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Abstract 

A huge repository of petabytes of data is generated each day from modern in- 
formation systems and digital technologies such as scientific data analysis, social 
media data mining, recommendation systems, analysis on web service logs and 
Internet of Things along with cloud computing. The data has a huge power to 
directly guide us to knowledge detection. Examination of these enormous infor- 
mation requires a great deal of undertakings at different dimensions to extricate 
knowledge for making decisions by Big Data analyzing tools, and picking the cor- 
rect tool requires an inside and out learning about the abilities of each. Along 
with these, big data examination and exploring various tools for it is a current 

area of research and development. This thesis is an effort to present the basic 
understanding of BIG DATA is and its usefulness to an organization from the 
performance perspective alongside with integrating it to curriculum of higher ed- 
ucation. The basic objective is to explore platforms for analyzing big data and 

compare them in different perspectives. Additionally, it will open a new horizon 
for researchers to develop the solution, based on potential impact of big data 
challenges. This creates the need to incorporate the investigation of Big Data an- 
alyzing systems as a major aspect of the computing curriculum. First experiment 
consists from examples of analytic problems that can be solved as introduction 
into big data projects on Apache’s tools by demonstrating how each type of sys- 
tem can be integrated into education via sample datasets and data analysis tasks, 
also analyzing their results from educational perspectives. Second experiment is 
conducted to compare Hadoop, Spark and Pig , as a major and modern tools 
in big data analytic - on iteration of supporting task, computing time for each 
task on each tool and Input/Output data access with real life data. Mentioned 
tools were chosen due to their popularity for analyzing big data. Results of this 
research show that various tasks require different tools and there is no all-in-one 
solution. Any big data problems stand in need developers to use proper tool to 
make job done in a way better and quicker.



AnHaatTia 

Ilerabalir yepextepgzin ynKen penosnropniti KYHJ@JUKTI 3aMaHayH aklapaTTpik 
2KYyHemep MeH UM@pJIbIK TEXHOMOPHAapAan, MbICAJIbI, PbIUIBIMH mepektTepai Tas- 
Aay, WIeyMeTTIK %*Keiepye TepeKTepdi Tangay, ycblHpic *yHesepi, BeO-cepBuc 
*KYPHALapbl 2*eve OyJITTHI ecenTeyslepMen Gipre 3aTTap Wntepretinen aspina- 
Api. Aepexrep MaHbI3qbI MaFJIYMaTTbI aHbIKTayFa 6arbITTatiTErH 30p KYUIKe ue. 
AWiTbIFaH MACCHBTIK JepeKTepyi Talqay YIKeH DepekTepai exzey KypasIqapbi- 

HbIH KOMEPiMeH OpbIHJaJIbI, Mafiqanel 6inimzi @HAIpy api wemimyzep Ka6nuigay 
YUH OPTYPJ AeHret Teri KyWTi Taam erezi. Kaxerri KypaJI {bl Tanai amy yun 

ONAPIBIH OPKAafiCbICbIHbIH MYMKIHAIKTepin TepeH 3eprTey Kepex. Coubimen KaTap, 
YWIKeH JepeKTepdi 2oHe OHbI TalayFa aphallraH KypayyapZbI 3epTTey Ka3ipri 
TaHJla MAHbISbI KOFAapbI 3epTTey aliMar! Ooi TabbwiaJIBI. By tesuc BIG DATA 
TyPaAJIbI HeETiSri TYCIHIKT] Ka/bINTACTbIpy MeH yiibIMJapra TuiMainiri TYPFbICbIHAH 
NaliWaJIbl CKeHITiH KepceTy 2KOHE 2KOFAPbI OKy OPbIHTapbIHbIH OKy 2KOCHApbIHA 
KIPiKTIpy MbICaJIJapbIMeH KAMTbIFaH. 7K YMBICTBIH Herisri MaKcaTHI - YJIKeH Je- 

