations to the reduce workers.

Tracker shoyg p,

ling. It shoulg also
status, It is obvigys

i (i) Node Failure — Because the jobs allocation information is too | (vi) The reduce worker iterates over the sorted intermediate data
simple, the TaskTracker might assign a few tasks that need more sources or | and for each unique intermediate key, it passes the key and the corresponding
need a long execution time to the same node. In this situation, it will cause |  set of intermediate values to the user’s reduce function. The output of the
node failure or slow down the processing speed. | reduce function is appended to a final output file for this reduce partition.
(iii) Jobs Delay — Before the MapReduce starts to work, the (vi1) When all map and H..nm:nw tasks have completed, Fm master
TaskTracker will report its own resources and operation situation. According wakes up the user program. At this pomt, the MapReduce ﬂ: in the user
to the report, the JobTracker will assign the jobs and then the TaskTracker Mwuﬁmﬂ returns back to E.m user no@m. }b.mn successful completion, the output
starts to run. As a consequence, the communication delay may make the the MapReduce execution is available in the R output files.

To detect failure, the master pings every worker periodically. If no response

: . Jlows the 's received from a worker in a certain amount of time, the master marks the
(iv) Inflexible Framework — The MapReduce currently 2 worker as failed. Any map tasks completed by the worker are reset back to

. . . : the s :
users to define its own functions for different processing Emmmcm_w_anm their initial id|e state, and therefore become eligible for scheduling on other
MapReduce framework still limits the programming model and the res Workers. Similarly, any map task or reduce task in progress ona failed worker

JobTracker to wait too long so that the jobs cannot be completed in time.

allocation. . - m_mm. feset to idle and becomes eligible for rescheduling. ”
G wi 0 : s because thelr
0.34, Explain the overview of MapReduce execution i Hadoop Output _qm: MWMW_ :Mm@zﬁwm__ﬁm E._ma“.w._wmﬁ woﬁmwmp Ew Mﬂmwﬂaﬂﬁrﬂ”sﬁ:a is therefore
n\uh\—ﬁhﬁﬁﬂ. fiiia: : Il 1N€ local di1sK(s) O € Id .
A ! .\.,; n5ﬁ~m.ﬁ k distributed across multiple machines by _ﬂwwomwm__u_a.. Completed reduce tasks do not need to be re-executed smce
ns. The ma e distributed a g can Utput :
automaticall _.:.% . .M._umm ¢ data into a set of M splits. These sPIS nn MNHMF "m Stored in a global file system. £ ve files, and each file
Y partitioning the input cata It tasks are n_mmﬁ,_uz—nh_. y Contajy Ple of a MapReduce — Assume we have 1iv€ H b
be processed in parallel by different machines. Reduce - rtitioning function 8 Wo columns, a key and a value in Hadoop terms that r¢p

partitioning the intermediate key space into R pieces usingap
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and the corresponding temperature recorded in that City for
measurement days. This example 1s made very simple so it’s easy
can imagine that a real application contain millions or evep billi

Delhi, 31

Mumbai, 32
Chennai, 33
Calcutta, 32

Delhi, 24
Calcutta, 34
Chennai, 38
Delhi, 27
Calcutta, 33
Chennai, 37.
Let out of all the data collected, we have to find the naximum te
- for each city across all of the data files (note that each file E_mzmﬂ%magﬂ
same city represented multiple times). Using the MapReduce wnmamimﬁ the
can break this down into five map tasks, where each mapper ey ork, g
the five files and the mapper task goes through the data and returns the rhaxim
temperature for each city. The results produced from mapper tasj for H“s
above data would look like this — . :
(Delhy, 31)
(Mumbai, 32)
(Chennai, 38)
(Calcutta, 34)

Q.35. Explain the architecture of MapReduce in Hadoop.

Ans, The mmmocu MapReduce MRv]1 framework is based on a centralized
master/slave architecture. The architecture utilizes a single master server

(JobTracker) and several wap, Function Reduce Function
slave servers (Task mapcinput record) { reduce(key, values) {

; - while(values.bas_next) {
Tracker’s). The JobTracker i g7\

Oong Oﬁ ﬂ.ﬂ_.c_._ .
§,

nest)

represents a centralized ©™tkL VD :
program that keeps track emit(k2, v2) collect(key, aggregate)
of the slave nodes, and Y )

provides an 1nterface
infrastructure for job
submission. The Task
Tracker executes on each
of the slave nodes where
the actual data 1s normally
stored. Users submit
MapReduce jobs to the
JobTracker, which inserts

=
ce
-
-
-
=¥
=

ON one gf |

........

qcker manages the map and redyce task g
r’s. The TaskTracker’s execute the jobs

obTracker E.ﬂ_”_ handle the data movemen; betwee
ses, respectively. Any map/reduce constryct bois;

jon that transforms a piece of data into entities of (key, value]
Jirs. Each of these elements 1s sorted (via their key) and ultimately ,Hﬁn:mm
m_ . same cluster node where a reduce function is used to merge the values

- the same key) into a single result (see code below). The Map/Reduce .

1th . .
m..»_..___& is oﬂmmamma as depicted in fig. 2.20.

The Hadoop MapReduce framework is based on a pull model, where multiple
TaskTracker’s communicate Jiﬁr the JobTracker requesting tasks (cither fnap
or reduce tasks). After an 1nitial setup mrmmﬁ the JobTracker is informed about
2 job submission. The J obTracker provides a job ID to the client program, and
starts allocating map tasks to idle TaskTracker’s requesting work items (see fig.
2.21) Each TaskTracker contains a defined number of task slots based on the
capacity potential of the system. Via the heartbeat protocol, the JobTracker
knows the number of free slots in the TaskTracker (the TaskTracker’s send
heartbeat messages indicating the free slots-true for the FIFO scheduler). Hence,
the JobTracker can determine the appropriate job setup for a TaskTracker based
on the actual availability behaviour. The assigned TaskTracker will fork a
MapTask to exécute the map processing cycle (the MapReduce framework
spawns 1 MapTask for each InputSplit generated by the InputFormat). In other
words, the MapTask extracts the input data from the splits by using the
RecordReader and TnputFormat for the job, and it invokes the user provided
map function, which emits a number of [key, value] pairs in the memory buffer.
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A fier the MapTask finished executing all input records, the
cycle is initiated by flushing the memory ._H_an to the index ang iy |
The next step consists of merging all the index and data file Paiirs Aa fjj, _u_w_
construct that is (once again) being divided up into local A”_.EJ.._E_“E__:__W_ 2 m;ww
map tasks are completed, the J obTracker starts initiating the _,mﬁ_znam. Ag .sq__m ,__

The TaskTracker’s involved in this step download the completeq i1 sks _U_E_.”_m
map task nodes, and basically concatenate the files into a stngle asznm fon N
map tasks are being completed, the JobTracker notifieg Saam Age |
TaskTracker’s, requesting the download of the additional region 3____5_...
merge the files with the previous target file. Based on this design En_ “3 ang
downloading the region files is interleaved with the on-going map n.wmw Proceg N

: ES&EM,
Eventually, all the map tasks will be completed, at Which po; io
Dt ¢y, |

JobTracker notifies the involved TaskTracker’s to proceed with the |
phase. Each TaskTracker will fork a ReduceTask (separate VM’ Emﬁﬁ |
read the downloaded file (that is already sorted by key), and invoke the M_ﬁ, i_
function that assembles the key and aggregated value structure intg the w”_ﬁ |
output file (there is one file per reducer node). Each reduce task (or map sm,” |
is single threaded, and this thread invokes the reduce [key, values] _._Eo_aa_“
either ascending or descending order. The output of each reducer task is
written to a temp file in HDFS. When the reducer finishes processing all keys
the temp file is automatically renamed into its final destination filc name, |

As the MapReduce library is designed to process vast amounts of data by
potentially utilizing hundreds or thousands of nodes, the library has to be abl

to gracefully handle any failure scenarios. The TaskTracker nodes periodicaly
report their status to the JobTracker that oversees the overall job progress. i |
scenarios where the JobTracker has not been contacted by a TaskTracker for |
a certain amount of time, the JobTracker assumes a TaskTracker node failure |
and hence, reassigns the tasks to other available TaskTracker nodes. As the

results of the map phase are stored locally, the data will no longer be availabk |
tf a TaskTracker node goes offline.

In such a scenario, all the map tasks from the failed node Qmmma_am.wHMM
actual completion percentage) will have to be reassigned to a di Nz__p.,
TaskTracker node that will re-execute all the newly assigned splis- The M_&n
of the reduce phase are stored in HDFS and hence, the data m,.m m_og:ﬂ mﬂ:m the
even if a TaskTracker node goes offline. Hence, in a scenarno wher a_ Wa%n_u
reduce phasc a TaskTracker node goes offline, only the set of incompi¢

_execution
tasks have to be reassigned to a different TaskTracker node for re-€%

“OMim;y

o k&

T m———

=

;o intod>"
for processing large volumes of data in parallel by dividing the f,mma__whm: ty. pal?
independent tasks. The framework processes the _,.SER o_q_qﬂmm
locality means movement of algorithm to the data instead ©

.....

G the data algorithm
‘ocessing is donc on gonthm is moye a

e . 50 constryct

E:ﬁ.q:m Computation 15 iape than Moving Data. It is fault Eﬁsﬂm ”anmn |
iﬂﬂfnm by its daemons USIS the concept of replication, The daemong mmmcn..wmﬁ,w |
achl _

. the MapReduce phasc arc jobTracker and taskTrackers.
wl

reduce jobs arc submitted on JobTracker. The j |

w&uﬂ_ﬂ Wmmﬂm: ME@ T mmrﬁ.mnmmnu nodes in the Cluster, ﬂMwMMn ..mew%w rﬂw

wor 25 close to the data as mamw_c_m. A heartbeat is sent from the TaskTracker

EEW jobTracker every few minutes to check its status whether the node is

to the alive. Whenever there 1s negative status, the JobTracker assigns the task
_M_MH__ MEE “ode on the replicated data of the failed node stored in this node.

Let’s se€ how the data flows —

MapReduce has a simple .En_a& of data processing — Inputs and outputs
for the Map and reduce functions are key-value pairs. The map and reduce
m._nn:oum -1 Hadoop MapReduce have the following general form — |

map — (K1, V1) = list(K2, V2)

reduce — (K2, 1ist(V2)) - Tist(K3, V3)

Now before processing it needs to know on which data to process, this
is achieved with the InputFormat class. InputFormat is the class which selects
file from HDFS that should be input to the map function. An after Eﬂa.um
setup( ), the nextKeyValue( ) is called repeatedly on the Context, (which
delepates to the identically-named method on the RecordReader) to populate
the key and value objects for the mapper. The key and value are retrieved from
the Record Reader by way of the Context, and passed to the map( ) Em.&on
for it to do its work. Input to the map function which is the key-value pair (K,
V) gets processed as per the logic mentioned in the map code.

When the reader gets to the end of the stream, the nextKeyValue( ) method
returns false, and the map task runs its cleanup( ) method.

The output of the mapper is sent to the partitioner. Partitioner controls
the partitioning of the keys of the intermediate map-outputs. The key (or 2
subset of the key) is used to derive the partition, typically by a hash function.
The total number of partitions is the same as the aumber of reduce a._mwm for
the job. Hence this controls which of them reduce tasks the waﬁﬂm&mﬂ _ﬁw
(and hence the record) is sent for reduction. The use of partitioners 1s optional.

Q.37. Write short note on subdividing data in preparation for Hadoop
MapRedyce,

Ans. Central to the scalability of Apache Hadoop is the n_ﬁ_nﬂwmmnm
Processing framework known as MapReduce. MapReduce helps Eﬂmﬂ_ i
M.a_é data-parallel problems for which the data set can be sub-divide
wﬂm: Parts and processed independently. MapReduce 15 anl 1ol

“useitallows ord inary developers, not just those skilled m

v ghea
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computing, to use parallel programming constructs withouyt Worry;
the complex details of intra-cluster communication, task H:a::o:_._m m_zm
3 :Q

handling. MapReduce simplifies all that.
The system splits the input data-set into multiple chunks, each
assigned a map task that can process the data in parallel. Eacl, ma
the input as a set of (key, valuc) pairs and produces a rans{ormed
value) pairs as the output. The framework shuffles and sorts outp
tasks, sending the intermediate (key, value) pairs to the redyce task
group them into final results. MapReduce uses JobTracker ang ﬁ__mmmg_
mechanisms to schedule tasks, monitor them, and restart any that faj) Tacke,

The Apache Hadoop platform also includes the Hadoop Distributeg File g
(IIDFS), which is designed for scalability and fault-tolerance. HDFS stor wwaa
files by dividing them into blocks (usually 64 or 128 MB) and repli ommw arpy
blocks on three or more servers. HDFS provides APls for MapReduce mﬁ!wﬁmﬁ_ the
to read and write data in parallel. Capacity and performance can be mna.&@a.
adding Data Nodes, and a single NameNode mechanism manages data Emogﬁw
and monitors server availability. HDFES clusters in production use today reliah,

hold petabytes of data on thousands of nodes.

m_w_f
} E_E_”

S¢| of
uts of _,ra:...ﬁ,

Q.38. Discuss in detail about Map and Reduce operation ?

Ans. The Map operation applies computation of key/value pairs in
input and Reduce operation combincs all the result value that is computed

ir

Sl
e\ 'E outp!

loput Map Intermediate Files Reduce files
Files Phase (On Local Disks) Phase

Fig. 2.22 Map and Reduce Operation

developed. The most commonly implemented programming framework is the
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by the ;
the user defines the input files, the magte, nod
function. Those worker nodes h
e for Map . . WO are a5
d cads files from different input files and writes the mﬂ@& for ?._.mw
. Map worker nodes finished their work by writin Hm__cnm_ prgn i
k, another sets of worker nodes are ass; = e fesult

gned for Reduce fir e HEEE

Dﬂﬁ_ H—W_m . |
_ﬂﬁ assigned _Ema_.ﬂ_. nodes read ”ﬁrm files from local disk and fnﬁmm_ﬂ H:Er
gutput f1les. In this way, the retrieved process is completed in 0 the |

e Had :
MapReduce. wp |

0.39. Explain mapping data to the programming Sframework. -
Ans. Many different higher-level programming frameworks have been

no
work
Q_.-nﬂ m_

........

MapReduce framework. MapReduce is an emerging programming framework

for data-intensive appli- nm:o:m proposed by Google. MapReduce borrows -
ideas from func- tional programming, where the programmer defines Map *.
and Reduce tasks to process large sets of distributed data e ]

Implementations of MapReduce enable many of the most common
calculations on large-scale data to be performed on computing clusters
cfficiently and in a way that is tolerant of hardware failures durin g computation.
Hewever MapReduce is not suit- able for online transactions.

H_un key strengths of the MapReduce progra- mming framework are
the high @mmwnm of parallelism combined with the simpli- city of the B
MHMHEE% 5 wﬂmgmﬁanr-mﬂ its applicability to a large variety of application
EmnEH. H_:m requires dividing the workload across a large u:m:_ua_. of
map :EM,, he degree of parallelism depends on the input data size. The
;:2:_3_ onp Enmmmom the input pairs (keyl, valuel g. REB.Em some other ,
together ;Eq, pairs (key2, value2). Then the intermediary pairs are grouped
K aw.{m_:mnoma_um to their key. The reduce function will output some noﬁm. I
3 MapRe m__um:m 3.,:.6 form (key3, value3). Fig. 2.23 shows an mama_..___mﬁn .
map m:_uE:Mm m_.mon:r:ﬂ used to count words in a file. In this exampie te |
OUlput key mwmm s the provided data chunk with a value of 1. _MMMH
N the Pdno,wmo,% h{oa itself and the value is | every time the ,*_M_.”: —

, ata chunk. The reducers perform the aggregation

key |
key Pair Output from the maps and output a m:_m_m
N this case 1S a count for every word. FIg.
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further explanation of
the generation of the m.m. mm 2 %M.MI |
key-value pairs pro- MM m.,w MWMMHM - :ﬁﬁon?ﬁ.mc._ﬁ.mxnmﬁ:n:m Hadoop 79
duced during the pro- m ww.... .M._mR RES m WM__ gﬁcﬁmﬂﬂﬂ.mc._omﬂnmﬁﬁﬂnh
cessing phases of the | £ g = AR import org.apache.hadoop.fs Path.
WordCount MapReduce ..m E import org.apache.hadoop.conf, *.
program. w .m E m. m = [lw import cam.mnmnro.rmﬂ_aaﬁ.mo.;“ i
High performance | 2 2 AEIETERE import org.apache.hadoop.mapreq.+; |
is achieved by _uhmm_.a.am — ,m M 2 .m .m _.m .m import unm.mﬁmnrm..rmﬁ_oow.zm_._.w 1
the processing into small m = X = EHENE & public class ProcessUnits |
- =
units of work that can | [ 8 &t AT & {
be run in parallel across | 35 = = Al B //Mapper class
. Y o 8 A e & P : . .
potentially hundreds or | = - g 2| = F| & m..._ ) public static class E_EMapper extends MapReduceBase ; _ |
thousands of nodes in | 2 2 El S| & ..m 3 ,.w., m, Mapper<LongWritable,  /*Input key Type; Mplements
" the cluster. Programs | £ 7] ¥ ¢ 5 w.. 9 ] o, /*Input value Type/
written in this ?:n.:.an& m; m : 2 Text, /*Qutput key Type*/
style are automatically Vv & & 2E 3 IntWritable> *Output value Type*/
parallelized and executed 28 2 w.. {
on a large cluster of | g & A Ad T Pl /Map function
commodity machines. | <3 s g4l . 7|3 D public void map(LongWritable key, T:
This allows progra- | &% 3 gal, s 2Als 3 . > “exi value, OutputCollector <Text,
- VS prog - SBl=8 943 X IntWritable> output, Reporter reporter) throws 10Exception
mmers without any = SZ|5 EHE m M
y : " 7 : ;
experience with paralle] v vV|vVY Y8 S String line = value.toString( );
and Qhwq_ﬁﬂﬂ@ﬁ— mu.__.mmﬁam _m.. ﬁ_u. ﬂa... M.H:H—m —ﬂm:ﬁ_.nm—.- — :.ﬂ_.—“
to easily utilize the | A 4 S g~ m&:mﬁcronﬁnn s = new StringTokenizer(line, "t");
resources of a large | & ¢ - - - m_, String year = s.nextToken( );
distributed system. = o2 = q = ﬁr__o?.rmmzoﬁ._dwgi ))
e = * .
MapReduce .m,w.m M E E _Wu:w _
programs are usually { & m, m o O ﬂ } v $ ..
written in Java; | 3 M.m Y = . . R
Bowever fhev amm ain D_.,.: ZE 5 m i Int avgprice = Integer.parselnt(lasttoken); B i
be coded in languages | & 3° m : = = E \ Output.collect(new Text(year), new IntWritable(avgprice));
V B D = o
such as C++, Perl, { 55 I v > c. }
Python, Ruby, R NP
wanmm Eomnw\.r;,_mn = m = g = 3_E£ :ESQ._E&. class
, o = — e = = o 5 — e . " 1
ol -0 -1 I 2% .28 |5%7 Red Public static class E_EReduce extends MapReduceBase implements
process data stored in B TESTEY 258 “Qucer<Text, Intwrs .
different file and | B ESAEE |20 ﬁ TR Tad, kawdubie>
o = = - o
database systems. m. 2 B et - /IR
- duce frame™ Public yey - Junetion
_ Q.40. Write a program to the sample data using MapReau _M void reduce(Text key, Iterator <IntWritable> values,
5mxnmw:owﬁw:-ﬁo__mﬁo_ﬁ%aﬁ, [ntWritable> output, Reporier reporter) throws

Ans. package hadoop;

import java.util. *;
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{ :
int maxavg=30; mes p,:n*.;mw_.ﬁ_ " repeated in the
int val=Integer MIN_VALUE; sorted 11 72 ci._zm s
while(values.hasNext ) dnput = In this step, the data are copieg;
m ()) its contain the words In any E:_.E.w OPied in the HDFS o5 it
. nput,
if{(val=values.next( ).get( ))> (i) Sphitns Once the data are copied g ;
ﬁ ().get( ))>maxavg) are split 1nto different blocks depending am _Hﬂ.w”m MPULIn the HDES, e
el | %__”_n <ize of the file is 509 MB and the size of the z.,._hwm Of the file and piogy
tput.collect(key, new IntWritable(val)); | _m. #%_:ﬁma into four blocks. In these blocks, the file is M..m 128 MB, the fije will
v ] :M.a oyery word is separated by space, comma, etc, rranged in such a way
) o AMapping — The counting of w .
} @ an%wza iven a 1 val w 0" WORCS occurs in the phas
words are counte g alue for every word. In this st e. The
} | i arranged in the form of key and value pair. Each pair i._ﬁn%... the results
| ._.‘__gnmn function word and value 1. Suppose if the file has “This is a wordcount ex ““Hm H_,,J.__.”_“._m.., key
public static void main(String args[ ]) throws Excepti ihe result in this phase will be following - pic”, then
.“. ptlion .”_..w-mmu |
s, 1
qoww.uoum conf = new JobConf{ProcessUnits.class); M I _
conf.setJobName("max_electricityunits"); Wordcount, 1 |
conf.setOutputKeyClass(Text.class); Example, |
conf.setO . | . :

; utputValueClass(IntWritable.class); (iv) Sh _%qm.l The result obtained from the mapping steps are further
conf.setMapperClass(E_EMapper.class); sorfed and arranged in such a way that repeated words are put together as a
conf.setCombinerClass(E_EReduce.class); mn_.wﬁ__wrmmﬁ_ﬁ stall .&m._nn% and value Appesi to be the same, and the repeated word
conf.setReducerClass(E_EReduce.class); " mw many cEmw.m they appear in the ile. For example, if a word “Apple”
conf.setInputFormat(TextInputFromat.class); § A m_o NE.H% B Neig” ome g Sl X RS-
nwnﬁ setOutputFormat(TextOutp :%oaimﬁo_mummh }MWHH 1 .
m.:&uﬁ utFormat.setInputPaths(conf, new Path(args[0]); Apple, |
FileOutputFormat.setOutputPath(conf, new Path(args[1]); Mango, 1
JobClient.runJob(conf); Mango, 1
) s (v) Reduce — In this step, the sorted group of words from the shuffle

_ P1s further sorted |
in such a way that the repeated words appear only one
this phase,

lime and 5
the number of time repeated will be added to the value. In

b
Output — | thee
. Xample from th S . ing —

wam.wﬁu_“ the output generated by the MapReducec prograi. Apple, 3 e shuffle phase after sorting will looks like following

1984 40 | ﬂq_”ﬂmo_ 2

1985 45 epeateq 53 are more words in the file, then in the same W rest of the
41 ; | MCrepeqg ords are sorted and the value are added to the umber of times theY

Q.41. Explain the wordcount program with example. . wa

Ans. Wordcount is a Hello World program of the Hadoop world " _w____ | _omﬁrmc Resuits - Finally, the sorted words from the Reduce phase arc

that | - Uinto the output where users can read the resulls.

Ho * -
| . program, the word is counted from the file in such a way
M r
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Fig. 2.24 Wordcount Program | 0.1. What is Hive ? Write the advantages and disadvantages of Hiye
This graphical representation of the entire process is shown in fig, 2,2 . . . _ . .
As shown in fig. 2.24, the wordcount process can be separated into sh . Ans. Hive was originally M: EWEE mwnwdoow project ﬁ_:.n,: eventually
phases — Input Split, Map Task, and Reduce Task. : enured into a full-blowD Apache project, and It was created to simplify access
o e st et e iR g v s | R L s
can be written in Scala programming language which is similar to Java : all of Hive a0 AR e - PRI, -~
the steps involved in the above description is as follows — : .« well as this metadata contains information about what tables exist, their _
s Em ckaoe com.ims ¥ columns, privileges, and more. Hive is an open source data warehousing solution o
WE o _...m., o E”_.mn_”_m spark. { SparkContext, SparkConf} built on top of Hadoop, and its particular strength 1s in offering ad-hoc querying
ow.mw ot Eommﬁo:u.. mu. of data, in contrast to the compilation requirement of Pig and cascading. | s
Hive is a natural starting point for more full-featured business intelligence ._

def main(args : Array[String]} {
val conf = new SparkConf{ ).setAppName("word count").setMasler

("local[2]")

systems which offer a user friendly interface for non-technical users. |

Apache Hive supports analysis of large datasets stored in Hadoop’s HDFS
as well as easily compatible file systems like Amazon S3 (Simple Storage

val sc = new SparkContext(conf)
muﬁn_ﬁ.mm%ao_unnizrmﬁ_o&u.roﬁn.&ﬁ._u:o“ﬁﬁwnsz_ﬁ_d Service). Amazon S3 is a scalable, high-speed, low-cost web-based service
val input = mo.aﬁm_._wﬁ._mmﬂm&:wzﬁéo&no::rgd ) designed for online backup and archiving of dataas well as application programs.
val mapOutput = input.flatMap (line => line.split(" ")).map(x => (% Hive provides SQL-like language called HiveQL while maintaining full support
mapQOutput.red uceByKey( + ).collect. foreach(printin) ) for map/reduce, and to accelerate queries, it provides ndexes, including bitmap T
mapOutput.reduceByKey(_+_, Hv.mmﬂmh}mﬂnﬁﬂ_ﬂ._&uEﬁczﬁ: ndexes. Apache Hive is a data .&mamro:mm nfrastructure builton top of Hadoop }Mst&
\ J tor Providing data summarization, query, as well as analysis. ) SIS
Advantages — The advantages of Hive are as follows — .
Q.42. Write the advantages of HDFS and MapReduce. 0) Perfoctly fits low W - terface requirement of Hadoop
Ans. Advantages of HDFS — . b | ) Wi 4 ODBC/IDBC
(i) It has very high bandwidth to support map reduce JOU> L e SUEPOLIE external E_“.._mm all
(i) It is less expensive. | W) Having intelligence optimizer 4 up the query times
(i) We can write the data once and read many times. (iv) Hive support of table-level partitioning ©© P %Eﬂ makes the
(V) Metadata store is a big plus in (e architectur .

Advantages of MapReduce -

(i) Itsupports wide range of language, (i) It1s platform ind
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another jobs.

Q.2. Explain installation and running Hive, | Al okt

Execution Engine

Ans. Hadoop must be installed on our system befo
us verify the Hadoop installation using the following ¢

$hadoop version//It will display hadoo
first we have to install hadoop.

re msmﬂm_zzw H;
Ogm_.ﬂn_ " e _b_

P version gwﬂgmmoﬂ othe HDFS or HBASE Data Storage
| MWigg

Download Hive and rename its folder to/ usr/local/hive g 4 SRR ATCERIn i R
urp@localhost$ cd/home/user/Download This component diagram contains different units. Its components are
urp@localhost$ mv apache-hive-0. 14.0-bin/ust/local/hive s . gjscussed below —
#exit _ (i) UserInterface—Hiveisadata warehouse infrastructure software
: . . | at can create interaction between user and HDFS. The user interfaces that
You can set up the Hive environment by appending the following lines, | Hive supports are Hive Web UJ, Hive command line, and Hive HD Insight (In -
~/.bashre file — Windows Server).
export HADOOP_HOME=/usr/local/hadoop (ii) Meta Store — Hive chooses respective database servers to store
export HIVE HOME=/usr/local/hive __ he schema or Metadata of tables, databases, columns in a table, their data 1 EREE
| d HDFS mapping.
export PATH=$PATH:$SHIVE HOME/bin types, an ppmg

(iii) HiveQL Process Engine —HiveQL s similar to SQL for querying

g Wkﬁmumm}ﬂm”ﬁgooﬁulmogéwu on schema info on the Metastore. It is one of the replacements of traditional

After installing Hive execute | approach for MapReduce program. Instead cm.i%um mew&:om program
$ cd SHIVE HOME | N omrgs il e S B SR Ecnw H. :.Or ProCess By
. : : I Ive
$ bin/hive | . (%) Bxecution Engine ~ The Coujimcio _Eu..am engine Processes
Engine and MapReduce is Hive Execution Engine. Execulto g

Wordcount example for hive duce results. It uses the

it - query and generates results as same as MapRe
Hive > select word, count(1) as count from (SELECT explode(sp flavour f MapReduce.

_ ASE
(sentence, ' ') AS word FROM texttable) temp Table group by word ) H _ Hadoop distributed file systerm of HB
" i (v) HDFS or HBASE — Hadoop fle sysiem
. ri e ‘ 5 - e s .
Q.3. Explain architecture of Hive and its component. Also desc M data storage techniques to store data into ft
Seatures of Hive. mﬁu._.om oSt essed data 1nf0 HDFS.
Or analysis 3 It stores schema in a database and proc
Explain the architecture of Hive and how it is useful for %Mh gem)] (i1) Itis designed for OLAP. o piveQLarH aL
[R.GP.V., May 201, ( (ii1) 1t provides SQL type language for queryios -
Ans. The architecture of Hive is shown in fig. 3.1 — (v) It is familar, fast, and extensible.
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Q.4. Explain the working process of Hive,

Ans. The working process of Hive is shown in fig. 3.2

Hive

_-n“wnﬁn-=ﬁu

5
HDpe
11 Node g
Node

Fig. 5.2 Working of Hive

How Hive interacts with Hadoop framework is discussed below -

Step-1 Execute Query — The Hive interface such as Command Line o _
Web Ul send query to Driver (any database driver such as JDBC, ODBC, ¢t;) |

to execute.

Step-2 Get Plan — The driver takes the help of query compiler that parsgs

the query to check the syntax and query plan or the requirement of query

Step-3 Get Metadata — The compiler sends metadata request to Metasior |

(any database).

Step-4 Send Metadata — Metastore sends metadata as a response he
compiler.

Step-5 Send Plan — The compiler checks the _.EER.E.WE and
the plan to the driver. At this point, the parsing and compiling of 2
complete.

Step-6 Execute Plan — The driver sends the execute plan to the €
engine.

Step-7 Execute Job — Internally, the process of €x
MapReduce job. The execution engine sends the job to JobTrac
in Name node and it assigns this job to TaskTracker, which 15 10
Here, the query executes MapReduce job.

Step-7.1 Metadata Ops — Meanwhile, the execution ¢ft
metatada operations with Metastore.

resents

mu.—._n cd

......

......

i Fag
LA Ty
et LT o

HIVE ang PIG g,

_q_.ﬁ-.n_- mﬂnmc_a — The nxnn:m_u: nzm:..n recejy

€3 the results from

m_.m veEl.

a_%.._: Send Results — The driver sends the results to Hive ket
. Cces

0.5. Write @
. Hive supports all the Hadoop file formats, plus
Ans. oporting pluggable SerDe (serializer/deserial

short note on Hive file format.

. Thrift encoding, as
1ZeT) classes tg support
There are several file formats supported by Hive,

(i) TEXTFILE — TEXTFILE is the easiest to use, byt

e cfficient.
(ii) SEQUENCEFILE — SEQUENCEFILE format is more space

the least

spac

~ efficient.

eﬁqw _

(iii) MAPFILE — MAPFILE adds an index to a SEQUENCE-FILE
e faster retrieval of particular records.

Hive defaults to the following record and field delimiters, all of which are
non-printable control characters and all of which can be customized.

Hive's default record and field delimiters are as follows —

Table 3.1

Description l

For text files, each line is a record, so the line feed character
separates records.

Separates all fields (columns). Written using the octal
code\001 when explicitly specified m CREATE TABLE
statements.

Separate the elements in an ARRAY or STRUCT, or the
key-value pairs in a MAP. Written using the octal code
\002 when explicitly specified in CREATE TABLE
statements.

Scparate the key from the correspond e
key-value pairs. Written using the octal n.\.w m:ﬁ:m.,
explicitly specified in CREATE TABLE state

Delimiter
\n

"A(“control”A)

B

ing value 10 MAP|

.......
¥ Il-._.q___. =

il ey

........
........

......

mm P A
L] e Wl e -y -
= e e [y ;

1.-._._.......-...__....":.._._..-:1.
ERET At R a1
by T
N e BN

"L K =y L
4 [ s




(a) TINYINT,

types with only differences N,

(e) According to the JDBC da .
| | . te string format ;.
DD hh:mm:ss. ffffffff. Time ncEvcnmbz.f.:ﬁwwEHm.mm c,._,M

Bw_zmwfmﬁ&a .
. : place raw b .
Interpreted by hive. It is suitable for Eumauamﬂm. ytes which wil|

The primitive data types are shown in table 3.2.

Table 3.2 The Primitive Data Types

time,

not k

. gg_

SNo.| DawZype | Sie | Evamph
TINYINT | 10, —10
SMALLINT 10, -10
INT 10, -10 |

BIGINT 10, —10 |
FLOAT Single precision float 10.8932
DOUBLE Double precision float 10.8932
(vii) | BOOLEAN [ Boolean true or false TRUE
(viii) | STRING Sequence of characters ‘Sample SN |
TIMESTAMP | Integer, float or 129357385 95
string values w@%wwﬂw.mcq_c
_MN”QQHQD. _ Mmhmm.ﬂmﬁh_

BINARY Array of bytes

‘John’, ‘Doe’)
(h) MAP- A collection of x.mwém.ca tuples, wh
array notation (€.2., —..#m& ]). For example,
20¢CS¢ b with key = value pairs. first’ — “John’ ap
ame can be referenced using name{‘last’]
A.ﬁmhmﬁﬂ ‘John’, ‘last’, “‘Doe’)

Cre Eﬂ @ﬂwn_.m are
n.— Jﬂmﬁ- -3 __.Umvm_*
map
(©) ARRAY - Ordered sequences of the same type that are
using sero-based integers. For example, if a column name is of type
£ strings with the value [John’, “Doe’], then the second element cap

ced using name.
array(*John’, “Doe’)

m.n:. ﬂ..m_.u

En—nwﬁ_u—m

ARRAY ©

ne referen
For €.8:5

0.7. What do you mean by HiveQL ?

Ans. HiveQL is the Hive query language. Hadoop is an open source
camework for the distributed processing of large amounts of data across 2
Juster. It relies upon the MapReduce paradigm to reduce naﬁmﬁm Eﬁ.ﬁs
smaller parallel tasks that can be executed concurrently across E&cﬁn am&mmm.
However, writing MapReduce tasks on top of Hadoop for processing data 1s E..
for everyone since it requires learning a new framesvork and a new programming
paradigm altogether. What is needed is an easy-to-use abstraction on top of
Hadoop that allows people not familiar with it to use its capabulities as gasily.

Hive aims to solve this problem by offering an SQL-like interface, called
HiveQL, on top of Hadoop. Hive achieves this task by converting quenes
written in HiveQL into MapReduce tasks that are then run across the Hadeop
cluster to fetch the desired results.

,. | . as in
Hive is best suited for batch processing large mﬂoaam . &_E mﬂwmcmmm
m smsrﬂ..:wmzmu but is not ideally suitable as a routin¢ :m:mmozo:wm uster)
“ause ol its slow response times (it needs to fetch data from acros

: . of web

x.:_> Common task for which Hive is used is the processiis _..H_m.__omwzénm y
It M w_, These logs have a regular structure and hence can be readity

°fmat that Hive can understand and process.

H .
Ve Query language (HiveQL) supports SQL features like{

. YFlables SRy 1
ight ocﬁw mm_ SELECT ..... FROM ..... WHERE n_msmmmmﬁw 3 |

data
b

nd outer joins), Cartesian products,

- -

......

B W
e
...............

........



used. ps. II' we do not

At any time, you can see the database

[ hive-SHOWDATABASES:

_ummwvﬁwm}ﬂm DATABASE IF

I|II|l|I-

H,.LOH EXISTS financials:
s that already exist as follows -

HIVE and piG 85

_ The USE command sets a database g5 your
hanging working directories in a filesystem

ous to N & _— 4 le
tabase — You can drop a database — L

TABASE IF EXISTS financials;,

ase — We can set key-value pairs in the
ih a database using the ALTER DATABASE
bout the database can be changed, including

ociated W1

S ——

s — ¢active SIEPS > "
2te Tables — The CREATE TABLE statement follows SQL

e version ofiers significant exiensions 1o support a wide
ihe data files for tables are stored, the formats used, etc.

= (1) mManaged Tables —
(A) The tables we have created so far are called managed

output is
default
financials

I|.IIIII_II

_ hive>CREATE DATABASE human resources;
- | — \
|I||||III\I‘I.I

hive>SHOW DATABASES;

output 1s
default

financials
human_resources

(iii) DESCRIBE Database -

database.

hive>DESCRIBE DATABASE

output 15
_&Wm“\\nﬁmmm?mm?mm Lse

Shows the directory location f0

Qr?m\imarosm

p——

financials;

o/financials-dP

alled internal tables, because Hive controls the lifecycle
Hive stores the data for these tables in
Edm.ﬁmﬁmﬂoﬁ.imﬁrasmm.Eﬁ

ables OF sometimes C
of their data. As W€ have seen,

abdirectory under the directory defined by
Fm‘.Eﬁ.&?&ﬁﬂmﬁocmmr by default.

(B) When we drop a managed table, Hive deletes the

data in the table. .. .
(C) Managed tables are less convenient for sharing with

T other 10ols.
(2) External Tables —

CREATE EXTERNAL TABLE IF NOT EXISTS stocks (

. | exchange STRING,
symbol STRING,
ymd STRING,
price_open FLOAT,
ﬁn—cml_:._m_T FLOAT,
| price_low FLOAT,
price_close FLOAT,
volume INT,

| H.ﬁaﬂp&.lo_cmm FLOAT

-___t

B
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The EXTERNAL ke

yword tells Hive this table

M%mﬂﬂ.__,.az - Clause is required to tell Hjve where it’g __Mommmﬁw Ang h outp¥! *
!
- . (3) m.m...;mc__:mn_. Managed Tables — Pariz: nm_._wm_.___ D_M_Ethm_ﬁ state=IL conds
organize data in a logical fashion, such as E.mnm_.ormnmmm_:ozma s,a_ﬂ__ Mam taken - 0.14>#¢ ..
the Hmm”ﬂwuﬁw_m Mmﬂﬂ“wwww n_“mow Mn: _ ﬁ_:nzmm_.inr WHERE Clauseg y, ﬂ___ (e) propping Tables — The familiar DROP TABL E Command
state in the United States or EN.WMWM _.,WMLMMM__% ol EE?MHW 1 gQLis m%ﬁonomm‘l:u EXISTS employees;
let's MHW””M M_”wm:MM _Mamﬁmw.ﬁmﬁ to project the value inside the ad 1 e ,Eym. data manipulation in brief.
Y country and then by state _ dregg, § g m.-ﬁE_.a HiveQL .
CREATE TABLE IF NOT EXISTS mydb.employees : g-7 HiveQL Data Manipulation —
name STRING, _ . .o Data into Managed Tables — Create stocks table —
salary FLOAT, (i) Loading
subordinates ARRAY<STRING> CREATE
deductions MAP<STRING, FLOAT> . oxchange STRING,
address STRUCT <street:STRING, city:STRING, S@IC:STRING zip:NTs symbol STRING,
) | ymd STRING, —"
PARTITIONED BY (country STRING, state STRING) _ price_open ELA,
ROW FORMAT DELIMITED price_high FLOAT,
FIELDS TERMINATED BY “00]" price_low FLOAT, i
COLLECTION ITEMS TERMINATED BY 002" | | orice_close FLOAT,
MAPKEYS TERMINATED BY 003" volume INT. .
LINES Hmmg_z}_ﬂmc BY "n’ | price_adj_close FLOAT)
——rnl, i ROW FORMAT DELIMITED
Partitioning tables changes how Hive structures the data storage. If we FIELDS TERMINATED BY "/

create this table in the mydb database, there will still be an employees durectory

LOCATION ‘/data/stocks/";
for the table —

—] Queries on Stock Data Set
LOAD DATA LOCAL INPATH "path/to/employee.txt

L
INTO TABLE employees oad the stocks —
PARTITION (country = US’, state = L) yees LOAD DATA LOCAL INPATH _Eﬂgcﬁgﬂcmnnmif

hdfs://master_server/user/hive/ #.E‘m:o:mm\:%_”_.%\naw_cv behave INTO TABLE stocks APL').
. . C E ="} ’
Once created, the partition keys (country and state, in this a3 PARTITION (exchange = NASDAQ', symbol A
hike regular columns. : e doesn
: This “Ommand wil first create the directory for the parution.

hive>SHOW PARTITIONS employees; dlreaq

£X) .
Y exist, then Copy the data to 1t.