peKTepwi Taay miaTpopMasapbiH 3epTTey api cayBIcTBIpy. Congaii-ax, YJIKeH 
AepeKtepwin BIKTMMaJI acepiHe Heri3yeiren wemim osipney ywin 3epTTeyliinep- 
re 2KaHa KekoKueKTep allibiiagbl. By, e3 Keseringe, yiKex AepekTepmi Oackapy 
xayHenepin 3epTTeyzi KOMMbIOTepJiK OarqapmamaHbin 6ip 6eniri peTinze OKBI'ry 
KaKeTTINTiH TybIHZaTagbl. AJrallikbI skclepument Apache KypaJIapbin rati- 
asa OTbIpbIIl yIKeH JepekTep 2obaslapbina Kipicue perinze Mewityi MymKin 
aHAIMTUKAIIbIK MOCeeep MH, MbICAIAapbiwaH Typaypr: 2xKyHeHiH apOip Typi KaH- 
Nai Ja NepeKTep 2KHbIHTBIFLI MeH JepeKTepyi Tamyay TANCbIPMalapbIH Koana 
OTBIPBII, OKY 2kocTapbiHa Kavalt KipikTipitetinin Kepcere anampt. Exinmi acne. 
pumeutte Hadoop, Spark »xene Pig yken yepexrepzi Ta WayOblH Herisri xx9He 
3aMaHayH Kypaiyqapbl peTiHJe KapacTsippiiagpr: CQJIBICTBIPy TalicbIpManap7BIH 
UTepaTuBTIiriMeH, op TAlCbIpMara KeTKeH YakbITTEI OMeyMeH, *KaHE Aepektepzi 
Enrisy /Ibrrapy 6olipinma 2yprisinegi. Byn KypaJiqap YIKeH Depektepgi tay ay 
YW TaHbIMaJ! OONFAHbIKTAH TaHaJiIbl. Seprreynin HaTwxeci OolibrHina, Tar 
CbIPMaslapAbIH epeKMeKTepine OatinaHpicryr AepekTepdi Taiqayra apHanran op- 
TYP Kypas{apAbly KOMJAHbUIybI Tagan eTIICTIHDIFi »KaHE OipprHrati Memimnin 
OouIMaybl KepceTisgi. YauKeH Zepektepmen Galtnaysicrni KeS-KeJITeH Macenenep- 
Ae OardapaMallipiapAblH, 2*KAKCbIpak api KBLIAaMbIPAK, AKYMBIC icTeynepi Yuin 
THICT] KYpaJIbI Naliqaanylapbin Talal ere. 
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AHHOTauMa 

OrpomuHoe xpaHusuue nera6alira 7aHHBIx renepupyeTca Kak dbii T€Hb H3 COBpe- 

MeHHBIX MHPOPMALHOHHBIX CHCTeM H UWHCpoBbIX TexXHosOruit, TAKHX Kak aan 
Hay4HBbIX JaHHBIX, aHaIM3 JaHHbIX B COLMAJIbHBIX CeTAX, CHCTEMbI peKOMeHa- 
IM, aHaJIM3 2*ypHasoB BeO-cepBucos u Vntepuerta Beret Hapady c o6na4HBIMU 
BBIYMCICHHAMH. JaHHble OOadaioT OTpoMHoH cusolt, YTOSBI HallpaBJIATb Hac K 
oOHapy2KeHMI0 3HaHMit. AHasin3 STUX MACCMBHBIX JaHHbIX Tpebyer MHOro yout 
Ha PasHbIX YPOBHAX JIA M3BICYeHMA 3HaHUi AIA MpwHATUA pelleHUt c noMo- 
IbIO MHCTPYMEHTOB aHasusa OOJIBINMX JAaHHbIX, a BLIGOP NpaBMBHOrO MHCTpy- 

MeHTa TpeOyeT riy6oKoro H3yYeHHs BO3MO>KHOCTelt KaxK TOPO 13 HUX. Hapsiny c 
STUM, M3y4eHve Oo/IbUIMX JaHHbIX M MHCTPyMeHTOB K HMM sBAAeTCA aKTYyaJIb- 
HO O61acTbio AIA UCcieOBaHH u paspaboToK. OToT Tesuc upeycTaBaer co- 
6of nonbirKy npezCTaBuTb 6a30B0e NoHUMaHHe BIG DATA u ux nonesHocrT, AWA 
OpraHH3al|“v C TOUKM 3peHUA NpPOMSBOAMTeIBHOCTU HapAay c UNTerpaunett ux 
B yue6uylo lporpammy BbICIWero O6pa30BaHua. OcHoBHas web - H3y"NTS WaT 

CbopMb! ia anasu3a OoMbIIMX DaHHbIX M CpaBHMTb UX C pasHBIX TO"eK 3peHua. 
Kpome Toro, To OTKpoeT Nepe MCCHeTOBaTeNAMH HOBbIL TOpusOHT WIA paspa- 

6oTKH peliieHua, OCHOBaHHOFO Ha NOTeHUMasIbHOM BosgelicTBHu MpobseM ¢ bomb 
WIMMM JaHHbIMM. OTOT cbakT co3qaeT HeOOXO,MMOCTS UATerpupoBaTE u3y4eHHe 

cMCTeM yUpaBleHua 6ObUIMMM JaHHbIMM Kak YacTb KOMIMTbIOTepHOtt MporpammMnpI. 
[leppbilt 9KclepuMeHT COCTOMT M3 IIpHMepoB aHamMTM4eCKUX MmpobsIeM, KOTOpBIe 
MOryT ObITb pellIeHbI B BAJE BBEACHUA B NPOeKTHI SOMDIIMX WAHHBIX ¢ TIOMOIIIbIO 
vuHcTpyMeHToB Apache, JeMOHCTpupys, Kak Kak ybIlt Tun cucTeMBI MOxXKeT 6EITE 