Y e




..... » d.count, a.state
>FROM staged_employees a:

1

Hive supports d . iti
ynamc partition featur. i .
to create based op query partitions. WA R o 55
Q.10. Explain the HiveQL queries data,
Ans. HiveQL Queries —
(i) SELECT..FROM Clauses .

) cen - m .m.—..l.m .
in SQL. The FROM clause 1denti i . octlon Ope

we select records.

Create Employees —

CREATE EXTERNAL TABLE employees (
name STRING,

salary FLOAT,
subordinates ARRAY<STRIN G>,
deductions MAP<STRING, FLOAT>,

address STRUCT<street:STRING city:STRING state:STRING zipINT>

)
ROW FORMAT DELIMITED

FIELDS TERMINATED BY "001'
COLLECTION ITEMS TERMINATED BY "002'
MAPKEYS TERMINATED BY 003"
LINES TERMINATED BY "'
STORED AS TEXTFILE

LOCATION Ydata/employees; _—

Py -

GQQQO M:gmnﬁux ma.:.—.u._.u "Todd ..—H.._..._ﬂm:
_m . 0.05, "nsurance” : 0.3}

i, 80000.0 ['Bil King"] {"Federal Taxes : 0.2, "Sygte 7y
n e O..—.v

.‘r ﬁ..ﬂuﬂn—mwﬂm ..__..mHﬂm: .

m_._._ .

ﬁ.mu »00000.0 ["John Doe", "Fred Finance"] {"Federal Taxes" -
., « . 0.07, "Insurance” : 0.6}

e 150000.0 ["Stacy Accountant”] {"Federal Taxes" : 0.3,
07, "Insurance” : 0.05}

tant 60000.0 [ 1 {"Federal Taxes" : 0.15, "State Taxes"

| Fred Financ
iState Taxes" : 0.
gracy Accoull
003, "losurance” : 0.1}
Gelect Data — 3
bive > SELECT name, salary FROM employees;

output 18
John Doe
100000.0
Mary Smith 80000.0
Todd Jones 70000.0 "
Bill King 60000.0 .
When you select columns that are one of the collection types, m.__,cm uses
ISON (Java-Script Object Notation) syntax for the output. First, let’s select

”_a subordinates, an ARRAY, where a comma-separated list surrounded with
- ._ mm use n—. >

hive>SELECT name, subordinates FROM employees;

Output jg
lohn Doe

"Mary Smith", j,omn Jones"]

Mary Smith ["Bill King"
Todd Jones [
Bil} King [ ]

[’ L
. # s
.r._.-r.-.r..nvﬂ .“..

L
rrrrrrr




{"Federa] Taxes" : 0.2
Mary Smith {"Federal Tax

es”
Mmaa Jones {Federal Taxes": 0,15, 0 .
Finall | M.Aﬁm { Foderal Taxes’ - 0.15, "State Taxeg" - ma%u_“_ :ﬁEM:E.HN___
Inally, the address js g g FYY, ing L
fan fhzinat . a STRUCT, w hich is alsq Written, EHH 0))
. ey
hive > SELECT hame, address FROM employee
S;
output is
John Doe
ﬁ;_mqwﬂﬁ.; . :H Michi an Ave." "ajtu" . nevys
"zip" : 60600} , e Ow.:nmmc:u “State" vy

, : T gm—q .WHHZH—U .“‘._mqnwmﬂz 2 _._HOD O ta y L | R IR T ] |
: "IL", "zip" : 60601} HIano SL, Teity" : "Chicagy!, vy
1 , Todd Jones {"street”

| Ei R . "state" : "[L", "zip" : 60700}

i Bill King {"street" : "300 Obscure U.u. . _,o,__,qg_ . "Obscuri
AR B ) k5 _ =.-0b _._ "state'
I : ALY, “zip"® : 60100} - e e

: "200 Chicago Ave.", "city" : "Oak Park’

__.. Q.11. Write a short note on sub queries.

Ans. The problem with this sampling approach is that it does not take it
account the fact that the electricity usage for a given consumer on a given dzy'
spread over 48 rows of the table. Ifa sample was taken using the above apprd
directly it is highly unlikely that there would be any complete days of usage fora

of the consumers making any further useful analysis all but impossible.

However, by using this method to sample the geography table, _,a__n_“
contains a single row only for each household instead of sampling the am__w
readings table directly it is possible to select a sample of unique _E%%H_ﬂ
based on the anonid variable values. The anonid variable in the geogr aphy®

. . v Ia ___,.,_.___
represents the households and can be used to join the geography file da
the meter readings data.

; _— (ther
In the query below we are selecting from the elec_all tables all ©
associated with the anonids in bucket 3.

ov

ribe the table joins in querying.
5

2. De it ;
o1 J rela tional database system, the ability to join tabjes together

Ans. 1D an) quirement. Joins are used to combine the rows from
together to form a single table. A join betweey tables
ble if they have at least one column in common, The
«n’t need to have the same name in each table, and quite oftep
but they do need to have a common usage. For example, in the
here is the anonid column and in the elec or gas tables

. ’
¢ .____.__QH- ﬂ.._
th wm_.mm_—u% —.m,_u._m t

W . . cases they represent :
wma s the anon_id column in both y represent an anonymised
nousehold. N | | ,_
There are several different types of join possible as shown n table 3.3.
Table 3.3
Join Type What it Does
Inner join Matched rows in both tables are returned. |
Left outer join All row in the left hand table are returned E_E_.m with &a
matches from the right hand table or NULLSs if there 1S
no match. " .
Right outer join | All row in the right hand table are retumed along With
. S
the matches from the left hand table of NULLs if there!
no match
. . ._.lw
ul outer join All rows from both tables are returned, with NUL
where there are no matches.
1oins can be
5&5 ar the inner join is the most commonly used. The _maa_. % "
-y ul H.O.-.. .wx.—.uru-.:ﬂm or ﬁ—mm_ﬂaﬁﬁﬂwﬂm Ewm_m:um Qm.ﬁmw. ..—”.Tﬁ ﬂﬁﬂww._nw:.-
€O

uld create extremely large tables.

_u . "’
‘- O Examples — Using the two small tables >=§&mm_ﬂ_
TIn tah)e 34 and table 3.3,

mal Eats as

aaaaa
bl 171 LI




Table 3 4 ; i
(1d 4 - Table 3 . results 15 s shown In (able 3.9
—~ 2&.5&. S tef Jo! Table 3.9
_ m_ﬁﬁTmnﬂﬂl Hnﬂ.lm k?wh..unm. _n._d_ Q: o —
2 r ?-D.:W@u‘. ...u. ﬁ% "_ \&\«.....»N\\?F:-m Id_E J _ mﬂ_mmrrr..r hi
| 3 Cat | __ 1 Fish _. .\\\.-..\tl " Elephant 1 # Hay
4 | Do g . Meag , Monkey | NULL NULL | ]
8 Goat | 7 | Coldfigh foag 3 Cat | 3 Fish
10 mumm . 8 H.h::n@ | 4 b Dog i 4 Meat R TE )
L w_ Mouse 10 H.ﬂ_oEE.w Z.C—Lr NULL 6 | Goldfish food
Anythj NULL 7 Lettuce
as Inn : ing LL , ,
er Join results is as shown in table 3.6. I ZM | Goat v R
Table 3.6 , 10 Pig 10 Anything
Iz —— { | Mouse |[NULL| NULL
2 A Name Id E Fale .r......m il ol
| w —— . : l. Hay cample jo10 statement —
. € : - -
g A Meat S FROM a.mmm:nﬂln_wn.no ASe

Hw.. Goat _ 8 | Flowers JOIN distinct_gas C as g

a Left Outer Join results is as shown in table 3.7. a_. defined functions in Hive.
Table 3.7 mrm..duﬁn are multiple ways to extend Hive’s functionality including _.
| le! AT Name _ Id E | Eats sriting custom user defined functions (UDF). |
[ [Elephant | T | Hay | () Simple Functions — Concat can be used to add strings ogether
| 2 Monkey | NULL | NULL SELECT anonid,
3 Cat | 3 Fish acorn_category,
- Dog 4 Meat acorn_group,
8 Goat | 8 Flowers | acorn_type,
10 Pig 10 Anything concat m_mmom.:lnmnwmog
11 | Mouse |NULL| NULL >

acorn_group,

mn
> %

a Right Outer Join results is as shown in table 3.8. s
acorn_type
Table 3.8 As acorn code

[ 1d A _ “Name |Id E|  Eats | | FROM geog_all;
1 Elephant | 1 Hay SUbstr can be used to extract a part of a siring
. oo———
| 3 | Cat | 3 Fish SELECT anon i d
4 Dog 4| g d macmwnnamﬁmﬁﬁ :
NULL | NULL 6 | Goldfish foo subsir (advancedatetime, 1, 2) As day, * :
NULL | NULL 7| Letue substr (advancedatetime, 3, 3) AS montl, |
8 Goat 8 F _oEm._‘m | . substr (advancedatetime, 6, 2) As yeab,
10 Pig ] .@ | bnﬁ_ﬁzm ROM elec c;




€xamples of length, instr ang
SELECT m:.u_..umm,

length (acom code)
INSIr (acormn e

reverse
———

S

Code, ') A
Cverse (acom CO )

& 2) AS ;
Omw_r (substr Amocﬂ:fncaﬁ i wv..w“uw.,_wﬂnlm_:__m,
—_— suostr Amnoﬁrnaam_ 1, 2) + 1 zd\»m ac
M geog all: - 1C_type :a.ﬂ.aw,,
: b rms.n

SELECT anon id,

count (eleckwh) As total row count
sum (eleckwh) As total_period_ usage
min (eleckwh) As min _period mmmmm :
avg (eleckwh) As avg vbmqmomlwsmmmﬁuu

max (eleckwh) As max period
FROM elec c - m—

GROUP BY anon id;

In the mgﬂm example, the aggregation were performed over the =
oEEH_..B anon_id. It is possible to aggregate over multiple columns byspecii:
them in both the select and the group by clause. The grouping will take =
based on the order of the columns listed in the group by clause. Whatb>

allowed is specifying a non-aggregated column in the select clause Wi
not mentioned in the group by clause. .

SELECT anon_id,
substr (advancedatetime, 6, 2) AS reading_year
count (eleckwh) AS total row_count,
sum (eleckwh) As total period usage,
min (eleckwh) As min_period_usage,
avg (eleckwh) As avg period_usage,
max (eleckwh) As max_period_usage

FROM elec c |
GROUP BY anon id, substr (advancedatetime, 0, 2);

E
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aliag'

tely:
.. Aund :
ot T m:ﬁ:.\_ﬁ_.._ . /.
: Aﬁﬁ?m:nm&mﬁ:aﬁ 6,2)A .

N read In @.fuﬁ.E.

_Um_ﬂ_- - 3
g m”__._i ( eleckwh) AS total_row_count, |
| C o Am_mn_ﬁﬁrv >m Hﬁ-#ﬂ_iﬁm:ﬂ_alﬂmﬁmﬁ
| st

| M:m: E_mnri:_ AS min_period_usage,

& Aﬁ_mn_.q__,_...z AS avg_period_usage, ,_
”_mx (cleckwh) AS max_period_usage
. elec €
wcw%%x m:o:la, substr (advancedatetime, 6,2) |
GRO id. reading_year;
-p BY anon_1u, —
e Order by clause mom.m. |
w”n gistinct keyword provides a set of unique combination of column g

ithin a table without any kind of aggregation.

FROM geog_all; .
(iii) Date Functions — Inthe elec_cand gas ctables, the advancedate

ime column, although it contains a timestamp type information, it is defined __
5 2 string type. For much of the time this can be quite convenient, however

mere will be times when we really do need to be able to treat the column as a
Timestamp. Perhaps the most obvious example is when you need to sort rows

hased on the advancedatetime column.

al

Hive provides a vanety of date related functions to allow you to convert -
strings into Timestamp and to additionally extract parts of the Timestamp.

unix_timestamp returns the current data and time — as an integer!

'om_unixtime takes an integer and converts in into a recognisable

imestamp string
_-ll.I.I-I.lll.ll

SELECT unix_timestamp () AS n:ﬂﬂymgml.\\l

FROM sample 07
LIMIT

SELECT from_unixtime (unix_timestamp ( )) AS currenttime
FROM sample 07 |

5 = l.llll-l]l\l‘lll‘l 4
ari ant parts
various date part functions which will extract the relevant p

I|l...l.|l_l_i.-..1._ " -



SELECT m:mn:lmn_,ir

from_unixtime (UNIX TIMm
_ AS pProper_date,
Year (from_unjxq; me

5 pettecr mc:ﬁ_ for mm_drcn n_:n_..ﬁm_ but ;
e ,_rmn stores and ﬁm:.ﬁ:_czm ﬁ_u—m. But; n madmsﬁmmn
d vapReduce.

'ddMMw' UN {a : :
yy'))) (UNIX 1 (ant ore thing; Hive and Pig are not yq) Suited |
}W full year. : s O Work wiyy
. month (from univs: Ty, gl date ing also makes it
ddMM ' _Unixtime (UNjy - _peht . with streaming 5 1L casy for re |
yyn) ( IX :_._q_mm.b»?__v e __,._a _,:Hmm_.u__m__‘._%ﬁ they have already debugged on 4 mEm_”n.H_M:aE 10 take
) bﬁ..w. full_mon th, ?,,E_“..,_~ | ; . 3.%9” M._mE set. PIG is best for semi structured data, for EGMMMM.,? 8
; ay (Irom unixt; “a) . 4 ahug * ., does not support partition . ‘lling,
ddMMyy"))) ~hxame (UNIX Tiwm ESTAMp _____.,‘.w_h?nﬁ_:_,u_ _.Hm%mp 3, 0 not have dedicayeq
AS full_day :amﬁ_:_m ._ _._...“” .u_,:: of databas f Apach |
g g | me ; hitecture of Apache Pig and i
'‘ddMM M) _mma[.amu Am.o:..f:Ew:Em (UNIX TI 0 (s, RQEE the arc | g and its Components,
I e zmm._..b?_v (reag. he language used to m:m_ﬁm,amﬁ In Hadoop using Pig is known as
dat __pmnwm t day_of month A A ltis a high-level data N etfonn ‘anguage which provides a rich set
; 41€_add ((from_unixtim : Pk s and operators to periorm
ﬁﬂmmaﬁmf&mﬂmu dagva&vvu muov maleﬁgmmﬂbgw of d31d QMM:EG on the data. Piz Latin Scripts
AS added_days arious OF _ a particular task
FROM To PerO e e P
- elec_days ¢ ommers using Pig, programiers Apache Pig
“DERBY proper_date; MHM o write a Pig Script using the Pig E

"

(4tin language, and execute them using
any of the execution mechanisms (Grunt
shell. UDFs, Embedded). After execution,
hese scripts will go through a series of
- ransformations applied by the Pig
0.14. What is Pig ? _ma____m _...H:F H. wno%:ow.gm desired oﬂwﬁnﬁ
Ans. A . - ; | loternally, Apache Pig converts these
of a hi W_H_LQWMG“M Pigis W_u latform .mE. analyzing _wﬂm.w data sets that consz| scripts into a series of MapReduce jobs,
guage jor expressing data analysis programs, coupledst| and thus, it makes the programmer’s job

E@mmgoﬂﬁ for o.ﬂmEmmum these programs. The salient property offi| €sy. The architecture of Apache Pig is
programs 1s that their structure is amenable to substantial parallelization £| Shown in fig, 3.3

application that creates map-reduce jobs based on a language called PBL= A ghown in the fig. 3.3 th

which is workflow driven. It was originally created at Yahoo! (comp: | varioys components ; _mnr T H v, S
Apache Pig is good for structured data too, but its advantage is the *m_v_____..‘,._r Tamework. Lot yus Ewmﬂ_ mwbﬁan:m P1g
work with BAGs of data (all rows that are grouped on a key), it s SIIP* | omponenys e
implement things like —

(1) Get top N elements for each group

_ (1) Calculate total per each group and than put th
each row 1n the group

(iii) Use Bloom filters for JOIN optimisations
. ~ (iv) Multiquery support (it is when PIG tries 1o 7
' on MapReduce Jobs by doing more stuff in a single job)

Execution Engine

Fig. 3.3 Apache Pig Architecture

| checks :_Mc Farser — nitially the Pig Scripts are handled by the Parser. It
at total 3| checyo ;Hwamx of the script, does type checking, and other miscellaneous
“hich oulput of the parser will be a DAG (directed acyclic graph),

“pres . ; ;
In “ the Pig Latin statements and logical operators. .
the

inimise the U | Node an G the logical operators of the script are _.mwu.mmmamﬁ_ as

d the d
A2 flows are represented as edges.




T =g

(i) Optimize, _

optimizer. whi. . The logije.
_E._m_u_a.uﬁ\m_ which carries oyt the _Omm””.:_ _u_m:.d Qu.}_mv IS . Hive and pig
. a ov:_f_wm:s:m mvnmmnﬁ_ o bﬁmnwn Pig — Apache Pig COmesg With 99 .
18 8y .
» i) ﬁ.ﬁhﬁﬁmﬁ — The ¢ Ch »¢ _#5_,.__; __._._,_, o (ures of c ?:E...Sw
O a series Ompiler : Clig ._ tors — 1t provide
| of MapRedyce Jobs. Compiles Optimg; " W e pich set of Qﬁmwﬂ ’ AN operatorg 10 perf
(1v) Execution Epes Mzeq . | @ . in, SOTb filer, €16 o
___ to Hadoop in a soreg "811e — Finally the pa, s ljons ike f Prog” amming — F1g Latin is similq; 1
| Ha d . Cd order. H....:..m: | Eu_ﬁcn_sn - \ %n__ ot h_amm 0 ; re good at mOr Dr and it 1
| 00p producing the dec: Y> these MapRegy . - J0bs; = (i) = seript if we 8¢ . s
_. g the desired resy]ts Cduce jope . Ea, e a P18 > ities —Th .
| ) ; Sarg o, M| 1o WP . ioation Opportunities —The tasks in Apyep, P
| Grunt Shejy - n_ e o, | 05Y ' ey QptimeE © 113 optimj;
.__ enter Pig Latin int i~ Grunt is Pig’s interq : tf ¢ ﬂ_& - matically, SO the programmers neeq to B __;n
| HDES nieractively and proviges \ :o IVe she|, |, - ) xcutio” —— . onty on
: . . Shell for yge, o ; ey, | 067 g of the B Using the existing operat
| In other words, G Nteray, e . @%ﬁ&%@ - 5 OPETAL0LS, users can deyelq
__ the Grunt comm m._ tunt 1s commangd Interpreter 1 o ctions 1O read, process, and write data, .
. an T W _ e
line and Grunt wij execut © Can typ, Pig .. | peir O fun v Pie provides the facility to create user-def ,
0.16. Wirv ¢ the COMmang | ! ) {DF’s—F1EP £ oy Y €hined functiops
» TPRY we need Apache Pig ? Explain | ser P ogramming languages such as Java and invoke or embed theq in
Ans. Programm . in 01
| o ers who are not s Seripts: : . .
! working with Hadoop, especial ¥ %M:mooa N,_” Java notmally ygeq , i pig (i) Handles all Kinds of Data - M.,._.,_mora Pig analyzes all kinds of
I _ - ’ € periormin R: ell as unstructured. It stores the i
| Apache Pig is a boon for all such programmers — & any MapReqc | gata, both structured as W results in HDFS,

(1) Using Pig Latin 0.18. What are the major differences between Apache Pig and MapReduce ?

programmers can ﬁﬁmnnﬁ_ M

easily without having to type complex codes in Java. ApReduce Ans. The major differences between Apache Pig and MapReduce are as -
() Apache Pig uses E:E..ach approach, thereby redyce follows = :
length of codes. F . . y reducingy| ——- : _
; €s. ror example, an operation that would require to type 3| |5¥0- Apache Pig MapReduce
IS of ncmw Qloﬂ.v n Java can be m.mm:w done by typing as less as just 114 (i) | Apache Pig is a data flow MapReduce is a data processing
in Apache Pig. Ultimately Apache Pig reduces the development time by sl language. paradigm.

| 16 times. (il) _ ltis a high level language.

(i) Pig Latin in SQL-like language and itis easy to leamn Apackh{ | (i) | Performing a join operation in
when we are familiar with SQL. B Apache Pig is pretty simple.

(iv) Apache pig provides many built-in operators [0 suppor a“ i datasets.
operations like joins, filters, ordering, etc. In addition, it also provides E _

. Redic Any _”,_oina programmer with | Exposure to Java is must 0 work
data types such as tuples, bags, and maps that are missing from Map&e abasic knowledge of SQL can | with MapReduce.

MapReduce is low level and rigid.

It is quite difficult in MapReduce to
perform a join operation between

. _ﬂ._On.w O-._U.:._ﬁm . .
? . niently with Apach
0.17. What are the applications and features of Apache Pig iy Pig Y pache
: - ly used Y™ | 1Y)} A . . . -

Ans. Applications of Apache Pig - Apache P1g 18 mnzﬁm__ Mm and M.MMMF@ Pig uses multi-query | MapReduce will require aﬂomﬁmo
scientists for performing tasks involving ad-hoc s . _nzm:_mmﬂzﬂrﬂmg reducing the | times more the number of lings 10
, e . |

prototyping. Apache Pig 1s used as — y eXtent, codes to a great | perform the same task
. . es such as web logs: ") There ;
(i) To process huge data sources latforms. Oq MM.,ME need for compilation. | MapReduce jobs have long
-\ To perform data processing 101 search P'2 Operato ulion, every Apache Pig | compilation process.
<itive data loads. 0aM y

(iii) To process time sen apReduce job,
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O.19. What do you mean by Pig Latin ?

~ Ans. Pig is a high-level platform for cre
with Hadoop. The language for this platf is _ﬁancnm P
abstracts the programming from the Java Map Called p;

which makes MapReduce programming high leye] Qs
RDBMS systems. Pig Latin can be extende using Ub m_:__E. Lo
which the user can write in java, Python, Jayacee: Emﬁ._“_&._:
then call directly from the language. : “eript, EE_P.___”.

_“_ﬂ_.-; .
! _M

__ﬁ.__w.

warm

0.20. What are the advantages of Pj

Ans. In compare to SQL, Pig have following agy
(1) Uses lazy evaluation
(i) Uses extract, transform, load (ETL)
(1) Able to store data at any point durip
(1v) Declares execution plans

| (v) Supports pipeline spltt, thus al lowing
DAGs instead of stricty sequential pipelines.

dllages

£ a pipeline
Workdlows o Proceeg,)
4

0.21. What are the major differences between Pig and SOL datg}
Qiap,

Ans. The major differences between Apache Pig and SQL are as fy
Oy
S.No.

-
SOI

Pig Latin is a procedural language. SQL 1s a declarative _m.mm__ﬂ

In Apache Pig, schema is optional. | Schema is mandatory in S(_
We can store data without designing

a schema (values are stored as $01,
$02, etc.)

The data model in Apache Pig is
nested relational,

Pig

The data model used in SQL
flat relational.

Apache Pig provides limited oppo- | There 1s more ﬁwﬁn:aﬂm i
rtunity for query optimization. | query optimization 1 SQL

0.22. What are the important uses of Pig.

(1) Pigis a powerful tool for querying data ina Im@\
so powerful that Yahoo estimates that between 40% and 6070
workloads are generated from Pig Latin scripts.

(i) Pig is also used at Twitter (processing 1085,
at AOL and MapQuest (for analytics and batch datd _u_‘_caa.
LinkedIn, where Pig is used to discover people you might

Gnually Eo.ﬁmmmmm populatign
.« a huge issue for governme
n law and order. The benefit
be written which redy

g time .o script a large scale data prog
through Map Reduce pr

dm.mm.—.rw S
a@.w:.:ﬂ._um :

to evaluate the performance of 3 ¢q

sronomy simulation analysis tasks.
in as

| .
4 HadooP u mean by ETL big data with Apgche

0 H
Wwhat doy in ETL. adoop ?

e : g f In mapy
problem of distilling business intelligence from nmummnﬂonw_

art of this challenge 1s the process used to extract data from

transform it to fit your analytical needs, and load it intg o
for subsequent analysis, a process known as “Extract
& Load” (ETL). The nature of Em data requires that the
castructure for this process can scale nom‘_ﬂ..mm.om:fm_u_. Apache Hadoop has
w_an_m& . the de facto standard for managing big data.

=l
E ﬂ_u_whuﬁwﬁm
=k

“ Transform

Fig. 3.4 ETL Process

A tradits .
tleange ditional ETL process extracts data from multiple sources, then

.._% 3 v, oa - n

WUree EM Msﬂﬂmu and loads it into a data warehouse for analysis. When the
e

the o > are large, fast, and unstructured,

enee %y .
" gk og Sa_p_ because it is too complex to develop, too expensive 10 OPErA,
Ong to ex
By Most CCute.

data

to amﬁm Integration and only 20 percent goes toward data uzu_wm_ﬂ.
DW platform can cost upwards ot USD mo Z..“r”
abyte — the amount of data Google processes ¥

: o _... .__
ﬁaﬂﬂmaﬁi: ceounts, 80 percent of the development effort 1n 2 Dig
__._a "




hour would cogt

USD 60 Mm. Cl “
Strategy that any CIO cap mw@&amlw
Various Stages ip ETL - ,ﬁ . 2, Normalizing
t g
Table 3.1 Stages in g1 | by employing the massive Scalability o
[ S:No.| ™ Stage .

3?

Transform ation

. '“S OT pringj
eXtracted Informati

ples are app|;
e . On loads ing, the m_m__w__ !
any intormation doeg DOt require gy
whatsoever sye )

. . h-informatigp ;.\ ‘&
Immediate move” of g0 through
The _ow&_.:m stage loads huge volume =:__
loaded in a short period a S

for better performance.

.

Q.24. Explain function of ETL tools in Apache Hadoop.
Ans.

ETL tools move data from one place to another by performingit:
functions —

(i) Extract Data from sources such as ERP or CRM A%h_.%_ﬂ .
During the extract step, you may need to collect a.m& .m.oi mﬁﬂa %EM M_w__
and in multiple file formats, such as flat files with delimiters meﬁ r
files. You may also need to collect data m.o_ﬁ._mmmnw mwmﬂma_mg_m%__ v
arcane formats no one else uses anymore. This w_..w::% @M@_ il
onc of the main obstacles in getting an' ETL solution of the gr

of that Fis ™ | D-E
(ii) Transform that Data into a common J ﬁmﬂwh ik
Data in the Warehouse — The .H.E,.smwowE step BM.W - in, _u.:_"_ .
manipulations, such as moving, splitting, :.mum_m:ﬂwwm Bl i firs i
and more. For example, a customer name _,._J__”__ma konky e ?m._;m
names, or dates might be a:mﬂ.mmmﬁ to %Mom_.ﬁmow&m > lidating he dals
m 24-13 to 2013-07-24). Often this step
data quality rules.

DBC
Fig. 3.5 O_blluading ETL with Hadoop

'II

Staging Area
ODBC

ha-—ﬂvu“hw.\.-.“
(iii) Load the Data into the Data g__ﬂaaoaﬁ o :
tep can be done in batch processes. or row by row, m
step Ci
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Using Hadoop allows to avoid the transformatjon boty] :
ETLT by off-loading the ingestion, transformatio “Neck M fex Types — Pig has several Complex da, o
tructured data into d e as § O ang T, o Con'y these types can contaj tYPes such g
unsoractuare ata into data warchouse as v_..GEﬁ n mm 3 5 EFWE ; __..,__:_ ﬂ:w d _umm?}: .u._._. &S P Ontain data ommﬂw_ﬁ . a3
enables to embrace more data types than ever before, it n_iwm wﬁsﬁm _.___5 d pless 2" es. So it 18 possible to have a map where . Mhm_ '"luding
in ways that would otherwise be infeasible or prohibitive Be ,o.r,.. daty War E_ﬁ.. _%mm_%a_u_ﬁx Q_”.am q tuple where one of the fields is 4 map e eldisa
performance, the ETLT jobs can be accelerated si 1fic; “ause gf Its mrsm o’ ich conta? in Pig is ach
. X shilicantly, pm.,. $¢al.s wh — A map In lg 15 & Chararray to daty g
data stored in Hadoop can persist over a much longer duratiy Emﬁﬁ bee pog: (a) Map v Pl 8, Akl = onend clement Mapping,
more granular, detailed data through EDW for Em:,mn_m:@ m_” ’ J_n Cap _u_._”_m__f " m_n_nan:# can UM.M Mm an in amx b Tl ths a_awsmxﬁg nm. The Chararray ..
. : ; . Nalye; ¥id, 1 US cnt,
Using Hadoop in this way, the organization gains an aqi ysig, k| hef Hn | a key and 18 Ieierred to as the
store and access data that they “might” need, data that mgq Itiong) abijy, | ® ca A T
into the data warehouse. For example, data scientists mi Eﬁ Dever py, _omw*__,“__ qalue: (b) Tuple — }. »_“_Em Is a fixed- ength, ordered colleciion of Pig
large amounts of source data from social media, wek I vant g ﬁnw qts. Tuples are divided into fields, with each field containing ope
stores (from curators, such as data.gov) stored on Hadog mﬂu ot 55_,__5“, data a_mana These elements ¢an be of any type — 9@ do not all need (o be
P 1o nhang, e, | dat2 munaﬁﬂﬁm A tuple is analogous to a row in SQL, with the fields ammammoﬁ.

analytic models that drive research and discove
. . ry. They ¢ _
. cost m._._..moﬁfm_% in Hadoop, and retrieve it as needed M.WM_M umwﬁ E_ZE the SAME
~ analytic tools native to the platform), without affecting the m_uimwﬂ_.”q e - (Field [ field ....])
E.:anm. mwewﬂ.ﬂ i ? . .
(c) Bag — A bagis an unordered collection of tuples. Becayse it

; :_ﬁ ﬂ,.;__:.. ¥ -
i e Regardless of whether using the ETL, ELT or ETLT approach
5 warehousing, the operati . -1 0 g .
g, perational cost of overall B/DW solution cap pe E__M » order, it is not possible to reference tuples m a bag by position. Like
3 - . .
bas 1 but is not required to, have a schema associated with it. In

by off-loading common transformation pipelines to A ‘

_ MapReduce on HDFS to provide a an_m_u_m. @:ﬁwﬂo&ﬁ”ﬂﬂﬂﬂ?ﬁ wples, a bag can,
B ._ processing large amounts of heterogeneous data. ke (he case of a bag,
DATA TYPES IN PIG, RUNNING PIG, EXECUTION MODEL g; (d) Nulls — Pig includes the concept of a data element being
PIG, OPERATORS, FUNCT IONS, Ub._.b.—*tmwam_:m | ull. Data of any type can be null. It is important to understand that in Pig the
s EE concept of null is the same as in SQL, whic is completely different from the

concept of null in C, Java, Python, etc. In Pig a null data element mcans the

Q.26. Describe user defined data types in Pig.
value is unknown.
(e) Casts — Indicates convert one type of content to any other

the schema describes all tuples within the bag.

- il e
o LA ’

Ans. P1g’s data types can be divided into two categories —

; (i) Scalar types | -
| . (i) Complex types.
_ (i) Scalar Types — It contains a single vahe. Pig’s scalar types ¢
simple data types that appear in most programming languages. These include-

P (a) int — An integer store a four-byte signed 1nteger
1 (b) long — A long integer store an eight-byte signed int&” ;
| ‘ | (c) float — A floating-point number uses four bytes 10 87 _ lono

The data types scalar and complex table are as follows -
Table 3.11 Data Types in Pig

Description

Signed 32-bit integer
Signed 64-bit integer

10
Data; 10Lor 101

T,
m their value. i .
(d) double— A double-precision :omnnm%omugsawﬁa lloat , Display : 10L 1056
bytes to store their value. nx_%mmau 32-bit floating point | Data: S.MM M_.m mw&oﬁ 262t
(e) chararray — A string or character array ar¢: OF B R2
string literals with single quotes. doupy, Display : 10.5F or _.cu..w.eu_a .mm,_,
ﬁ: bytearray — A blob or array of bytes. 64-bit ﬂOﬁﬂbm _uO._.H:. Data: 10.5 or 10.5e2 OF 1Y%= *
Display : 10.5 or 1050.0




nrmw_.mqmuw O_._m:.mnﬂ HIve and p)
: Cr ;PM:.E% | h — Grunt 1S a command ; v 107
(string) in Unicode | ello world o Grint Shell _w e and Grunt ,.__w | T Wy “an type p; i
: UTF-8 forma ﬁQQE_: no_ﬂ_ﬁu:a in Ul execute the COmmang ig
WWMM“W% Byte array (blo b) in O %Mr:_n <. |
bool W pcal ¥
B OAvH—- : cdan ﬂd@%ﬁmﬁmﬁ Anmmm _..L._“_nh — nm——Tﬁ_wnm ﬁ_mhuﬁ FOOH—
plex Types — 5555,3 up® ea._ ce Mode —
tuple . Re :
bag Mn ordered set of fields| (19, 2) - ocalhostd P18 -
map >c 8:%.25: oftuples | {(19 2), (18, 1 i
s€t of key value pairs i~ > 1)) |
?ﬁozﬁmvmnr& - ol @E%E%% _:m.x Em_u_.mn_ﬂom
Q.27. Explain in detail installation qng ; 5.._  her mode the Grunt LI _:ér..aa. and we can enter coramands
Ans. Pig Tustallation —— Funning of Pig. For €1 " The results are displayed to terminal screen (if DUMP i used)
& Hisdoco oo ; USCrs need the WO__QE_.H_M ¥ gt the wmn..m _.. STORE is used). :
op LU.2U. to @ e .
. o le for Pig—
(1) Java l.6 ordcount EXarmp .
e = € 100t of Javy ; : = ‘Y/piginput/pigexample.ix PigStorage
mmﬁ.. JAVA_HOME to th Va 1nsta| | . i>a=LOAD /p18inp / le.txtUSING Pig ge as
(m) Ant 1.7 (optional, for builds) Hon) mEMEmﬂmE_.
. xR . | (word:C _
(1v) ”:u:.: a..m Awﬁﬂ_onmr tor unit tests). grunt>dump a;

, download a recent stabc release from ope of E?&aﬂ%u_uowm}aum a GENERATE FLATTEN (TOKENIZE(word));
£

. grunt>dump word,
g distribution. The Pig script is located in grunts>grouped=GROUP words by $0;

orunt>dump grouped,

Add/pig-n.n.n/bin to your path, Us
VS e T NS L, grunt>word_counts=FOREACH grouped GENERATE group,

h .
(tcsh, csh). For example — sh, ksh) or seten

urp@localhost$ export PATH=/usr/lo cal/pig-0.14.0/bin:SPATH COUNT(words); |
Try the followi , o | ~ grunt>store word_counts into '/pigoutput/word_countl' USING
Iy wing command, to get a list of Pig commands PigStorage;
urp@localhost$ pig-help o
Try the following command, to start the Grunt shell _ 0.28. Explain data processing operators in Pig Latin with example.
. u Ans, Pig Latin h . [t supports operators for the
urp@localhost$pig o blowing operations ..mm a very rich syntax. pp
(i) Run Modes — Pig has two run or execution modes i.e. locd ® Load: .
mode and map reduce mode. n_ i) oading and storing of data
. ; . and | - ) § i
(a) Local Mode — In this mode, pig run in a single JUM treaming data

e
l-

. ) ) . m:E:
makes use of local file system. This mode is suitable only for analysis of

data set using Pig. - (V) Grouping and joining data
(b) Map Reduce Mode — In this mode, quer _mm_ ﬂ%h clusler v) Sorting data
Latin are translated into MapReduce jobs and are run on 2 Ha Jing Pig (vi)
MapReduce mode with fully distributed cluster 1s useful of run
large dataset.

l\hﬁ IJ. .
I B .-_F P

(i) Filtering data

Combining and splitting data.




HIVE apng PIG 10g

3S OF SAves re
Orts a wide variety of types, exp ata — Stores 0 Sults 1o the £, System -
; - g 3 resgy . -
diagnostic operators, macros, and file system Commangs *ong, _JEE_ jas INTO ‘directory’ [USING Function;
L - l E—._ |
(i) DUMP - Dump directs the output of yoyr Script \
Syntax — dump Oout.txt; > Your g
‘)

B (11} LOAD - L oads data from the fije system.
Syntax — LOAD ‘data’ lUSING function

1 [AS SChema).
‘data’ is the name of the fi

le or directory, in sin

gle
are mesd_.mm. lf the USING clause is omitted, the n_mw“.“_ﬂnnﬂ cszm_ A§
PigStorage is used. Schema — A schema using the AQ keywo n_aﬁ_ H,.sg;._
parentheses. " encloge i
| Usage — Use the LOAD operator to load data from the file gyg
._ &m,
For mwmwﬂﬁ_mm — Suppose we have a data file called myfile The fig (4, 3, 3)
are tab-delimited. The records are newline-separated. “* . (7,2, 5)
123 N
21 ﬁm__. h.u wv — g -
: e 1Ty,
Lul | %ﬂzﬂ 'myoutput' USING PigStorage (*"):;
4
8 CAT myoutput; —— el
In this example the default load function, PigStorage, loads data from %

: - . . i .H e
mylile.txt to form relation A. The two LOAD statements are equivalent Ngg | CtP

that, because no schema is specified, the fields are not named and all fils | 1%2%3
default to type byte array.

4%2%]
: ne §*3*4
A = LOAD 'myfile.txt' USING PigStorage(t');
. 4¥3%3
DUMPA,; Jegss
Output — §*4%3
iy 2J (iv) Streaming Data — Sends data to an external script or program.
(4, 2, 1)
(8, 3, 4) ” ") Grouping and Joining Data -
s s i H:.—.m._m_.._n_wu W | . .
Sample Code — The mxm_\ﬁv_Wm i _mew_m on these Fig €0 (2) Group — Groups the data in one or more relations
. the /etc/passwa hilc. . e i e more
extract all user IDs from the t. . - " — (lnner) — Perforams an faner jin of tW0 0°
A = load 'passwd' using PigStorage(:); 1S base ON common field values
= A generate $0 as 1d; . iations
e bage g on ¢ (€) JOIN (Outer) — Performs an outer join of WO pe
dump B; >MMon fields valyes.
store B into 'id.txt’;
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Example — Suppose we have relations
A=LOAD
DUMPA;
(1, 2, 3)

4,2, 1)
(8, 3.9)
(4, 3, 3)
(7, 2, 5)
Am 4. 3)

.Qﬁﬂm”— }m ﬁﬂ.m

DUMP B; 10, b2 : ipy).

2, 4)
(8, 9)
(1, 3)

Muuofbmm\mrw BY bl:
DUMP X;

(1, 2,3, 1, 3)

4, 2, 1, 4, 6)
(4, 3, 3, 4, 6)
4,2, 1,4,9)
(4, 3, 3,4, 9)
(8, 3, 4, 8, 9)
(8, 4, 3, 8, 9)

3

0.29. What are the advantages and disadvantages of pPig?

_ |\\\I\\u\.\\

Ans. The advantages and disadvantages of Pig are as follows —

Advantages —

(i) It decreases the Duplication of data.

(i1) It reduces the number of lines of code and §

ave the d¢

tm_o_ua

HIVE ang pre

111
ser Jefined functions can be easijy Programmey
or

read
_u_._u_.am a._mm.am& data models.

mmer Who Kmcrees S5k, language cap “asily able {
, 0

(t doe <n’t provide JDBC and ODBC connectivity,
4
is nO dedicated metadata data base,

o doesn’t offer web interface.

the functions used in Pig.

ctions used 10 Hu_m are as follows —

ano iy Filler - A special type of eval function that returns a logical
ii .

Boolean result. | . .
(ifi) Load — A function that specifies how to load data into a relation
fom external S1OTAgE.

(iv) Store — A function which specifies how to save contents of a
elation to external storage.

0.31. What types of commands are used in Pig program ?
Ans. The commands used in Pig program are as follows —

Table 3.12 Pig Commands
E bmmmz.h:.a:
__ Load Read data from the file sysiem
dlore Write data to the file system
_ Durup Write output to stdout
MMM . Apply expression to each record and generate one of
| ﬁ__aﬁaa more records s
Apply predicate to each record and remove rec
Gro where false e
nawqcﬂu Collect records with the same key from 00¢ orm

_—

F e
. N
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Order
Ummmh—ﬁﬁ

Union

Limit

Join tw
@ Or more in
mu__.__”m —uﬁmﬂﬁ— o
Na _.nﬂu‘~

ased on g key
Remove duplicate records

Z@H_W@ two ﬁ_ﬁ__.mm.wﬁm.