MHTerPHpOBaH B OOpas0BaHHe C MOMOIIbIO BHIOpAHHBIXx HaO0poB JaHHBIX y 3a, 
Wat avasu3a AaHHEIx. Bropoit skcNepuMenT MpoBogutea nA cpaBHeHua Hadoop, 
Spark nu Pig, Kak OCHOBHBIX M COBpeMeHHBIX MHCTPYMeHTOB B aHaJiv3e 6orbmux 
AaHHBIX, - Ha OCHOBe UTepallMM 3aa4, BeIYMCIeHU BpemMeHU WIA Kax NOt sala 
uM Wa Ka2kKOrO MACTpyMeHTa M NOcTyna K JaHHbIM BBOga/BEIBOMA C AanHEIy 
M3 PeAIbHO 2Ku3HH. YNOMAHYTbIe MHCTpyMeHTer bE BbIOPaHb! W3-3a ux qo- 
NyAAPHOCTH Ayia aHasM3a OoubIIMX AaHHbIx. Pesynerare sToro uccnleqopanua 
NOKa3bIBalOT, YTO DJIA PAaSIMUHBIX 3aqay Tpebytorca pasupie WHCTPYMEHTHI, 4 HET 
equHoro pelwenna. JltoOpie mpobsiemb! C 6OAbIIMH DaHHBIMt HYKaloTca B Tom, 
YTOOD! Pa3spaOOTYAKU UCHONb3OBAJIM COOTBETCTBYIOUIMI MHCTPYMEeHT, 4TO6BI cre- 
jaTb paboty Gonee KayecTBeHHOt uM 6pICTpolt. 
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1. Introduction 

1.1 Motivation 

Big Data is a huge collection of data that can be gathered, transmitted, accu- 
mulated, reserved and analyzed. This reason has made big data a tempting field 
for research scholars in the innovative activity of using algorithmic techniques to 

analyze sophisticated and/or unstructured data pools. 

In order to fully evaluate and analyze big data, researchers that work with 
a data must have a certain kind of awareness to use mighty tools and languages 

for analysis. Therefore, studies related to the review and analysis of the available 
programming languages and statistical tools, analytical solutions and visualization 
applications in the field of big data analysis are relevant. 

Crucial changes in traditional data analyzing platforms are being made by Big 

data in information era. 4V’s of Big data (Volume, Velocity, Variety, Variability) 
is increased to 5V: value is added. Since we have general knowledge about big 

data’s other characteristics, Value is the main point which we need to consider 
when any kind of data is analyzed. Thus, to play out any sort of analysis on such 
voluminous and complex information, scaling up the hardware stages winds up 

fast approaching and picking the correct tool turns into a significant choice if the 
client’s prerequisites should be fulfilled in a sensible measure of time. Enormous 
Data is changing science, medicine, technology, human services, business, and at 
last our general public itself. Common use cases are: 

e information about any visited web pages that are stored in logs; 

e risk modeling with unstructured data; 

e analyzing social sentiment: 

e image classification for health care, for example: 

~ 
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To pick up the important information from Big data we should choose a propelled 
elective approach to analyze and process it. The market is overflowed with var- 
ious Big Data platforms and tools, so picking the correct tool requires an inside 
and out learning about the abilities of each. Every one of them guarantee to give 
genuine business esteem by bringing cost effectiveness, better time the executives, 
and investigating information to find profitable business bits of knowledge. Par- 

ticularly, capacities of platforms to adjust to expanded information analysis plays 
crucial aspect in determining the right fitting platform to build analytic based 
results. That is why how to find out and use an appropriate data investigation 
stages or platforms and how to plan examination techniques are both Significant 
things for the data examination process. Therefore user needs to clarify the prob- 

lem itself, in order to find out suitable platform for himself. Essentia] points while 
considering which tool to choose can be formed based on simple questions like: 

— How fast results need to be found? 

— How much data will be processed and will its amount increase in the future? 

— Does the model structure require a few repetitions or a solitary repetitions? 

1.2 Aims and Objectives 

The goal of our research is to compare modern big data tools based on educationa] 

as well as real practical perspectives to show their performance in different aspects. 
In this research main aim is focused on some modern popular analytic tools to 
work with Big data from Apache (Hadoop, Spark, Pig and Hive), specifically: 

e Tools for processing and analyzing big data will be investigated, their char- 
acteristics will be studied based on experiments; 

e To analyze and suggest for higher educations integrating exact tools for 
learning perspectives; 

e To find out similarities, differences in usage, cases to use; Compare them: 
>] 

e To try each of them on real data.



The object of the study is big data. The subject of study is development 
tools, languages and methods for analyzing big data. The goal of this work is 
to compare modern tools for working with big data to show their effectiveness 
in analyzing various data analyzing based tasks. While there are various WOrkS 
towards Big data analyzing platforms, describing their usenesses and comparing 
some of them respectively, in this research more horizontal scaling platforms are 
chosen and it is dedicated to contrast the strength and best use cases for each 
selected tool, providing some guidance on the reasonableness of various tools 
for different sorts of situations that emerge while performing huge information 
investigation in practice. Detailed pseudo code for all problems is given. 

1.3. Thesis Outline 

The first chapter is Introduction chapter, where we review related work and for- 
mulate the problem to solve. In the next chapter § 2 review of some preliminary 
study is given, along with brief description of each big data analyzing tool. N ext,in 
methods and methodology part § 3 all experimental works for comparing tools 
are given. Finally in § 4 we summarize the results with comparison and provide 
open problems for future directions. And in Conclusion chapter we conclude our 
conclusion.



2. Preliminary studies 

2.1 Overview of approaches to storing and pro- 

cessing big data 

Big data is advancing as a significant field of research, and new discoveries and 
tools are always building up, this chapter isn’t thorough of the considerable num- 
ber of conceivable outcomes, and spotlights on giving a list of present instruments. 

strategies and techniques for parallelization of enormous information by crafted by 
different inquires about on these issue. The characteristic given by research com- 
pany Gartner is often used: “ “Big data” is characterized by the volume, variety 
and speed alongside with structured and unstructured data which is transmitted 
through transmission networks to processors and storage, along with the processes 

of transforming this data into valuable information for business”. As can be seen 

from this definition, big data has four main characteristics: volume, velocity, va- 

riety, and value. However this characterization was given more than 15 years ago, 
so nowadays the list of V’s is increased up to 10. Consider some of them in more 
detail: 

1. Volume. The growing amount of data created by both people and machines 
places new demands on the IT infrastructure in terms of storage, processing 
and access. 

2. Velocity or speed. It is important to realize that speed means not only the 
speed at which data enters the storage, but also the speed at which impor- 
tant information is extracted and some analysis on this data is performed 

3. Variety or diversity. The data contains a variety of information provided by 
different structures. With this. from accessed web page log files to the card 
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transactions, from photographs and recordings to the the consequences of 

scientific experiments one should almost certainly work. 

4. Veracity or accuracy. Indicating how trustworthy the data is. Use of GPS 
data can be an example to show how veracity is important when this data 
is analyzed. GPS will show you inaccurate location while you are travelling 
through an urban area: satellite signals are mainly lost as they go into tall 

buildings or other structures. When this occurs, location data has to be 
merged with another data source like road data to provide proper data. 

5. Value. Large amounts of data are a valuable resource. But it becomes even 
more valuable if it allows you to answer pressing questions or questions that 
may arise in the future. 

It so happened that the tools that existed until recently were not able to 

cope with large volumes. Up to a certain point, practically the only answer to 
the question is “how to store and process data?” - was some kind of relational 
DBMS. But with the increase in volumes, there were problems with which the 
classical relational architecture could not cope, so the engineers had to invent new 
solutions. 

2.2 Overview of general software tools for analyz- 
ing big data 

There are many analytical tools for big data; they can be divided into three 

groups: programming languages, statistical solutions and visualization tools [1]. 
The choice of one or more of them depends on programming experience and knowl- 
edge in data analysis. For example, if you plan to use the R. language, you must 
have good experience in both scientific programming and statistics. On the con- 
trary, when using visualization tools, you can work with large ones without such 
specific knowledge. To readjust to expanding calls in data processing, big data 
platforms need to be scaled horizontally or vertically. Horizontal scaling means 
parallel distribution of workload across several commodity hardware, whereas ver- 
tical scaling requires installation of more memory and processors. Apaches family 
can excellently handle horizontally scaled hardware. Next chapters are general 

description about division of analytic tools. 
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2.3 Cloud platforms 

There are many platforms for processing big data on the market, some of them 
are open source, such as Apache Hadoop and SciDB, while others are proprietary 
platforms and belong to companies such as Google, IBM, Amazon and Microsoft 

[1]. Depending on the features of these platforms, many platforms were imple- 

mented in the cloud (Google AppEngine, Microsoft Azure, and Amazon EC2) 

each of these solutions has its own ways of solving big data analysis problems (data 
storage, analytics, machine learning and implementation). Table 2.1 presents a 

comparison between the known cloud platforms for working with big data. 

Table 2.1 Comparing Big Data Cloud Platforms 
Features __————«| Amazon Microsoft Google 

Big Data storage | S3 Azure Google cloud ser- 

vices 

Big Data analyt- | Elastic MapReduce Hadoop on Azure 
ics (Hadoop) BigQuery 
Relational MySQL or Oracle | SQL Azure Cloud SQL . 
databases 

NoSQL databases | DynamoDB Table storage AppEngine Data- 

store 

MapReduce Elastic MapRe- | Hadoop on Azure AppEngine 
duce (Hadoop) 

Stream processing | No streaming Streaminsight Search AP] 
Machine learning | Hadoop+Mahout | Hadoop+Mahout Prediction AP] 
Data sources Public datasets Windows Azure | Few datasets with 

marketplace examples 
Availability Public Beta Beta 

2.4 Programming languages 

For analyzing big data, several programming languages are used and they can be 

divided into two groups: 
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e High level languages; 

e Low level languages. 