CTION TO NoSQL, NoSQL BUSINESS DRIVERS,

" DATA ARCHITECTURAL PATTERNS, VARIATIONS OF

RCHITECTURAL PATTERNS, USING NoSQL 10
| | mnoSQLEE MANAGE BIG DATA

0.1. What is NoSQL ? Explain.
Ans. NoSQL, which means “Not only SQL” is a generic term of database

mapagement systems (DBMS), which provide a mechanism for storing and
retricving data different from that of relational DBMS, and hence, traditional

SQL queries over the data cannot be applied to them. },qm.mmn feature of most
NoSQL datastores is the “shared nothing” horizontal scaling, which allows
them to execute a huge number of read/write operations per second. Noo-
relational databases are generally known for their schema-less data models,
improved performance and scalability.

Conventional relational database system uses two-dimensional table for
data creation, with properties like transactions, complex SQL aﬁnzm.m, and
multi-table related query. However, multi-table queries are not effective for
huge data queries. Scalability in relational databases requires powerful servers
that are both expensive and difficult to bandle. |

. NoSQL provides the flexibility to store entire data in terms of _.._onzﬂmum

'IStead of conventional method of table-row-column. NoSQL is extensively

“mﬁ,:_ when we need to access and analyze huge amounts of unstructured

QM.M,_ or data that is stored remotely on multiple virtual servers. There ar four
Terent NoSQL databases —

Telrieya| %u Mn ey-value Stores — 1t is a system thal store oue

“an eagi| w?&ﬁ. These systems can hold structured or E,_w -

5.5_:_ W ¢ distributed to a cluster or a collection of nodes
0DRB and Project Voldemort.

Whole (@) Column-oriented Databases — It is a system that 8
Colump instead of a row, which minimizes disk access €0

g values indexed for
red data and

in Amazon’s

tores data m
:.__uEda lod
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heavily structured table of columns and row

_ : S With uniform .
cach record as in HBase and Cassandra. -

E.mmnmmn. m_m EQ.@Qntﬁmﬁ.unmm&hﬁﬁa| These databageg
s €m as document collections, instead of structured EEEQ 'C day a
1elds for each record. With this database, users c: ﬁ >

f1
lelds of any length to a document as implemented in Couch pp
(tv) Graph Databases — These databases yge node
8

roperti . _ .
Properties to represent and store data m the form of graphs, [y ._, eCges ang

H.mﬁ_.nmmiamﬂmmmmmﬁmﬁr-_mrnﬁz_ng. .
Pt e e, which can be easily

0.2. Write down the features of NoSQL.

) S. Becaus
na olv. ¥ .
ture and involvement of smaller subset analysis of Zomom_.,mmnrn_f oss
ySlem, th;

a .
atabase can be better described as structured data stores Three

basic features of NoSQL da im
e . labases are scale-out, flexj ; Portant
replication, which are explained below — Rl Structure apg

(i) hﬁﬁxﬁ-an« — This refers to achieve hig

distr: . .
1Istributed environment by using many general-purpose machines NoSQL

da istributi
.Ewmmm..m mto% the distribution of the data over a large number of machines

H_Mr.w a*mﬁwnﬁu processing load. Many NoSQL databases allow automatic
w_mh.. ::n_n of data 6 new machines when they are added to the cluster
Cale-out 1s evaluated in terms of scalability and elasticity, |

. (1i) Flexibility — Flexibility in terms of data structure says that there
Is no need to define a schema for databases. NoSQL databases do not require
a predefined schema. This allows the users to store data of various structures
In the same database table. However, support for high-level query languages

such as SQL is not supported by most of the NoSQL databases.

(it}) Data Replication — One of the features of NoSQL databases is
data replication. In this process a copy of the data is distributed to different
systems in order to achieve redundancy and load distribution. However there
1s a chance of losing data consistency among the replicas. But it 1s believed
that sometimes this consistency may be achieved eventually. Consistency and

availability are the factors for evaluating replication.

Q.3. Write short note on oracle big data.

Ans. Oracle is the first vendor to offer a complete and integrated solutio’ __M
address the full spectrum of enterprise big data requirements. Oracle’s bIg _ﬂwn
strategy is centered on the idea that you can extend your current nawﬁa_
information architecture to incorporate big data. New big data technoio®

}

oy
llllll
-

Cloudera
CDIl

Oracle Big Data
Connectors

Analytics

In-Database

B
1
=
=]
2
-
A
——
i

Oracle Data

Integrator

[ ey S———_

-
‘l--*-
-I‘.,-

‘.---lll-."-lll - I.l.ll‘
-

Organize

'-__.--.di-

Fig. 4.1 (a) Oracle’s Big Data Solutions

oracle Big Data Appliance — Oracle big data appliance is an engineered
e that combines optimized hardware with a comprehensive big gag
mw aware stack 10 deliver a complete, easy-to-deploy solution for acquiring

ond organizing big data.

Oracle big data appliance comes
1 2 full rack configuration with 18
sun servers for a total storage capacity
of 648 TB. Every server in the rack
has 2 CPUs, each with 8 cores for a
total of 288 cores per full rack. Each
server has 64 GB memory for a total
of 1152 GB of memory per full rack.

Oracle big data appliance includes
3 SBcEmH_S of open source software
and specialized software developed by

oracle to address enterprise big data
'equirements.

Oracle
NoSQL,

Bip Dat;
Database i

Cloudera Connectors

Manager

Oracle Big Data Appliance
Flug-in for Enterprisc Manager

Oracle R
Distribution

Oracle Enterprise
Linux & Jaya VM

Oracle Big Data Appliance

Fig. 4.1 (b) High-level Overview of
Software on Big Data Appliance

(1) Full distribution of Cloudera’s Distribution including Apache

) Oracle Big Data Appliance Plug-in for Enterprise Manager.

() Clouderg Manager to administer all aspects of Cloudera CDH.
(iv) Oracle distribution of the statistical package R.

v

(v) Oracle NoSQL Database Community Edition.

v Oracle mn_.a_.wamm Linux operating system and Oracle Java VM
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o S 1 to parallel processing wh HosaL 147
Q.4. What is the role of NoSQL business drivers ? %:c:m {rom mﬂm sent to separate Eonmmwo_.mmﬂ Mw ﬁw Problems are split
Ans. Most of the organizations supporting single CPU relatjo; . | ama“%maﬁ paths & 'ide and copgyer My
have come to a cross roads. The need of these ﬂﬂmmﬂmNmZGSm are n_._m.w.ﬂa_dm EE_? . &.mmq — Companies that want to
mzm__.__ esses have found value in rapidly capturing and analyzin g large mmswm_.@ wor (ifi) yarid _-; when attempting to use rigid dat nMwES and report g
of variable data, and making immediate changes in their busineggag _u._s%aw ion dald strugs!® e xmmple, T8 bosinens .+ 0a5e schema stryctyge
the information they receive, el on manﬁwma by wUmme_.ioﬂﬂmn ncms_:_,nﬁ all o:mSBmw ”.._Em:ﬁ 0 Capture a ey
The business drivers names are velocity, volume, variability ap,  _— maﬂa felds ﬁo_.*wmwﬂzmﬁmo: even though it doesn’ mvvﬂﬂﬂmﬁa the database
these play a important role in the emergence of NoSQL solutions. As nmw___e__ n__@aa store this 10 T the system 10 b .Ea Mm J_.,Haﬁ_ columns
these drivers applies pressure to the single-processor relationa] an”: of M . rRDBMS €4 Shainig datube T Targe, il Seoctonnant ER TABLE
G foundation becomes less stable and in time no longer meets the organ .GE._ _mm 4 Eamn% to _um.Enm.Em e ar— mpact system
o5 needs. In short, volume and - M{u.m_z:? costing 1t A WP o
i velocity refer to the ability to A R e T VEkI el
e & 48 _. handle large data-sets that armve _N.cm?_mm is the process Qwﬂcﬁ—nwmﬁwm Wc_u o m,mm oM:Mm Mﬁﬂaﬁ of the database.
R m.M o4 quickly. Variability refers to how I your data has nested an _._mﬁ o mM %rm S %__ﬂﬁmm, you :mﬂ.a
M i Sverss dits: types: o™t B ol e% Single Processor | (ojncludcan object-relational mapping Mﬁwmw ,Mmmﬁ::m,, ity of this layer is
52 751 S structured tables, and agility s s o generale the correct combination o | , UPDATE, DELETE, and
i ; | Gl e g uacmow_% T wmrmoq SQL ﬂﬂmﬁm:ﬁm to m:o_._o w_u._mﬁ n_mﬁ to Eﬁ from .@a RDBMS
W orpanization responds to business persistence layer. This process 18 ua.a simple and 1s .wmmco_m:.& .ﬁ:s Em.., E_“.mmm,
g barcier to rapid change when developing new or modifying existing applications.

changes. The NoSQL business
drivers are shown 1n fig. 4.2. Fig. 4.2 NoSQL Business Drivers 0.5. Write short note on NoSOQOL data architectural patterns.

(i) Velocity — Though big data problems are a consideration for many | Ans. There are four basic types of NoSQL data architectural patterns in
organizations moving away from RDBMSs, the ability of a single processor the broad sense, key-value, document oriented, Graph oriented and column

system to rapidly read and write data is also key. Many single-processor oriented. A large number of cloud databases have been developed under each
This implies the need 1o understand the differences among such

Gz | RDBMSs are unable to keep up with the demands of real-time inserts and | category.
S online queries to the database made by public-facing websites. RDBMSs | data stores, and which is more suitable to any given data. Key-value model
allows representing the data in a simple format. Document oriented model

data is stored 1n
in columns

vl ¢ frequently index many columns of every new row, a process which decreases
ey A b 2 | ) .
sl system performance. When single-processor RDBMSs are used as a back allows representing data via structured text. In graph oriented

end to a web store front, the random bursts in web traffic slow down response the form of graph. Column oriented model allows representing data

| for everyone, and tuning these systems can be costly when both high read and and data is stored in tables.
write throughput is desired. Q.6. Explain the key-value data stores with example.

(i) Volume — Without a doubt, the important faclor P ughitg Ans. In order to handle highly concurrent access to database, the category
organizations to found alternatives to their current RDBMSs is a need to M_hmw OINoSQL designed is w@é&:mm mw_oqnw. it is the simplest, still the mos! powerlu
big data using clusters of 8530&@ processors. Until around ; H_w data stope. In a key-value store each data consists of 2 pair of a unique key and
performance concerns were resovled by purchasing faster pf DORAO | Value, I order to save data a key gets generated by the application and value

. vy > . . : rmﬁ o
time, the ability to increas rer an option. ASC BL1S assogi . * . tted to the data
ty to increase processing speed was no longer an 0Op OCiated with the key. And this key-value pau gets submitted .~ gats Of

density increased, heat could no longer dissipate fast enough without il tore. The d

: : | gns :
overheating. This phenomenon, known as the power wall, forced sy*! Wributes 5y agement system

altached to it and is opaque to the database man

. . . : - . . Cmmum _—.— 3 BT\
designers to shift their focus from increasing speed on a singl¢ chip E_..._ q 8 _.Hason key is the only means to access the data values The type of binding
] c ) - . . -
more processors working together. The need to scale out (also - oved mof. the key to value d mming language used in the
rs), M _uu__nm:om kpensy gn e KU ﬂmw data stores ip order 10

G L

horizontal scaling), rather than scale up (faster processo _ -An application needs to provide a key

-

B e e L.
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retrieve data. Many key-value data stores use a hash function. T}, A

hashes the key and find out the location of the data in the aﬁm_ummo_u.ﬂ__nm:a__
value data stores are row focused. Which means it enables the uuw.ﬁ. _.a... ke,
retrieve data for complete entities. 'Catioy, 0)

Retrieval of data from a key-value database 1s shown ip i
application has specified a key ‘Emp20° to the data store in grde
data. Using the hash function the application hashes the key in q
the location of data in the data store. The design of the key shoy]
most frequent queries fired on the data store. Efficiency of the j
design of the key and size of the values being stored are the lactorg w.: ,
affect the performance of a key-value data store. The operations pe &.H..:_n:
on such data stores are mostly limited to read and write operationg wmn_ws -
of the simplicity of the key-value data store, it provides users with fa 2
means of storing and fetching data. All other categories of NoSQL ape
upon the simplicity, scalability and performance of key-value data store

8. 43,
rto Hm_ia«_a
rder g Irag,

d SUpport
th
ash ?:n:aun

The

Stesf
built
S,

Retrieve Data
for Key

Application
(Data Access Logic)

IR i
T REEETT
AR

ERIpI3 ] sssereedosar |

 Key | Value @ | ‘

Fig. 4.3 A Key-value Data Store

Examples of key-value data stores are Berkeley DB, Redis, Memeach®
Riak and DynamoDB.

Q.7. What are the characteristic features of key-value data St07€ ¢
a5 follows ™~

datd

Ans. The characleristic features of key-value data stores are

(i) Key-value data stores provides a single means of accessing
by primary key.

dels built on top of th;
_.._n_.m_ > _O:._n_. datla mo P 1S mode] 1o provide More

ent databases give the richest que

. ry functionalipy wh:
2 wide variety of operational ality, which

and real-time analytics

m%: .. Gmn_un smoa H.E.. m_uﬁ:owmo:m Em:n@;.ﬁm__,mm,, ngmﬁam amﬁ
(V) ile. gaming, online ads.

lest model where each object is retrieved wiih a unique

. im
(vi) Thes’ k nherent model.

vith values baving 1o !
M ¢ Give some popular use cases for key-value based data stores,

e (ypical usage for key-value based data stores are as foljows —
IS. ; .
’ i) Distribu ting Information — They can be used to implement

KEYs

bisub. : :
pu (i) Queueing — Some key-value data stores like Redis supports

jists, queues and set mH.. g
(iii) Keeping Live Information — Applications which need to keep a

«ate can use key-value data stores easily.
(iv) Caching — Quickly storing data for sometimes frequent future

use,

0.9. Explain the document oriented data stores with example.

Ans. Document oriented data stores are used to store and organize data mu
the form of document. At an abstract level document oriented database 1s
similar to key-value data store, It also holds value, which an application can
fead or fetch by using a key. Several document databases automatically gencrate
Mﬁ ‘nique key while creating a new document. A document in a document
H_M_Mw_umﬁ Is an entity, which is a collection of named fields. The feature ,._.&_n.w
ﬁa_mﬂ_mrwm E.m document oriented database from a key-value data M%H ___M
ot Mﬁ__“n_c% of m.rm data held by the database. Hence the query pOSS1OLIE) . ,

Cted with the key only. In order to support scenarios where the
fequires querying the database not only based on 1S key but also
€ values, can switch for document databases. A document :mﬁ.__m
describing in document oriented database. Information is stored In
© and wel] understood format such as XML, BSON or JSON.

: f key-
g- 4.4 the document database stores data In form ol X¢)
the data stored in the database is transparent {o

Value databageg The application can query the database no
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ve process like recursive join ag in relational data,
ase

120 Big Data usi caversal method. While querying through grapt 4
with the key 1.e. “Employee ID’ but also with the defined fields ip 1, d _%_ﬁ_ﬁw_ma_uumnm ,cwM s mﬁmnmmna by ._“rn m_._.ﬁ:nm:o:. Traversal startc __,Hm:wﬂww
I.e. firstname (FN), lastname (LN}, age etc. Document data storeg g, OCUme,, m:_n: aode has resses Vvia relationships to _S”anm connected tg the g
approach to model data based : s Ticion, 990 4o and PPOE " ile defined by the application logic. Th -r
on common o Documeyg . n0d upon some hich are relevant to the applicatia o s

. software (Employce 1D) m_ﬁ_% _umm_wa < only nodes W _.o © dpplication not the entire
problems. m..:. it comes at the no %“ua m:aa_ﬁm 2 huge increase 1n :ﬁmﬂ_m_mﬂ ownoan.m does not affect the traversal
cost of slightly .?.”.E;.wn e _“_._.M_ qel. Emznm__um_ networking, data E_Esmw Emﬂmm_:m networks, and calculating
vﬂ.@imznm and scalability in I g auch. SoC o the fields where gr aph database has been used exiensively.
nWE_...m:Mcm to rmu‘..,._.,.mEn_..A_ME | H%m are ?”m craph, Allegro-gr aph are popular examples of graph databases.
stores. Few examples of the m 4] Apac

Neo=

Emp 20 )
First Name : Ra]
Last Name : Verma

[ wwaws _
most prominent document |t |
stores are Riak, MongoDB, Mz : Veena
. . N : Sharma
CouchDB, Marklogic, exist Ant - 25

db, Berkeley DBXML, Counch
base etc. ig. 4.4 A Document Data Stor,

Q.10. Write down some popular use case for document oriented data stgres

Ans. Some popular use cases for document oriented based data stoges
are as follows —

(i) JavaScript Friendly — One of the most critical functionalities of
document based data stores are the way they interface with applications usine
Javascript friendly Javascript object notation (JSON).

(if) Nested Information — Document based data stores allow you
to work with deeply nested complex data structures, | Fig. 4.5 A Graph Oriented Database

Q.11. Explain %...hﬁw oriented data stores with example. | oriented data store ?
Ans. Graph databases are considered to be the specialists of highly linked

Knows

Duration
1 Years

Knows
Duration
2 Years

Emp 23
First Name : Rita
Last Name : Singh

Emp 21
First Name : Jay
Last Name : Sharma

Duration 2 Years

0.12. What are the characteristic features of graph
s of graph oriented data stores are as

data. Therefore it handles data involving a huge number of relationships. There Ans. The characteristic feature

are basically three core abstractions of graph database. These are nodes, edges follows —

which connect two different nodes, and properties. Each node holds information | (i) It implements very fast graph traversal operations.

about an entity. The edges represent the existence of relationship between the (i) Graph oriented database also supports indexing of meta data 10
numn.mm..mmn_._ relationship is :m&:.m a relationship type and 1s &_dnmwwrmhaﬁwﬂ M ¢nable graph qmdwnmm_ combined with search queries. e
start point (node) and an end point. The end point can be some e | (i) Application that deal with objects with a large number of in

than that of the start node or possibly the same node. Key-value properti€ _ relations.

associated not only with the nodes but also with the relationships. The properies |

. roperties
onships. The ges with prop

(1v) Models graphs consisting of nodes and ed

of the relationships provide additional information about the relati ne | describg
direction of the relationship determines the traversal path from one node 0 . ng them. - orks, hierarchical
other in a graph database, _ i Mi Applications like social networking friends networs,
. ac (7 ase 19¢] | leS.
._ : tured as grapt Permissions, maps and network topologl
Fig. 4.5 represents a part of the ‘Employee’ database struc ity P Jata SIOTE-

database. Each node in this graph databasc represents an employee © | Q13. Write down important use cases for graph oriented based

- . . . Lok . ynship o
These entities are related with each other through a relationship of B_u:um%_.. | Ans, Some ociant for eraph oriented based data SlOTES o
lype “knows”. The property associated with the relationship 8 D:EQE%. * “S followg _ portant use cases Tor grap

The key difference between a graph and relational databasc is data qu*

: T———
. -
I ——— " - . .
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. . n data
(i) hﬁwe«mbﬁﬁh and Handling Classification Grap] no_m_ﬁr was
databases excel in any situation where relationships are :Zo_cnaﬁ_ Ofiengy, Ommmm:nnmu ﬁfn? are
. o . . : = . " .f{
data and Emmm_@uzm various mformation in a rclational way can _.,ann_:__.w ores 13 by Apach® m.u. .
very well using these type of data stores. e :E.&E w_“ é_%nﬁ_ g WB_u_mEaEmg in Java.
) . c on, A azZon's
(ii) Handling C omplex Relational Informatioy — Gr | _uc._sﬁ_u:un d on both A
database makes i , - raph gy + . phasC datastore and
extremely cfficient and casy to handle with ¢g “Meq | t 19 B _ﬂmu\km_:m e, SO
. : . * mple
relational information such as the connections between two entities 5 ME.E bt uémac_w._mﬁim colump datastore, i
o = o ‘ g .
degrees of other entities indirectly related to them. " Varioy, Googl® concepts at ot ﬁ_mﬂwﬂcn
: oL ydes ilabtlity,
Q.14. Explain the column oriented database store wigy examp] t _%_:ﬂ_wﬁ mcw@onm iR mw”__m e m:%n_
| hple. nes. rs1stenc
Ans. Column oriented datastores are designed to store huge 1 Gﬂ:on_um tolerance ___M a dynamic
- : .
columns. Data is stored based on column values. Though these aﬂm.mﬂéﬁ.m % _u_m_ mnm_m_oz_,Q. Jain0 ¥ variety of
the most similar to their traditional relational counterparts, they gy E.”m T Ewﬂam 1t can be used %n . tworking
. ’ are a C y ’ 1 elw
overcome the drawbacks of the latter databases, as they remoy < lo i lications like social Il _ E
€ null vajye, app!! ‘ng and finance, and rea

20-08-2020

ics. Some other 25-08-2020
column data stores are 27082000
ache HBase, DynamoDB, Apache ig. 4.6 Simple Data Structure of a

from columns, when values are unknown. They support high scalability s; | ites, banking
no.EEu data can be distributed on several clusters eastly. They are a0 =5
sutable for data mining and analytics applications, ot

Most of these dat. |
employ MapReduce framework to speed up proces _ Vst

AR sing of large amo A
data distributed on numerous clusters mounts of wmncaa o, Hyper table. Column Datastore
| Sometimes an application may want to read or fetch a subset of fields 0.15. What are the characteristic features of column oriented data stores.
sumilar to the SQL’s projection operation. Column family data store nnm_u_nm, | Ans. The characteristic features of column oriented data stores are as
storing data in column centric approach. The column me:w data MS.E.- | follows —

partitions the key space. In NoSQL a key space is considered to be an object (i) A column can have multiple time stamped versions.

sl o s : X ; . the value is a set of columns.