The levels of programming languages are determined by the analytical use of these 

languages. In high level programming languages takes advantages by supporting 

various functions for solving analytical problems. 

2.5 Python for Big Data 

Python is one of the most famous programming languages for data analysis. It’s 

interactivity and scientific system libraries makes it preferable for creating analyt- 

ical programs and studying invisible facts in data sets. Focusing on the scientific 

computer community, it is easy to see how the use of the Python is increasing 

(since the beginning of 2000) in both industries: the creation of analytical ap- 

plications and academic research |2|. Python has its own scientific ecosystem. as 

well as many useful libraries like Numpy, which is the base library for basic data 

structures and the main package in the Python language. Numpy provides sev- 

eral functions for working with multidimensional array, mathematical operators 

on them and many more. Also, Panda is python’s package which makes easy to 

work with data. 

2.6 R for Big Data 

R is a universal open source programming, language: for being able to analyze 

statistically and data analyzing |3|. In R system, it is convenient to ae 

any kind of statistical calculations by the use of functional syntaxes or from aia 

scratch code because of strong debugging tools. This language has interfaces 

that, support several programming languages. It includes in itself graphical too] 

which allows summary statistics. For all of its functions, R provides a wide 

variety of tools for statistical analysis, machine learning (linear and nonlinear 

modeling, classical statistical tests, time series analysis, classification, clustering) 

and graphical methods



2.7 SAS Software 

SAS software (and programming language) is a well-known and widely used so- 
lution for accessing, transforming and analyzing data using a flexible, extensible 
web interface [4]. SAS analytical platform consists of a variety of analytical ap- 
plications that form the structure of the platform and makes it a useful tool for 
scientists in the field of big data analysis [5]. The main useful analytical applica- 
tions are: 

1. SAS Text Miner: this is a plugin that can be added for the SAS Enterprise 
Miner environment, because it facilitates the solution of problems in text 
mining. Text Miner is able to manipulate various sources of textual data. 

2. SAS Forecast Server: its automation and scalability allow organizations to 
make more efficient and effective decisions based on generated high-quality 
forecasts. This tool improves the efficiency of forecasts and allows you to 
choose the most important forecasts and focus your efforts on them [6]. 

3. SAS Model Manager: organizes work on the construction of collections of 
analytical models, starting with the creation, through management and 

monitoring, and ending with their administration [7]. SAS Model Manager 
provides a decision maker with a convenient web environment that facilitates 
user experience with management tools and support for the life cycle of 
models. 

2.8 MS SQL Server 

MS SQL Server is a very well-known solution for traditional relational databases, 
and has very good tools for creating ERD charts, as well as for optimizing queries 
using a graphical tool. MS SQL Server has an integrated Analysis Service, which 
has a close relationship with the Tabular Model, Multidimensional] Model and the 
Microsoft BI stack. There are also three main services for business intelligence in 
MS SQL Server: 

e SQL Server Integration Service (SSIS) for data collection. 

e SQL Server Analysis Service (SSAS) for data analysis. 
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e SQL Server View Service (SSRS) for viewing data (visualization). 

Microsoft SQL Server has a built-in interface to integrate with Apache Hadoop 
(SQL Server Hadoop connector), which is an Sqoop-based interface; The main 
purpose of the design of this connector is to provide an effective tool for trans- 
ferring data between SQL Server and Hadoop [8]. MS SQL Server 2012 packages 
provide researchers with a complete set of data integration tools, visualization 
problem solving, a business intelligence package, and the ability to connect to 

Apache Hadoop and Hive through an efficient bridge. 

According to a survey by KDnuggets (2016), when a comparison was made of 
the percentage of analysts using all analytical tools and software, it was revealed 
that R, SAS, Python and SQL have been the main languages for data analysis 
(Table 2.2). These rates demonstrate that SAS clients don’t utilize R and Python 
in their exploration, while the mix among R and Python is the most ideal for 
information examination. 

Table 2.2 Percentage comparison of language usage and data analysis tools 
Tool Usage 

R 49 % 

SAS 36.4 % 

Python 35 % 
SQL 30.6 % 
R and Python 20 % 

R and SQL 22 % 

Python and SQL 13 % 

R and SAS 6.8 % 
Python and SAS 7% 
R and Python and SQL] 10% 
R and Python and SAS 2% 

Also, the combination of these three tools (R, Python and SQL Server) ig 
better than another set of tools (R, Python and SAS). Even if R and Python are 
similar languages, some distinctions are listed in Table 2.3



Table 2.3 Comparison of languages R and Python 

Feature Python R 

Libraries NumPy, SciPy, Pan- | Over 7500 libraries. 

das, Matplotlib, Scikit 

Learn, etc. 