#Enﬂ holds ali column families of a design together: It is the outer most 2 e e oLkey ¢mﬁ¢ BWMMW ,.{MHM od data like event logs and
muwoznﬁm of the data in the data store. Each partition of the key space is | R M& Storing & large number0 d . e B
own fo b e _ CIS dld. +:
- M € a ﬁwE.m. Column families are declared by these tables. Fach (iv) Columns can be generated at run time and not all rows need {0 ¥
olumn family consists of number of columns. A row in a column family is have all columns . ﬂ
structured as collections of arbitrary number of columns. Each column is a (v) It provides more granular access to data than the key value ;
_

map of a key-value pair, In this map, keys are the names of columns and

datastore, but less flexibility than the document oriented data store.
columns themselves are the values. Each of these mappings is called a cell.

o L

ased

e

Q.16. Write down some important use cases of column oriented b

Bach row in a column-family database is identified by a unique row key,
Q@ﬂuma by the application. Use of these row keys makes the data retrieval
quicker. In order to avoid overwriting of the cell values few of the popular

.no_.cE:-mmE:w databases add time stamp information automatically (0
individual columns,

A simple example data structure of a column datastore is shown in fi5

Pm..: stores mformation similar to that of the document datastore in fig. 4.0
but In a different column-oriented format,

data stores.

. . : e
Ans. Some important use cases of column onented based data stores ar

ds mu:cﬁm -

(1) Scaling — These are highly scalable by nature and also handle a
ount of information. :

Collecy; (1) Rmmﬁm:.w Unstructured Non-volatile ??wa_n% o
O of attributes and values needs to be kept for long perto

based daty stores gome in extremely handy.

muau.ﬁm‘%mﬁa the comparison of NoSOL data a_._i_
 The tOmparison of NoSQL database stores 13 sh

huge am
n — 1f a large

S Q-... Hm mc,

itecture paerns:

e
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dra ? Write down it’s advantages and gisq vantages,
n ;

ially developed by face book to hang|e large volume
init1a
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0 dra was Nt d by Apache Software foundation in the year of
* ; 5 A —._— —.ﬁ-n . . "y . 3 PP .
Table 4.1 Comparison of NoSQL Um»nwvma Storeg 5 Ommmm__. . was acqu int of failure, high availability, high scalability,
. crant ] o ﬁﬁ . e 0O N
__n.. haracicristic: Columun-oriented Document-oriented Graph-oriente (@ m:n_ ﬁm_,..m_..u.“m no w_:m# ﬁf h ﬁmﬁmﬁ. rmance of data. ?‘—mﬂu‘ SCIVErs are
A model that m__a.__mm A model .__E.__._u___.“_.”ﬂ representing dagy iﬁo. :__.. 10 ch D”Tﬁ—. an Il the nodes to communicate with
Concepl representing data in E_.,H.ﬁu_:umn Mt | and their connections g Ewﬂ fa ed i#r ¢d er To allow a ’
Sodining structure hig anecte the end USEL- de a gossip based protocol is used.
Nesting of key- [ Sct of duta objects nler®> ervice 10 ¢ the faulty no
value pairs L) Ecium 5 nd to detec
1 ﬁ .
Data are stored Each document _ %nn \ rack s ace
in tables dentifid by cach ¢ tages ~ nies such as face book, twitter, ¥
unique identificr dvan . t compa .
Any value can be a _ i) 1ne dra to handle the . st
B A s the cassan b le replications model to provide no sing
ley and value arc . _ : 5€ -Slyl1c
mwﬁﬁﬂ Mm:?u.. a colon ":" | Set of links TM&gnﬂn mm._.@ n_mﬁ.O u Q—_—Hﬁwﬂm QUB._.M_,EO m._.u_~
. jects i .
Key-valucpairsare | the objects (edges TPl (i1) ftc ick response time if the
Values m a column are | separated by commas ", N | {ure. . hput and quic
ey il e at datatype ¢ of fat h throug
stored consccutively Data enclosed in curly ﬂo_—._n U .:”_.@m T.—m
braces denotes 1y It mu—.Od . 35es.
{ documents . A_r__v in the cluster 1Incre sction
| 1 .
Data enclosed in square 3 her of nodes 1N is suppo ried for trans
brackets ard.m___.nm _ num }OE ﬁﬂﬂﬁﬁﬂﬁ%
array nn__mn_._ﬂﬂ.l _ “ Amdu ‘H.w._.ﬂ m_ﬂﬁﬁﬁ Q. QWAM__ .—uﬁwﬁ-
2 : . direct graph, . n or
pth compression : | Denormalized flat mﬁﬂﬂnﬁ”&mqﬁwﬂr | (v) Itisa colum
Lightweight encoding mode] Directed multigraph .
Bit-vector encoding Irec - . . {1on.
Dictionary encoding Disadvantages uery and join opera
Frame ol reference Denormalized model | - & B not m_._.._ﬁﬁﬁ_ﬂa mﬂ.—u Q ;
Tl e i | ith more structure NA (1) ltdo regation.
Techniques | Differential encoding (metadata) _ i < ited orf for data ageg
o . Shattered, equivalent Speph | () Limited Supp incle column value.
| With join algorithm {0 normalization S— | Limited storage space for a sing ¢ of Hbase -
b - ut) Limate . rchitecture of Hba
sedmd; | With late Nested graph _ . A : 2 Fx Mﬁuﬁ_ thea
..u_ﬂ...whwﬂ_,“:. _ maternalization . nderstand &u\ Hbase ? E P ) |-time access 1o
_{ THpe A e Social networks Q.19. What nayun base which can provide rea Bigtable, a
A 5 " : . e 1 ’
b 11 b lychiat | User-profiles o Ans. Hbase is the Hadoop databas designed based on the . big
' Consumer data, JSON documents, Medical .Eﬂ.“_.q,..._mm altributes lability. Hbase was desig : nd processing Y5
| Applications Inveplory data XML documents IT operations, an the data and powertul sca ims at storing a oSS
__ Transports ™ ) Google. Hbase al ration to proc
_ o - dtabase was launched by Google. ral hardware configu 1o versions,
High performance in m:%%: “.ﬁ_m:h_w_n Easy design and . data easily. More specifically, it uses a gene distributed, has i v {ems
“_ ading and querying VELIICRL tYpes implemen(ation, | L : } 1le svs
° ‘operations pscriidaiywreall S modeling Fauittolecancs, - millions of data. Hbase is an DPOGBONESS lied on the local file S} el 10
Efficient data compre- | copsisiency, i *alion ﬁ,L.F..‘Ea simple Redundancey, | del. It can be app uting mode
ssion and partitioning and durability oo {2 Scalability, | and useg the NoSQL database model. Reduce computitis T
}EE horizomally and | transuciions Scalability % ﬂﬂ._._{ High speed d 111 base can use the Zm—u Lure ol Hbase.
vertically) Suitable for complex SOMANELL . Adon HDFS, In addition, Hbas is is also the core [ea
Advantages >calability | daa, ;n”w,“ﬁmwnnﬁs Parallel procegs big data in Hadoop. This is ting perfectly. "
m:ﬂ_u:ﬂ lor __H_EH% c d ; : " » utl - . >
parallel processing Can Combipe data storage with ﬁﬁﬂm———ﬁ~ comp i the Hadoop
‘ell-suited for Online ) N OC —Swm i work 10
o essing 4 : e 18 the storag framewo
E_E.E__w aﬂﬁmui_ - ?.n_.:-mﬂﬁ.m of Hbase — Hbas the MapReduce 1f { Hbase
and Online Tr: B | : . . e O A
Processing work loads . »” Very basic quety _ _._sam_.q_:m m_..o_nﬁmm" support is Icm.mu using « The arehitectufe
.  wide- | Information duplication | Lack of a standord longuage PrOcess the gaf ith the ZooKeeper.
PRI across multiple declarative _u.:.m..:.,.w Sone a:...:_.".; lhe : : c m:rm.u and CoOOperale w
v e e et SShown in fig, 4 5
_..:.mpne.::.?_mr.. Delays J: n._ n_.,. e Incansistencies in conc :-._....__._“..w a primary VoA
specific da ik paralictism | P
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The four key components are as follows — _
It takes part 1

(i) Hbase Client — The client is the user of the Hbasc. . Sarver
the manage operations with HMaster and read/write operations with HRegron

i

=,

e e —— . T e

57000 Keeper 18 the mazmaﬁﬁ.ﬁn Management node
istributed collaboration, distributed synchronization
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di +
Mmz ons. The ZooKeeper coordinates all the clusters ot
”_ﬁ_.:o_._ contains the HMaster address and HRegionServer
__ﬁ_mﬁw%g%m:o:. .y — HMaster is the controller of the Hbase, 1t is
oW i) HMaste" =, |eting, and queuing the data. It adjusts the
ole for mn_a_:ﬂsno and the Region distribution to ensure that the
_m%%m_ Gerver load ba ot Region when the HReglonServer suffers failure.
__Em_&_ (| mOVe to Enﬁ Mmﬂ launch mu itiple HMaster to avoid failure, At the
n_m_ﬂ:wmm@ %iﬁo_wammmamﬁ , Master Election mechanism working in case of
At there 15
{fume,
%___Mc% failore- - P HRegionServer is the core component of
. (iv) m:ﬂmhﬂ_: mMH. handling the reading and writing requests for the
0
sers and Pe the comparison of RDBMS and Hbase.
fain
g X . g and Hbase is as follows —
Ans. The compartsotl of RDBM
S.No. E ,Mmm
_ {i) Qmﬂmnm_u_m. Yes
data 1 :
ot _ - i«tent | Row-oriented or
i) |Datalayout) A Sparse distributed, wma_mw . Jumn-oriented
__ multidimensional sorted map. co HﬂaM# - . |
. | : Rich data type
(1) | Data types. | Bytes; data types arc oAl support |
_ | on query: o ! large
- : ca algb,
| (iv) | Hardware | Hadoop-clustered non@oa@ x86 @Mﬂ_mi%acﬁ-
| servers; five or more 18 typical | SC cessor SYSIEM.
. . because the underlying storage >
| technology is HDFS, ﬁ?mw by
| | default requires three replicas. BB
| | e
, (V) | High Yes; built into the Hadoop Aow_._wbwzm are
_, availability | architecture. an ctly
. no_wmm:ﬂma correctly.
_ i) | Indexes Row-key only or special table Yes
required.
SQL

| tvii) Query

_msmzsmo

Hbase APl commands (get, puts
scan, delete, increment, check),

HiveQL B -
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Hbase, as the representative database, s often compared with
mow_.{_.m. The design target, implementation mechanism, and rupnj, o
are n__.mﬁ,m:ﬁ Due to the reason that the Hbase and RDBMS can r
other in some special situations, it is inevitable to compare R DBMS :
As E.@nncumn_ before, Hbase is a distributed database system and t
v:w.mﬁm_ storage uses the Hadoop distributed file system. [t
particularly strict requirements on the hardware platform. Howe
a fixed structure database system. The difference between th
makes them have the greatest difference in the implementatio

lradjy;
g —um_;_—ﬂ_.:._

ﬂ:ﬂﬂ

With 4

Umm,
he Unde, %

Tyin
Q@Gm not r.:__,.m
ver, RDR MS i

elr &mmm..w: 20als
Nmechanigy,

Q.21. Explain in detail about challenges of NoSQL.

Ans. The promise of the NoSQL has generated a lot of cnthy
there are many obstacles to overcome before they can appeal to
cnterprises. Here, the important challenges are as follows —

- (1) Maturity - Relational database systems have becn around f;
_owcm time, stable as well as richly functional. NoSQL (Not only SQL) maénﬁ .
will argue that their advancing age is a sign of their obsolescence, but for HM ﬁ,m
OHO.,P the maturity of the RDBMS is reassuring. Most, NoSQL m_EEm:MM_
are in preproduction versions with large key features yet to be _.Ew_ﬁﬁmﬁnaw
Living on the technological leading edge is a demanding prospect for E_.m.m.“
developers, but enterprises should approach it with extreme caution.

(¢i) Support — Every organization wants the reassurance that if
key system fails, they will be able to get competent support as well as timely.
All relational databases management system vendors go to great lengths to
support a high level of enterprise. Many NoSQL systems are open source
projects, and although there are usually one or more firms offering support
for each NoSQL database, these companies often are small start-ups without

the global reach, support resources, as well as credibility of a Microsoft,
Oracle, or IBM.

(i11) Business Intelligence and Analytics — Not only SQL databases
have evolved to meet the scaling demands of modern Web 2.0 applications as
well as offer some facilities for ad-hoc query and analysis. Some relief 1s
provided by the emergence of solutions like Hive or Pig that can provide gasier
access to data held in Hadoop clusters as well as perhaps eventually, other
NoSQL databases.

Slasm, by
ma Smﬂﬂﬂmg

(iv) Administration — The main goals for NoSQL may be to provide

a zero admin solution, but the current reality falls well short of that mon_.
NoSQL today requires a lot of skill to install as well as a lot of effort 10
maintain,

(v) Expertise— Almost each NoSQL developer is in a learning _.scﬁ__m
and situation will address naturally over time, but for now, it is far €asier M
find experienced RDBMS programmers or administrators than a NoSQL expet™

——— e, — . -

elo¥ ) gAMOT ¥ .. flexible and has general tools that application

e T —— il =
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e variations of NoSQL architecturq] patterns,

15 of NoSQL architectural patterns are discysseg

gSD Stores — A key-value store that only uses RAM is

lobal variables, configuration files, or intermediate
~mations. A RAM cache is fast and reliable, and
ramming construct like an array, a map or

value stores are generally empty when the
only be populated with values on demand. RAM
o saved to another storage system 1f we want
rts. We need to define the rules about how
AM cache and the rest of our

: WOHEN.:O
. en server resta

tto pers” : oped between the R

application-

o -.
_ mm%nwﬁwﬂﬂw The Amazon DynamoDB key value store services uses
for rea .

Ds for all its storage, resulting - 1n high-performance rcad operations. .énma
”_mﬁhz%m ‘0 SSDs can often be buffered 1n large RAM caches, resulting in

et write times until the RAM becomes full.

(ii) Distributed Stores — The ability to elegantly and transparently
scale to a large number of processor is a core property of most NoSQL systems.
[deally the process of data distribution is transparent 1o the cmﬁ..Eom:Em that
the API doesn’t require you to know how or where your data 18 *ﬂﬂ_.mm.., .mE
knowing that your NoSQL software can scale and how it does this 1s o:rnm_.

In the software selection process.

- It our application uses many web servers, each caching the result of a
g unning query, it is most efficient to have a method that allows the servers
ﬂ%aﬂ_ﬁ together to avoid duplication. This mechanism is known as Emﬂomo”:m.

© Memeache protocol shows that we can create simple noénn,nw:on
._uogmm: distributed systems to make them work efficiently as a

ovide permanent storage and are almost as fast as RAM

X wc__o_u as column stores (bigtable stores) and %n_:BnE mERM
alize the key-value pair to other patterns by referring o them?

0 o :u._n servers

"ol

. .H#.__}.__D Sel Ve « -

“n ﬁ_gnr_w ﬁnErE and the first one becomes unavatia
1M the value without walting for the first sery

m Um_o—ﬂ.:u.

items need to be replicated automatically on mull

! | . ~ched items are
$$ data service without interruption. 1f the cached items 2 ,_
ble. the second sener

er (o be cebooted
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tir) Grouping — The implementation of a collection system o

vary dramatically based on what NoSQL data pattern we use. _Aow-cm__”: dlgg
have several methods to group similar items based on attributes N the; .
Graph stores associate one or more group identifiers with cach triple wu.. r
systems use column families to group similar columns, iy
a concept of a document collection.

0.23. Discuss various

Ans The most popular four ways in which NoSQL systems hand
manage big data obstacles are as follows — |

(i) By Moving Queries to the Data — When a client wan(s to seng
a general query to all nodes that hold data, it is more efficient to send the query
to each node than it is to transfer large datascts to a central processor

ey
€y,

daty
Document Stores |
¢

ways in which NoSQL handles big das,

le anq

This simple rule helps us to understand how NoSQL databases can haye

dramatic performance advantages over systems that were not designed g
distribute queries to the data nodes. Consider an RDBMS that has tables

distributed over two -different nodes. In order for the SQL query to work,
information about rows on one table must all be moved across the network to

the other node. Larger tables result in more data movement, which results in
slower queries. Think of all the steps involved. The tables can be extracted,

serialized, sent through the network interface, transmitted over networks,
reassembled and then compared on the server with the SQL query. Keepingall
the data within each data node in the form of logical documents means that
only the query itself and the final result need to be moved over a nctwork. This

keeps our big data queries fast.

(ii) Using Hash Ring to Evenly Distribute the Load—Usinga Wmm_u
ring technique to evenly distribute big data loads over many SCrvers with a
randomly generated 40-character key is a good way to evenly distribute @
network load. The hash rings are common in big data solutions because they
consistently determine how to assign a piece of data to a specific Eooﬁmﬁ
These rings take the leading bits of a document’s hash value and use this (0
determine which node the document should be assigned. This allows M_EN
node in a cluster to know what node the data lives on and how to adapl to :Mﬂ_
assignment methods as our data grows. Partitioning keys 1nto ranges Hnm
assigning different key ranges to specific nodes 1s known 45 _ﬁu,%gnn
management. Most NoSQL systems including MapReduce, us€ keySpP:

concepts 10 manage distributed computing problems,

100¢8 perm! ng the Databa
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:cation 10 .m.n.h? Reads - The replication strategy
Only a few Hmes ﬂrw_.o 1s some lag time between a
d a client reading of thal same record from a
then an immediate read from that same
he problem occurs iIf a read occurs from a replica

This 1 an example of an inconsistent read.

happens: .
¢ updat® s type of problem 1s to only allow reads to the

-+ has been done. This logic can be added to a

write 108
; ment system at the application layer. Almost all
ase consistency rules when a large number of

se to Distribute Queries Evenly to Data
< the approach of moving the query to Ea_ data EEWH
ery. This is an imporiant part of NoSQL big

. i stance, moving the query is handled by the aﬂm@mm.o
tors Eww the Mﬁo@ and waiting for all nodes to respond is
tabase, not the application layer.

ﬁ._t Allow?
4 8 show

vodes ~ T1E he data to the qu

ata Srategles: :.H :
and distribution

] —.u .
gerve _un.-uwm_uﬂ_g of the da

the only €5
Copy

Data

Incoming

Primary

Query Data Nodes

Replica
Data

Incoming
Nodes

Query Analyzer

Analyzer

024, Whay is MongoDB ?

\—_.__,m. g
r 5 ¥ g m . .-_J .
Writlep, in OHmoUw 1S 2 famous NoSQL database that 15 @ —
, ﬁ_ﬁmm-. Cross-platform, high performance as well as p,cr_,_.__,.: &
— Eo:modw uses collections to store data a3 We
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represent relationships between them and data is in the format
documents. It is a binary format in that zero or more key/valy o _wMoz
stored as a single entity i.c. as a document. BSON is based on unm_um:m are
documents. JSON (JavaScript Object Notation) is a format that ON Style

. mm.
noﬁﬁﬁmqmﬂoﬁmnmnm:nmmunﬂmrw. Zo:mcvaﬁo_.rmos concept of mm@ m:
and document. _. i _H:__s

Database is a physical container for collections. Each datg

own set of files on the file system. A single MongoDB servyer typica] -
muitiple databases. - ally g

Collection is a group of MongoDB documents. It is the €quivalent o
RDBMS table. A collection exists within a single database. Collectin
“enforce a schema. Documents within a collection can

Typically, all documents in a collection are of similar of

._u_ﬁmﬁ Wn_.m

ti wmp
have different fields

Hm—ﬁnﬂh— H_ﬂﬂ.—u-@mm .

Dynamic schema means that documents in the same collection do not need ¢g
have the same set of fields or structure, and common ficlds in a collection’s
documents may hold different types of data, T |

0.25. What are the features of MongoDB ?

availability, and auto-sharding. Some important features of MongoDB are
discussed below — . _

(1) Indexing — MongoDB supports secondary indexing, that makes
retrieval faster as well as unique, compound and geospatial indexing is also possible.

(ii) Stored JavaScript — Users can also use JavaScript function as
well as scripts on server side.

(iii) Aggregation — MongoDB supports MapReduce that is a very
useful aggregation tool. | |

(iv) Horizontal Scaling — MongoDB scales horizontally. It scales
out and up easily on a variety of platforms including in the cloud using services
like Amazon EC2 and Rackspace. -
~ (v) Sharding —This is a process in which large databases arc __,._H_a:
down into different tables so that they can be processed on multiple ﬂmo_:_ﬁm

and in MongoDB, this is automatic. MongoDB’s sophisticated sharding _@m
make balancing your data across large clusters easy and powerlul.

0.26. How Ea..ﬁah.vh used in BlogPost ?

: dvod in a SINEIC
Ans. Using MongoDB database, our blog posts can be stored _:;g ﬂw_“_hwﬁ
collection, with each entry looking like this — With a document typ© “
data is stored almost exactly as it is represented in the program.

Document is a set of key-value pairs. Documents have dynamic schep,

"Ans. MongoDB features include full index support, replication, high

SRS TR REEEEREE S - A
=
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authof = b, |
i .__—Q.. v.. | nu.,. |
wc_m_,. i —ﬁ_mﬁﬁ” :ND_mTQw:_N&qclﬂ MMW
e ¢ : Tr\: 2322, am._wwum 1,
jon
ro&.:a
Rating 11, H
._“m” "
ncaﬂhumﬂ :Bwﬁ:@&iﬁm: com’,
Upvotes: 11,
pownvotes - o_nr. |
Text : 1 2gree E_E.woz ;
{User: «dolty@gmail.com,
Upvotes: 321,

Downvotes: 11,
Text : “You are a man”’}

Hu ”, v 237
Tags: (“Politics”, “Virginia'']}

0.27. Give nmﬁmﬁwﬁ and disadvantages of MongoDB.

Ans. Advantages of MongoDB — B |
© (i)  Schema-less (without scheme) design enables rapid Swoacnccw
of new CDR (Call Detail Record) types of the System.

(i) Scale BillRun production site already controls several TB in 2
single table, without being limited by adding new ficlds.

() Rapid replica set easily enables meeting regulation with easy 10
*elup multi data center DRP as well as HA solution.

~ (iv) Sharding enables linear as well as scale out growth without
—JEE._._@ out of ﬁvﬂgmﬂd

archit 5.. With over approximately 2,000/s CDR inserts, then Mo
S great for a system that must support high insert load.

Gan eas; | '
Sasw__w Suarantee transactions with find AndModify as well as tWO°P

ngoDB

S0 you
hase

(Vi) Supports developer oriented queries.

(vl Location based is being utilized to analyze users usase as well

das n—ﬂn :
Miny .
g Er.ﬂ.a 10 1vest in cellular infrastructure.

.
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Disadvaniages of MongoDB -

(1) The current database is locked when Mon

s WGUE 1S Writi
M A i u
i1t; thercfore this does not allow concurrent wriiles. g Ontg

(1) Mongo DB reports scalability constraints w

hen the daty «
hundreds of GB. ¢ data EXCeedy

Q.28. Give reasons to use MongoDB.
Ans. Few of the reasons to use MongoDB arc as follows — .

(1) Document-oriented — Since MongoDB is 3 NoSQL
database, therefore instead of having data in a relational type format it mﬁ_wﬁa
the data in documents. This makes MongoDB very flexible and mamwﬂmzcaw
real business world situation and requircments. ol

| (1) Ad hoc Queries — MongoDB supports searching by field, range
queries, and regular expression searches. Queries can be made to retumn specific
fields within documents.

(111) Indexing — Indexes can be created to improve the performance
of searches within MongoDB. Any field in a MongoDB document cag be
indexed.

(iv) Replication—MongoDB can provide high availability with replica
sets. A replica set consists of two or more MongoDB instances. Each replica
set member may act in the role of the primary or secondary replica at any
time. The primary replica is the main server which interacts with the client
and performs all the read/write operations. The secondary replicas maintain a
copy of the data of the primary using built-in replication, When a primary
replica fails, the replica set automatically switches over to the secondary and
then It becomes the primary server.

(v) Load Balancing — MongoDB uses the concept of sharding to
scale horizontally by splitting data across multiple MongoDB instances.
MongoDB can run over multiple servers, balancing the load and/or duplicating
data to keep the system up and running in case of hardware failure.

0.29. Discuss about the MongoDB datatypes.
Ans. MongoDB supports following datatypes —

(i) String — This 1s most commonly used datatype to stor€ the
data. String in MongoDB must be UTF-8§ valid.

(ii) Integer — This type is used to store a numerical value. Int€
can be 32 bit or 64 bit depending upon your server.

m.w_,
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pe i used to store a Boolean (true/false) value.
B o type 1 ysed to store floating point values.
v e This type 18 used to compare a value against

est BS .. ysed to store arrays or list or multiple

s used identically to a string however,
~es that use a specific symbol type.

te or time in
enerally .. datatype is used 10 S1OT€ the current date or 11 :
our own date time€ by creating object 0

— This datatyp .
o _ This datatype 1s used to store binary data.

(xii) Objec -
Code — This datatype .« used to store javascript code into
jv) Code —

ot. : . lar
" (xv) Regular Expression — This datatype is used 1o store Te&H

expression.
0.30. Give advantages of MongoDB over RDBMS.
Ans. Advantages of MongoDB over RDBBMS are as _mozo,w._m.! P
() Schema less : MongoDB is document n—mﬁwﬁm‘n in which 0 ﬁ
collection holds documents. Number of fields, content and s1Z¢ of the documen
¢an differ from one document to another.
(i) Structure of a single object is clear.
(ir) No complex joins.
(iv) Deep query-ability. MongoDB supports

nonmm._nunm using a document-based query language that 1s nearly as p
as SQL.

(V) Tunin g

(vi) MonogoDB is easy to scale.

N0t neg gaﬁm.__w Conversion/mapping of application objects to databas

dynamic queries on
owerful

e GG.wmnﬁw

. . . orking set.
“habling Wiii) Uses Internal memory for storing the (windowed) working

faster access of data

L

Il’

L e



Q.31. What are the differences between

MongoDB and RDBMs )
The differences between MongoDB and RDBMS gre-

RDBMS|MongoDB| Difference

Collection | In WDmZmu the table contains the colum
which are used to store the data, In }
same structure is known as a collection. The colJe

o

nnﬂmmnm documents which in turn contaips Fi
which in tumn arc key-value pairs. elds,

Document| In RDBMS, the row represents a single
structured data item in a table.

In MongoDB the data is stored in documents.
In RDBMS, the column denotes a set of data valyes

| These in MongoDB are known as Fields.
Embedded | In RDBMS, data is sometimes spread across

zczma _uw_. _Em
ma:

’ mEEH.ﬂ.:w

| the data.

In Zommcwmh the data is normally stored in a single
collection, but separated by using embedded documents.

35 Tolloy,

: various|
documents| tables and in order to show a complete view of all
data, a join is sometimes formed across tables lo get

So there is no concept of joins in MongoDB,
—_— o

i

SOCIAL NETWORN
GRAPHS

16, 50 & SOCIAL NETWORKS ,,

kx ? Explain. |
h.. . describe web-based services that

lic profile within a domain such

ely connect with other users within the network.

that they €an S — on the concept and technology of Web 2.0, by

" gocial network has improved  Genexated Content Simply put,

: f User
enabling the formation and exchange mooﬁ “odes and links used 10 represent

i . istin 1
| network is a graph consisting . e
M“M”_ a_uaanmapma&a network sites. The nodes include enfiu

relationships between them forms the links as shown in fig. 5.1.

= . M-t_&w
at is social ne

1 gﬁu ..
gns. Social ne Gan E@:Qmmﬁuﬁg

allow individuals 10 cre

 Link
Fig. 5.1 Social Network Showing Nodes and Links

sh manwm_ networks are important sources of online Eﬁqwoz.oﬂm m.ua conients
a_“vww_:m,. mcw.._momig assessments, approaches, o<ﬂsm:ou. _nms.gnom.
_.niw.c alions, feelings, opinions and mnEF..nEm, eXpressions borne out in ﬁﬂﬁ.
EE_”.F blogs, discussions, news, remarks, reactions, or some o” n_n
lsed _Mqﬁm Before the advent of social network, the rcﬁmvmmm“m were popularly
¢ late 1990s which made it possible for average Internet users 10

J 5.11-_.1 —
) (e

:
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share information. However, the activities on social network in pe

scem to have transformed the World Wide Web (Www)inlo its | -y
creation. Social network platforms cnable rapid mlormation exchano,
uscrs regardless of the location. Many organisations, :a?a__, s
government of countries now follow the activitics on soci

) networks enable big organisations. celebrities. government offie;
government bodies to obtain knowledge on how their audience

postings that concerns them out of the enormous data generated
network.

| Social networks need not be social in context. There are many rea|
Instances of technological, business, economic, and biologic social pet
For example electrical power grids, telephone call graphs, the Spread
computer viruses, the World Wide Web, and citation networks of mn_.auz% ﬁ
Customer networks and collaborative filtering problems (where EE_:M
recommendations are made based on the preferences of other cuslomers) are
other examples. In biology, examples range from epidemiological networks
cellular and metabolic networks, and food webs, to the neural network 3,?“
nematode worm Caenorhabdifis elegans (the only creature whose neural network
has been completely mapped). The exchange of e-mail messages within
corporations, newsgroups, chat rooms, friendships, sex webs (linking sexual
partners), and the quintessential “old-boy” network (i.e., the overlapping boards
of directors of the largest companies in the United States) are examples from
sociology.

“World
Works,

Q.2. Write short note on history of social network analysis.

Ans. Social network analysis (SNA) emerged from the social sciences
branch as a very useful method for studying why and how social groups
operate, behave, and interact in certain ways. A social network is comprised
of individuals or organizations connected by kinship, friendship, g:ﬁ.qm_
common interests, and financial exchange and many other things. These social
relationships are considered as a graph where the entities form the nodes and
the edges are the connections between them. Social networks operate at many
levels, from within the families to nation-wide and also across nations and
play a crucial role in understanding the behaviour of entities within the network.

. s . t

George Simmel, writing at the turn of twentieth century, was the M_M:

scholar to directly think in the terms of social network. His essays focuse "
the nature of network size on interaction and to the likelihood of interaction

loosely-coupled networks rather than groups.

In the early twentieth century, three main traditions I
appeared. J.L Moreno pioneered the systematic recording and anal

relationships in small groups, namely in work groups and cla

ysis of social
sgrooms:
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w. Lloyd Wamer and Elton Mayo explored
A R. Radcliffe Brown’s presidential address
o the systematic study of :ngo%m.. [n the
searchers worked to combine different
dent work was also done by scholars
lifornia, University of Chicago,
; 4 Michigan State University. ,.:_3. n&Eﬂ.w&
10s m:% and @.o:_u&mmoa analyses, stating that viewing

ks offered more analytic advantage.
0

. an analytical tool. It just provides users with a

analysis 18 m.. further analysis. The SNA can be effective

n analytical discretion, but as it is can be
wider context of these networks.

-d by
k. In 1940,
:ﬁmmﬁﬁ_ 0
ber of re
.= wapt indepen
University of Ca

[ characteristics of a social network.

characteristiCs of a social network are as follows —
ntities that participate in the network.

: T twork,
. between entities of the ne

¥ .« ot least one relationship . .
iy k. this relationship ;s called friends. Somelimes the

two people are either friends or they are not.
social networks, the relationship has a degree.
ends, family, acquaintances, Or none as
ample would be the fraction ot the

0.3 pescribe the essentia

Ans. The mmmn_mmm, ,
(i) There is a collection of e

Typ!

On Facebook 0T 1ts .
elationship is all-or-nothing;
However, in other examples of |
This degree could be discrete, €.£.; fn
in Google+. Tt could be a real number, an €X
average day that two people spend talking to each other.

(iii) There is an assumption of nonrandomness OF locality. M.EM
condition is the hardest to formalize, but the intuition is that Hiﬂ_ou.,mg _.“..__M,. en
to cluster. That s, if entity A is related to both B and C, then there is a higher
probability than average that B and C are related.

0.4. Describe basic terminology of social network.
Ans. The basic terminology of social network is as follows —

(i) Betweenness — Betweenness of 2 node measures the asﬂwﬂ of
Paths hat pass through each individual. This can identify the nodes éEnr.smm
e 2bility to control the flow of information between different parts of the
"ework. These can be called as the gateway nodes. Gateway nodes channel
"Mlormation to most of the others in the network if they have many ﬁm#._m
mng through them, 1f they have a few paths running through them, still

ity Play a powerful communication role if they exist between different clusters

= Wy

L T ..
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(ii) Centrality — Centrality is a key term mz SNA. A _:.m_:_w cen

| (iv) Closeness— Closencss measures the extent to whic
s near to all other individuals in a network either directly
exhibits the ability to access information through the networ

han mma?mm—:m_
or F&Hn&. It
_..ﬂ members.
0.5. Give general applications of social network analysis,
Ans. The general applications of SNA are as follows —

(1) For improved customer targeting, for potential

. promotions based
on their past purchase history.

(11) In identifying loyal customers who are e_o_n&.. active and passionate
and can be characterized as brand ambassadors. .

(1) In reducing average churn rates in the telecommunications

industry by identifying central connectors and offering special rewards or
customized experiences.

_ (iv) In combating terrorist activities by characterizing the network
organizations to determine the likelihood and impact of terrorist activity.

(v) In detecting health care fraud by detecting patterns, establishing
linkage between individuals, and to connect non-obvious relationships.

Q.6. Write short note on social network as a graph.

Ans. A social network is conceptualized as a graph, that is, a set of vertices
- (or nodes, units, points) representing social entities or objects and a set of
lines representing one or more social relations among them. A network, however,

1S more than a graph because it contains additiona | information on the vertices
and lines.

Formally, 2 network N can be defined as N = (U, L, F,,, F,) containing 2
graph G = (U, L), which is an ordered pair of a unit or vertex set U and a line set
L, extended with a function F; specifying a vector of properties of the units (f: U
— X) and a function F, specifying a vector of properties of the lines (f: L = Y)-
The set of lines L may be regarded as the union of a set of undirected edges and

a set of directed arcs A(L=EUA). Each clement e of E (each edge) is a0

network is dominated by one individual who controls the _,:_..E._.:m:_g__mﬁ_
knowledge flow and may become a hub of communication fajlyre ah o
centralized network has no hub point of failures. So people can stil| i
information even if some channels are blocked. oy
(iii) Degree — Degree of a node specifics the number of link
other individuals in the network. Higher the degree of a node, the more inf] .,...._.S |
it 1s within the network. e
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(vertices) from U, i.e. e(u: v), and each element a
od pair of u Jered pair of units u and v (vertices) from U, i.e. a(u: v).
__. | l nts of the nodes network can be divided into two

Economic Network — Tt consists of a group of people
e 1” of interactions Or pattern of communication.
0

cted W tter, business relation between SEpenes and clients,
en families involved in a marnage etc.
n n

S alatl - connection between information

objects: ic (links between various words E& muﬁvc_mu, World Wide
.- . s web pages; new page connecting to another through
riou )

- - . y b.-m.-
: ties of social networ
u.h.zmuﬁ the varie o G R 7
0.7 MM,M are many varieties of social networks other than “iriends |
Ans. There arc 1

ch as — ]
Eﬁﬁaﬁ_w w:ﬂ&%wanm Networks — In these networks the nodes represent -
!

hone numbers, which are really individuals. There mm an edge woméamm MEM,
w&% ¢ call has been placed between those phones 1n some w.wm ﬂaﬂo %n
ime such as last month, or “ever”. The mm_m.mm could _u_w.ﬂn_mzn m_m
_anﬁ of calls made between these phones during the period. OOEEE._ 1es
in 2 telephone network will form from groups of people that oogﬂﬂnmﬂm
frequently. For example groups of friends, members of a club, or people
working at the same company.

(i) Email Networks — In these networks the nodes represent email
addresses, which are again individuals. An edge represents the fact that there
Was at least one email in at least one direction between the two addresses.
Altematively, we may only place an edge if there were emails in both %_.mﬁw.oum.
In that way, we avoid viewing spammers as “friends” with all their victims.
Another approach is to label edges as weak or strong. Strong edges represent
““Mmunication in both directions, while weak edges indicate that the
”M:E:Eom&om was in one direction only. The communities seen in email

Works come from the same sorts of groupings as in case of telephone

:Q. .. -
Eq,__é_.rw. A similar sort of network involves people who text other people
ough their gey) w_:ozom.

: it

[ . § P w i
- 40 Colluboration Neiworks — Here nodes represent individuals wno

- |

search papers. There is an edge between two individuals
apers jointly. Optionally, we can label edizes by

-
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eb based crawler, number of users

e Syt il Eu&m zm“mm ._M_Mﬂﬂ._mna and categorized under Healthy
It the number of joint publications. The communities in this network ar T _.u%ﬂm:‘_hmlozm categore> Eﬁ eventive Health Behaviour and percentage
working on a particular topic. T Auth | n_,_mm:mﬁmmﬂ pehavioun and o i specific location is calculated. Thesc
An alternative view of the samc data is as a graph in which the 1,04 wﬂﬁ,_ﬁ_ﬁ_,,___m.p_._a_ﬁ each %“nmﬂmﬁwmmﬁa policy plans for eﬁmm__ ﬁﬁmwmﬂ ﬂmﬂﬂ
papers. Two papers are connected by an edge if they have at least one mc_“_m:a ___:acﬂm: be used to ﬁ_wwnm They can also Uo“_. used ﬂ% g nmm& and conducted.
In common. Now, we form communitics that are collections of papers Sis A Emc_a::q, cnﬁmmEd\ € ?.&mwm:nmm wﬂc@mﬂm couldbep mE health programs.
same topic. 5.0 the  hes mrwn_.m «Health o the right audience for preventive P
Th 3 _ _%w:c_." jso be able 10 1415 . ial networks.
cre arg, several other kinds of data that form two networks in g Similay Q@%: a . brief various types of soct
way. kor example, we can look at the people who edit Wikipedia articles E:_H 0.9 piscuss ¥ 4 of social networks are as follows — |
the articles that they edit. Two editors are connected if they have editeq Ans. The different types One mode network considers .E.,mguﬂ
article in common. The communities are groups of editors that are Fﬁaﬁmw (i) One Mode Zmﬁtwﬁwm |amm m_oa example, if we use amaomzﬁw._.o
in the same subject. Dually, we can build a network of articles, and Connect mONg 2 single st of similar D% no_.ﬁJE e similar nodes based on this
articles if they have been edited by the same person. Here, we get communitieg on'y mmca smmu-omnnﬁa no mo.m .E._r:
of articles on similar or related subjects. M“Mo%mwwmn data into a set, EH,, HW
Q.8. How can we use social network analysis in health System ? pe treated 35 wwmnm_.w._ MMMMME& as
Ans. Social networks have a tremendous influence on the health behaviour Zcm:uw%mowﬂ.ﬂ“o%m with one set of
of individuals. The results from social network analysis can be used by the ...__.._MM_M that are simular 0 each other.
government for designing health plans, benefits and to take preventive measures _m_m. 53 (a) illustrates a one mode
during some disease outbreaks. Pharmaceutical companies can target ~  pepwork consisting of a group of io. 5.3(a) One Mode Network
demographic groups and specific markets. Health insurance companics can ~ scjentists that share similar features F 18 - a Cluster of Scientists
design their insurance plans in a better way. or characteristics. Consisting of

onsiders relations among two &m.ﬂwﬁ
tor may have strong connection
analyzed with other

(i) Two Mode Networks — 1t C
set of nodes. In community detection a node orac
with a set of nodes that form a community, but need to be
sets of nodes with which it is
considered to have weak ties. One
classic example of two mode
network 1s the scientific collaboration

BFS Algoritb | | | network, in ..”a.r_m‘: the two sets of
BFS Algorithm nodes are scientists and papers. A

— s scienbist is connected to a paper only

. @ _ﬂ.:ﬁwrm 1s an author of that paper.