Compiler Interpreted language Interpreted language 

Learning Easy to learn Hard to learn 

IDE PyCharm, Spyder, | RStudio, Red-R 

Anaconda 

Speed Slower than R Fast processing, especially 

after optimization of com- 

puting algorithms. 

Visualization | Pandas, ggplot libraries | ggplot2, gevis, rgl, htmlwid- 

.gets and googleVis. 

In this comparison, there is no doubt that R is the best choice. But it should 

be noted that other tools are sometimes better for non-professional users or for 

those who have no programming experience. 

2.9 Hadoop Family 

Apache Hadoop is an open source software suite that takes advantage of com- 

puter clusters to store and process a huge amount of data. It was initially built as 
Apaches projects to support web searching engine, later was inspired by Google’s 

file system(GFS) and programming paradigm. In 2008 Hadoop broke a world 

record by sorting TB of data in 209 seconds with less than 1000 clusters. Hadoop 

consists of three important components: the repository is HDFS and resource 

manager YARN, also processing part MapReduce programming paradigm. HDFS 
is a distributed, scalable and portable file system written in Java. HDFS allows 

to store large files on multiple machines. It provides reliability by replicating 

data to other data nodes, which causes redundancy. MapReduce allows to write 

applications for parallel processing of huge amounts of data on large clusters. 
MapReduce breaks up work into independent chunks, which are processed in par- 

allel by MapReduce tasks. Apache Spark is a unified analytic engine for large- scale 
data processing. Spark provides an interface for programming entire clusters with 
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implicit data parallelism and fault tolerance. Spark provides the same scalability 
and resilience as MapReduce, but works faster for a specific application due to 

a different data abstraction and multi-functional API. Apache Solr is an open 
source search platform. It is widely used for full-text search and analytics. Solr 
offers excellent filtering and aggregation capabilities through faceting. 

2.10 Literature review of comparing Apache’s Big 

data analytic platforms 

According to paper [9] by Dr. Urmila R. Pol, author explains working principles 

of Hadoop Mapreduce, Pig and Hive by comparing them between each other. 
Author mentions that writing MapReduce code with Java would require to write 

several lines of code, and would take more time if user is not good familiar with 
Java. In this case, using another approach to write MapReduce tasks like by 
writing them in Pig Latin or Hive SQL language would reduce development and 

testing time overall. As stated in the paper, even if Pig or Hive do not run as fast 

as MapReduce’s native Java, using them boosted data analysts productivity. It 
is because writing Pig script takes only 5 percent of that time which is needed to 

write in Java, however decreasing runtime performance. Thus, Hive and Pig are 

considered performance boosting tools for data analysts. Writing join functional- 
ity in java will be very complicated while using Hive SQL with several levels of 

nested FROM clauses. Some cases where pure Hadoop MapReduce is preferable 

than Pig or Hive is discussed in the article above, like: 

e Job where complicated form of distributed cache is required; 

e Job where optimization is needed in mapper or reducer level; 

Job where is needed some form of partitioning; 

Performance of Hadoop is much better than other two, even if they enhanc- 
ing their functionality kit and etc. 

Other technologies (Hadoop, Spark, Graphics Processing Unit (GPU) | High 

Performance Computing Clusters (HPC), Multicore processors and Field Pro- 
grammable Gate Arrays (F’PGA)) that can handle big data is reviewed in paper 
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[10], where authors first explained vertical and horizontal scaling, types of plat- 

forms/technologies along with their strength and weaknesses. Practical applica- 
tions with general idea when scaling up and scaling out should be preferred is 
given along with explanation of improving systems by selecting appropriate plat- 
form. Authors claim that cases where expandable platform, which can support 

huge amount of data, Hadoop MapReduce and Spark is perfect, especially if there 

is no need for real-time responses; whereas cases where queries are processed in 

real-time - vertical scaling is needed. We can add that if application needs to 
be processed not in real-time with high velocity, Spark is the best option; but if 
volume matters, Hadoop can handle far more than that of Spark, since it stores 

data in disk memory. Which of them should be used in exact situation is given 
by Alex Bekker, highlighting each’s dignity. Performance comparison between 
Hadoop and Spark was observed, where states that Spark runs in-memory 100 

times faster and 10 times on disk; for 100TB of data Spark has been recorded 3 

times quicker than MapReduce; also for k-means and Naive Bayes algorithms has 
been found to be faster. Advantage of Spark by its cyclic connection is also men- 
tioned along with prices of each tool:Hadoop is less costly than Spark. In terms 

of security and fault tolerance, Hadoop is recommended to be more secure and 
reliable. Implementation of K-means clusterization on MapReduce, MPI, GPU, 

and Spark is demonstrated in article [10]. K-means algorithm include in itself 
characteristics like: 