Fig. 5.3 (b) illustrates a two mode

etvork consisting of a group of

~ The health behaviour of people in a specific location is analyzed. One of
the two graph search algorithms namely Breadth First Search (BFS) and Depth
First Search (DFS) can be used to get the sub graph L(G) of a specified
location from the main graph S(G). The graph L(G) can further be narrowed
down to extract the sub graphs of health communities (HC(G)), health blogs
(HB(G)), and users 1in the location (U(G)). Fig. 5.2 depicts the above process.

S(G) L(G) MMM-._ZE,” St share some common mu-..w. 5.3 qu Two Mode Network
ers bej . | i
HC(G) HB(G) U(G) Paper. cing the authors of that Consisting of a Cluster of Scientists
m.ﬁ. 3.2 Narrowing Down the Initial Graph using Breadth (tii) Complete/Whole Networks — These networks comprises of a

. . :@_..rf.. . . . -
First Search Algorithm ork that Contains associations among members of a single, enclosed

..
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community of nodes. For cxample, if

we consider the relational ties among

all of the experts of a social network
for a particular topic, it is considered
as a complete network. This kind of
network focuses on the pattern of
connections in the network as a whole
rather than on individual nodes. Fig.
9.3 c.nv illustrates a complete network
consisting of a group of nodes U1 to
U10 and the connections among all
the nodes as a whole.

| Fig. 5.3 (¢) ﬁa____:ﬁ.«m_.m Networg,
Consisting of a Cluster of Ten Nog,
s

(v} Ego Networks — Ego or ego-centric networks com
network that concentrates mainly on the connections &Hmn:u_” associated wi |
the focal actor (called as €go). For example, if we initially choose ﬁmﬁw oud
?.UE a social network that can be considered as trusted nodes, these ”o“__n m
will be served as egos in the network. I'hen, the egos of the :mw.,...our n.w” _Mm
further studied to generate more trusted nodes in the social network. m@w

networks are considered to be homophilous, i.e.,ego nodes will
strongest ties with those nodes that

are similar to ego nodes in terms of
key aftributes such as, age, gender, -
_political views, occupation, etc: Fig.
5.3 (d) illustrates an ego network
consisting of an ego node E and all
other nodes (A1l to AS5) referred to as
alters, who are connected to ego node
E. The dashed lines indicate the
connections between alter nodes.

—u—ru..mmm of 3

have the

[ . — ———

Fig. 5.3 (d) Ego Network Consisting
of an Ego Node E and a Cluster of ~
Alters Al to A5

E e
.....

T

' CLUSTERING OF SOCIAL GRAPHS, DIRECT DISCOVERY OF -
COMMUNITIES IN A SOCIAL GRAPH, INTRODUCTION |

|
#

TO RECOMMENDER SYSTEM

. *Eﬂﬂhiﬂ.‘“ﬂi”l.ﬂl!.l’i_m# f&.* ..._ -

Q.10. Discuss the clustering of social network graphs.

Ans. An mmportant aspect of social networks is that they contain m
communities of entities that are connected by many edges. These typically |
2 correspond to groups of friends at school or groups of researchers interested
o, In the samge topic. Let us consider clustering of the graph as a way 1o identily
5| communities. The first step is to define distance measures for social network
graph and then apply standard clustering methods.

i
1
i

- S 4 . i
i Y L Rl s
'.n..._- _._h....\-H . n..___.-.l.-._ ._--._.- L
bt oA i = N
¥ L i W lar *a Pa

L _—_u
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Graphs — Before mﬁﬂﬁ..ﬁm
the first step 1s t©
the graph have labels, these
depending on what they

«friends” graph, there 1S

il Network b
a social network grapi,

when the €dges o’

oes are unl
¢ a m_,_:“m._u_ﬁ .
des are close ]
_C._& say that the

e NO such G&mmﬂ.
istance is closer w

when the ed

i distance.

fthey have an edge cmaﬁm@ﬂ
distance d{(m, n) 18 0, 1f
We could use any other
hen there is an

LY

" mmdﬂ— ._» or _. m.-r“—..-& o0 -
edge- f these tWO valued “distance measures” —
. ‘ © -
Neither ot thes

i hey V1 the triangle inequality
. o measure. The reason is that the jolate th g
s a true distanc

: n them. That s, if there
o e e then the distance from XtoZ

are edges (X, Y) and (¥ Nr but aw am.mwmﬁw_w Ww 7 We could fix this problem
exceeds the sum of the distances Mon e s 13 e & missing edge.
by using, say, distance ] for an € m. _{mmn_.—o_ﬁm — There are two mﬂﬁﬂﬂﬂ~
Applying Standard Clusicring hical (agglomerative) and second

approaches to clustering. The first is hierarchi
is point-assignment. B3

: Hicrarchical clustering of a social network graph mSﬁnv by combining
some two nodes that are connected by an edge. Successively, edges that arc
not between two nodes of the same cluster would be chosen randomly to
combine the clusters to which their two nodes belong. The choices would be
random, because all distances represented by an edge are the same.

For Example — Consider the graph of fig. 5.4. First, let us specify the

communities. At the highest level, it appears that there are two communities
tX, Y, Z} and {M, N, O, P}. However, we could also view
{M, N, O} and {M, O, P} as two subcommunities of {M, N, O, P}. These
wo subcommunities overlap in two of their members, and thus could never
gorithm. Finally, we could consider each
ge as a community of size 2.

_un.EnE.mmma by a pure clustering al
Pair of individuals that are counectod by an ed

_.”u_mﬂm_.m:m of a graph like that of fig. 5.4
M:ma mﬁ. SOme point we are likely to chose
m:_.owudm”"m 2 4 mﬁ:a E Cven though they
B Emw_sm - different clusters. The
e are likely to combine Y and M

h and any cluster containing it, is
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as close to Y and any cluster containing it, as X and Z are to Y,

@ . Thero
a 1/9 probability that the first thing we do is 10 combine Y angd Z,._m. IS Cvey,
cluster. Mo o
To reduce the probability of error, we can run _.__mwmﬂ,n:..nm_ ¢l
several times and pick the run that gives the most coherent Clusterg ::ﬂn_.;m
graph with many comr .nities there is a significant chance that m:, E_ > _ﬁma
phases we shall use some edges that connect two nodes that do zEm_u_.::m_
together 1n any large community. ﬂa__m
The point-assignment approach to clustering socijal D€tworks

IS alsg
€ wil]
_um_,zm

based upon the fact that all edges which are at the same distapn

introduce a number of random factors that will lead to SOme nodeg
assigned to thc wrong cluster.

Q.11. Discuss the direct discovery of communities in q Social grgpy,

Ans. Searching communities by partitioning all the individugls 1S relatiye|
ctficient, however it does have several limitations. It is not possible to pla :

individual in two different communiiies. and SVEryone 1s assigned

community. Let us consider a technique for discoverin g communities dir
= by looking for subsets of the nodes that have a relatively

edges among them.

Cean
{0 a

ectly
large number of

Finding Cliques — To find sets of nodes with many edges between
them we have to start by finding a large clique (a set of nodes with edees
between any two of them). However, that task is not easy. Not only is
finding maximal cliques NP-complete, but it is among the hardest of the NP-
complete problems in the sense that even approximating the maximal clique
is hard. Further, it is possible to have a set of nodes with almost all edges
between them, and yet have only relatively small cliques. For example,
suppose our graph has nodes numbered 1, 2.,........ ., n and there is an cdge
between two nodes i and j unless i and j have the same remainder when

divided by k. Then the fraction of possible edges that are actually present s
approximately (k — 1)/k. There are many cliques of size k, of .Ew_nw {1, 2,
..... , K} 1s but one example,

Yet there are no cliques larger than k. To see why, observe that any sct _n.__m
Kk + 1 nodes has two that leave the same remainder when divided by k. ﬁ:m
point is an application of the “pigeonhole principle”. Since there are only ;
different remainders possible, ve cannot have distinct remainders for each ©
k -+ 1 nodes. Thus, no set of k 1 nodes can be a clique in this graph-

: . WL ['§
Complete Bipartite Graphs — A complete bipartite graph consists ©

. . . . es
nodes on one side and t nodes on the other side, with all st _ucmm._a_m mMmg
between the nodes of one side and the other present. We denote this grap

g

S e i . i e e

e bipartite subgraphs

artite subgraphs for noas..zi_“%
ivide the
re nodes all have the same type. Divide

_ Ifa community exists, then we would

odes into two cqual groups at random. +ch eroup, and we would expect that

. ot about half its nodes to fall into each gr . . e still have & ceasonable

mw_ﬁ;m:. its edges would go between mnou.%m. .H Us, . i e sommaniy.

Mw“.“nn of identifying a large complete _u%mﬁ:mﬁ mﬂ@@%% groups, if they have

. ; We ¢ nodes from either ot the two s .

To this nucleus we can add . L o

edges to many of the nodes already identified as ging

0.12. How to use betweenness to find communities ? Explain with
example.

e Oﬁuaﬁ.dﬁﬂﬂ _u —ﬁ

inary graphs whe

Ans. The betweenness scores for the edges ofa graph behave something
like a distance measure on the nodes of the graph. It is not exactly a distance
measure, because it is not defined for pairs of nodes that are unconnected by

an edge, and might not satisfy the triangle inequality even when defined
However, we can clusier by taking the edges in order
and add them to the graph one at a time. At each step
of the graph form some clusters. The h _
more edges we et

of increasing betweeness

the connected components

igher the betweenness we allow, the
r the clusters become.
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between N and O there are two shortest

_._m_.,..amua:m momzmﬁr_.ccm:zm:azﬁ .m 14 5.5 It is important to understand that we do not mean a generated subgraph
other through P Thu« . e ° e = by selecting some nodes and including all edges.
ugn . Thus, each of the edges one formed by s

‘ e in this context.
(M, N),/(N, P), (M, O), and (O, P) are 2 6 we only require that there be edges between any pair of nodes on different
credited with half a short @ .

est path sides. It is also possible that some nodes on the same side are connected by

I
Clearly, edge (Y, M) has the highest cdges as we

.. _ ider the bipartite graph of fig. 5.7. The left

betweennes For example — Let us consi 1¢ bipartil g

| .m. SO 111s removed first. M_umﬂ side is the nodes {1, 2, 3, 4} and the right side is {m, n, o, p}. The latter are
~aves us with exactly the communities e baskets. so basket in consists of “items”

we observed make the most sense, 1 and 4: zu:: is, m= {I, 4}. Similarly,

namely: {X, Y, Z} and {M, N, P. O1. n={2,3}0={1}andp= {3}.

H o .
owever, [fs=2and t=1, we must find itemsets

of size 1 that appear in at least two baskets.
{1} 1s one such itemset, and {3} is another.

WE Can continue to remov;
edges. Next to leave are (X, Y) anc
(Y, Z) with a score of 6, followed by
(M, N} and (M, O) with a score of 55,

Fig. 5.6 All the Edges with However, 1n this tiny example there are no
Then, (M, P), whose score 18 5, would  Bemweenness 3 or More have been itemsets for larger, more interesting values
leave the graph. Remaining graph is Removed of sand t, such as s =t = 2, Fig. 5.7 The Bipartite Graph
shown in fig, 5.6. i

Q.14. Discuss about the community or group detection,

The “communities” of fig. 5.6 look stran ge. One implication is that X and Ans. Community or group detection in online social networks is based on
Z are more closely knit to each other than to Y. That is, in some sense Y is a studying the social network structure to find individual nodes in the network
“traitor” to the community {X, Y, Z} because he has a friend M outside that that correlate more with each other than with other related group of users.
community. Likewise, M can be seen as a “traitor” to the group {M, N, P, 0}, Discovery of such communities lead to Intra-communities (users or nodes
which is why in fig. 5.6. only N, P, and O remain connected. belonging to same community) that are more likely to be connected or

| associated compared to inter-communities (users or nodes belonging to

-13. How to find complete bipartite » 7 Explai : e : . . o sing
0 fi plete bipartite subgraphs plain n&ﬁmﬁ community). Such kind of clustering in groups helps to further make
€stimation about the users in the network, regarding his/her likes and Interests,

Ans. Suppose we are given a large bipartite graph G, and we want to find
instances of K , within it. It is possible to view the problem of finding instances

- | tastes and future activities. This is turn, will help in assessing the probability
of Wﬁ_ﬂ within G as one of finding frequent itemsets. For this purpose, let the | of which products he/she would buy, which songs or movies he/she would
“items” be the nodes on one side of G, which we shall call the left side. We watch, which services he/she may be i

nierested 1n, and so on.

¢

assume that the instance of K_ . we are lookin g for has t nodes on the left side,
and we shall also assume for efficiency that ¢ <s, The “baskets” correspond

- . ; 9 < 35
to the nodes on the other side of G (the right side). The members of the basket | _2 | S = o B
. . A : : , % S | " Hieracchical | S = 28
for node v are the nodes of the left side to which v is connected. Finally, let the 5= = = &£ | * Topic Link LDA
) . e = b = = - : :
support threshold be s, the number of nodes that the instance of K¢ has on 32| * vartitionar | 3 m = H.sz_
- . — .m * Ite = i = Oy
the ﬂmrn side. Gu 2 3 .m.. & * ke
We can now state the problem of finding instances of K., as that of o ~

finding frequent itemsets F of size t. That is, if a set of t nodes on the left side | - -_—

is frequent, then they all occur together in at least s baskets. But the baskets | £ig. 3.8 Various Categories of Community Detection Methods
are the nodes on the right side. Each basket corresponds to a node that is Delecling communities is not only restricted to social networks but also

connected to all t of the nodes in F. Thus, the Ircquent _.HEmﬁ of size tand s 1s of great significance in various other ields such as politics €Conomics
of the baskets in which all those items appear form an instance of K, . ;

.\\”\sq.. 3 ; w lelraw‘r
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; —..o !
as graphs. However, detection of communtlies in vast, dynamje m:qv_.nma:_z M
networks is a challenging problem and has caught the altention “Omple, |
researchers working in this areg of SNAM W Many A
H

!

(1) Traditional Clustering Methods —
Ec.m_w_._bm constructs a group of nested clusters
splitting the clusters. Two well-known hierarchic:

mm_muﬁa Iterative Reducing and Clustering using Hierarchies (BIRCH
O_:w.ﬂwzum Using Representatives (CURE). Partitioning clustering al .W_“_Ea
ﬂ_mﬁ:_cnm the entire nodes into ‘p’ clusters, in which Em value of m__ mmo_m_ ”
in m..”?m.:nm. Spectral clustering makes yse of the spectral properties o%ﬂ: |
similarity matrix to construct clusters of communitjes. m

(ii) hmah.wnumm Methods — The link-based community detection
methods study the links or edges of the network to detect communities. This
Eﬁwoﬁ_w however, can only reflect the strength of connections and not the

| (1)) Topic-based Methods — The topic-based community detection
methods generate communities which are topically similar. This method,
however, do not concentrate on nodes that may share some explicit
communication via links. Two common link-based community detection |

methods are Probabilistic Latent Semantic Analysis (PLSA) and Latent Dirichlet
allocation(LDA).

(rv) Topic-link Based Methods — The topic-link based aoEE:.:.mQ _
detection approach is the most recent approach used for detecting communitics
in social networks. This hybrid approach is a combination of link-bascd methods

and topic-based methods that considers the disadvantages of using only one |
single method for community detection. Two common link-based n@:..ﬂ::.:x
detection methods are Community-Author-Reci pient-Topic (CART) and Topic-
Link LDA.

O.15. What do you understand by graph partitioning 2

., . icts or researchers for modelin
Ans. Graphs are also used by various scientists _._wh. Mrhw_maq_.?::n U._.ow_oﬁm 1
an application program. Partitioning a graph is purely .

\
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It helps (o reduce complexity of Em m_.mm_..m and Em.c Introduces parallelizations.
Graph partitioning is required in various application problems like social
nelworks, road networks, air traffic controls, image analysis etc. Some
applications of graph portioning Eo._u__nq_.zm are scientific computing, partitioning
various stages of VLSI design circuit, task scheduling in multiprocessor
systems etc. The aim of graph ﬁm&:oum:m is to divide the nodes into several
disjoint parts such that the predefined objective fu _.._nzoz 1s minimal. The optimal
graph partitioning is NP-complete however various approximate algorithms

are made to solve the problems.

Graph partitioning is divided into two groups —

(i) Constrained Partitioning — In this partitioning the parts are of
equal size.

(it) Unconstrained Partitioning — In this partitioning the parts are
of different size,

Various algorithms are available for graph partitioning. Among them three
principle algorithms are Geometric partitioning, Spectral partitioning and Multi-
level graph partitioning.

In geometric partitioning the graph is bisected by utilizing those coordinates
which are obtained if nodes of a graph are available in space. In this partition
the vertices which are spatially near to each other are taken into one cluster. [n
spectral partitioning the associability of the graph is concluded by finding the
Eigen vectors with respect to the second smallest Eigen value of Laplacian

matrix L corresponding to graph. This bisection method is really demanding
but not feasible for large graphs.

Multi-level partitioning is highly effective than the classical graph
partitioning methods. Constrained graph partitioning problems are efficiently
solved by this method. The main idea is to partition the large graphs into k —
parts, group the vertices together in a group and deal with this group of vertices
rather than independent vertices. It has three phases — coarsening phase, initial
partitioning phase, and partition refinement phase.

Q.16. Explain the term structural analysis.

Ans. Graph is a mathematical structure which shows relation between some
objects. Graph 1s made up of vertices, nodes, or points which are connecled
using lines, arcs or edges. A graph may be directed or undirected. A graph
represented as G = (V, E) where V is set of vertices and E is set of edges. Graph
s represented using different data structures like adjacency list, adjacency
matrices, incidence matrices ete. In a social network the node represent individuals
Or or “._.::_.E:c:.a_ and the edges represent the relationship between individuals or
organtzations, Social network provides set of methods for analyzing the structure
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o are different levels of analysis that gy,

o arc three levels —

ncccsmnlv mmunllv MLInatw Gienerally the
(V) Micro Level — At this level il 1y|1l(‘ﬂ”)/ begins with an lnd”"'durﬂm
may begin with a small group of individuals.
(i7) Meso Level — 1 (alls between micro and macro-level, |y showe

the connection between the micro and macro level. Meso-level networ ) arc

"'-p

Ny

low density network.
(iii) Macro Level — These are large scale networks that traces the
Interactions over large population, These networks are more complex,

J.i7. What is recommender systent {

Ans. Recommender Systems (RS) provide recommendations to users aboy;

a set of articles or services they might be interested in. This facility in onjipe
social networks (OSNs) has become very popular due to the easy access of
mformation on the internet. A few important applications of RS are its use ip
several e-commerce sites, such as Amazon, Flipkart and Firstery, for
recommendation of items such as movies, books, gadgets, and jewellery. The
data required for providing recommendations can be obtained explicitly based
on users’ ratings or comments, or implicitly by monitoring user activities, such
as items checked, books bought, audios heard, web sites visited, and so on. RS
may also use demographic information of users like occupation, gender or age
for clustering group of users that may have similar linkings. Fig. 5.9 shows a
generic RS framework that takes the user profile as input, the item profile and/
or the user-item rating matrix. These inputs are fed to a recommender system

engine which computes and predicts the top-N recommendations for a user.

It 1s a challenge for every e-commerce site to correlate consumers with the
most suitable products which, in turn, enhance customer satisfaction and loyalty.

Hence, the majority of the e-commerce sites have become interested in RS.
which provide personalized recommendations to each visited user of a site by
examining patterns of user interests in products that suggests a user’s taste.
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