— Results of one iteration is waited for next iteration, and so on; 

— Tasks are intensively computed; 

— All local results need to be aggregated to find global: 

Performing this algorithm on MapReduce showed bottleneck on accessing disk 
while writing centroids after every iterations. While using MPI bottleneck ap- 

peared in peer-to-peer communication. Implementation on Spark was Similar to 

MapReduce, however global centroids are written to the memory instead of disk, 

which hasten processing and scale down overhead in Input/Output. 
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2.11 Literature review of integrating Big data an- 

alytic tools into curriculum 

Paritosh Goldar, Yogesh Rai, Santosh Kushwaha, 2016 made research on ongo- 
ing analytical and all-inclusive analysis of big data parallelization procedures and 
strategies. They explored its one of a kind characterizations based on the inves- 
tigative techniques and trials. The progressed and future methodologies of big 
data were investigated|11]. 

There are a few further future investigation of big data parallelization when it 

is incorporated with other essence usage of algorithms and programming. Sum- 
mary from Bhandarkar, M. structures and creates Hadoop applications and more 
elevated amount application systems to crunch a few terabytes of information, 
utilizing somewhere in the range of four to 4,000 PCs. Clarification for regular is- 
sues experienced in amplifying Hadoop application performance is examined [12]. 

Researchers from Arizona state university shared their experience in integrat- 
ing Big data analysing tools in their curriculum [13]. They defined challenges 
for computer science educators that. raise while organizing different BDMS tech- 
nologies(MapReduce, NoSQL with HBase, NewSQL) into learning units when 
including into the computing curricula. What is handful in this paper, authors 

provide class resources like in-class exercises, sample projects and programs to 
enable a hands-on experience with big data analysing tools. For consistent and 
durable data processing database systems are preferable according to the paper, 
while MapReduce is the right tool to analyze and get useful insights like agerega- 

tions, trends and correlations (for selling operations). As well as this, use cases 
for HBase is discussed: in messaging system as a right tool to run a query that 

quickly retrieves user’s messages by accessing randomly. In the same scenario, 
the MapReduce framework might be the best tool to run a job that processes the 

entire dataset and finds total number of messages by sender location. 

Big data projects included in curriculum of Stetson University by using Apache 
Hadoop, HDFS and MapReduce; Apache Hive; Apache Spark: and other tools are 
discussed in Joshua Eckroth’s work [14]. The principle learning objective there is 
that students show their ability to recognize which instrument is the most proper 
for explicit data examination exercises and create a model to pick right platform 

for each dataset. First, students were given 3GB dataset to analyze failure rate by 

19



plotting graphics, and find unique characteristics that have a higher proportion 
of failures: where students had to use RStudio, which was a painful process for 
R, because of slowing down it. Next, students were given more than 116GB XML 
files and needed to summarize a dataset by producing jobs with Java/Python in 
MapReduce. After that they were asked to write straightforward queries by using 
Hive, where they found that Hive is much easier to use than MapReduce for these 
kind of tasks. As well as this, machine learning tasks were given to be solved by 
using Spark Mahout VS Weka workbench. In decision matrix Hive was preferable 
in SQL-like queries whereas Spark was selected for image processing for big data. 
Theoretical differences alongside with comparison of performances of Hadoop and 
Spark is explained in International conference on I-SMAC 2017 as well [15]. In 

terms of batch and iterative processing, data storage and access rate, real time 
processing, working principles, and differences in computation are provided. Asa 
practical performance evaluation authors used two data sets: Wordcount problem 
by changing number of words for each iteration; problem related with predicting 
by using logistic regression method. For both cases they used single node cluster. 
As was expected, performance ratio of Spark over Hadoop was 2.82 whereas in 
iterative queries Spark was faster by 2.17 ratio. Even if Spark is faster for iterative 
queries, since it saves its data in a cache, and the size of that cache is limited, 
that is why second experiment showed fewer performance rate. 

Comparison of Hadoop and Spark was provided in many papers, for example, 
full-text search with more than 50GB on-disk Wikipedia data on a 20 node Ama- 
zon cluster took 20 seconds with Hadoop, while the same search took only 0.8 
seconds with an in-memory RDD. Advantage of storage model in Spark (RDD) 

guarantees fault tolerance that minimizes network I/O. 
Figure 2.1 compares execution of Spark VS Hadoop for changing quantities of 
iterations. In this test, 100 GB of information was processed on a cluster with 
50-node; Hadoop takes a consistent time for every emphasis of around 110 sec- 
onds. Interestingly, Spark takes 80 seconds for the introductory iteration to load 
data in memory, yet just six seconds for each consequent cycle [16]. 

By taking account all provided reviews of other researches, Big data course 
was planned carefully to fulfill graduate degree student's knowledge and some 
practical exercises were selected for each tool. 
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Figure 2.1: Performance of logistic regression in Hadoop VS Spark [16] 

2.12 Proposed Methods 

Comparing tools should be built on platform dependent and algorithm dependent, 

giving general view about strengths and weaknesses of big data systems based on 

tendency of each. However, it also should be counted that application based com- 

paring strongly depends on problem that needs to be solved. Google can be con- 

sidered a pioneer in the field of big data, which in 2003 described the distributed 

file system GFS (17], and in 2004 presented the computational model MapReduce 

[18] to the world. It was these publications that helped the developers of the 

free search engine Apache Nutch create the Hadoop project [19], which today has 

actually become synonymous with the term “big data”. Before looking at Hadoop 

more closely, you should answer the question: “why do we need another product 

if many NoSQL databases provide interfaces for MapReduce calculations?”. The 

answer can be obtained by considering the performance of modern hard drives. 

The average hard disk performance today is 100 MB / s, which means being 

able to read 1 TB of information in about 2.5 hours. Such depressing indicators 

can be improved by parallel reading from several disks. For example, the same 

1 TB can be read from 100 discs in 2 minutes. But after all, almost all NoSQL 

solutions support horizontal scaling, and therefore parallel disk operations? And 

here the key factor is the head positioning time. In order for the update and 

read operations to be efficient, NoSQL databases (CouchDB, MongoDB) have 

to use random access structures, such as B-trees [20]. So, if you refuse to arbi- 

trarily update the data and process the entire set consistently, you can achieve 
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a serious performance boost. This principle is the basis of the Hadoop architec- 

ture. Distributed file system HDFS is responsible for storing and organizing data 

in the Hadoop cluster. A whole ecosystem of projects has formed around Hadoop 

Apache Hadoop 

Apache Hadoop is an open-source software framework for parallel processing huge 

sets of data on large clusters (consisting from thousands of nodes) , built from 

reliable commodity hardware, by using simple programming model called MapRe- 

duce. Hadoop divides files into independent blocks, then distributes them to 

nodes, where they are summarized separately. Data is stored in HDFS, which 

is a distributed file system, where all files are neighboring set of bytes. Hadoop 

first implements map operations to each block of data from HDFS by sorting 

and redistributing results depending on key values, then second part (reducer) 

consists from collecting data items with same keys. Reducers can aggregate the 

intermediate results from mapper to generate final result and write them again 

to HDFS. Thousands of map aud reduce tasks run across different nodes in each 

cluster parallelly. 

YARN is one more component of Hadoop which is responsible for coordinating 

applications runtime. Survey about parallel data precessing with Mapkeduce ic 

accessible in [21|. Hadoop can mn distributed applieations on a large cluster corm. 

posed of general computing device, which uses a Master/Slaves structure which 

is depicted in Figure 2.2 

[ss MASTER 
[ Name Node } [ Job Tracker 

pn iia = 

eG AVE 

Data Node Task Tracker 

Figure 2.2: Master /Slaves structure of Hadoop cluster|22| 

Master responsible for NameNode and JobTracker. JobTrackers main duty js 

to initiate tasks, track and dispatch their implementation. NameNode ig like a 

bookkeeper, it keeps track of file blocks that were broken from file, by saving in 
memory which nodes have those blocks. In case of failure of NameNode, there 

exists Secondary NameNode for assisting monitoring over HDFS file blocks. 

22



Slave is responsible for DataNode and Task Tracker. TaskTracker deals with prepa- 

ration of local data and gathering result information as indicated by the states 

from applications and reports the states and executions to JobTracker. NameN- 

ode and DataNode are accused of satisfying HDFS assignments, while JobTracker 

and Task Tracker for the most part manage MapReduce tasks [22]. HDFS su- 

pervises capacity of the cluster by dividing approaching files into pieces, called 

"blocks", and stores every block repetitively over the pool of servers. In the reg- 

ular case, HDFS stores three complete duplicates of each record by replicating 

each piece to three distinct servers. In Figure 2.3 two step process of MapReduce 

Figure 2.3: MapReduce in action [22] 

:g shown. There is a Mapper and Reducer phase, the mapper function will inform 

the cluster which data block need to be retrieved. Function of reducer is to get 

and collect all of the data and aggregate. Hadoop is a batch processing, therefore 

MapReduce works on all of data inside clusters. 

Figure 2.4 shows example of using Hadoop for multimedia semantic classification 

to scale processing of large volumes of stored images and video. 

However HDF 18 not intended for the kind of workloads related with observing. 

HDFS expects to deal with huge records and high compose rates from relatively 

little quantities of writers. It isn’t intended for a huge number of simultaneous 

low-rate Inputs, and a huge number of little files. More awful, record are not no- 
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Figure 2.4: Using Hadoop to semantically classify video and images from’ social 

media sites [23] 

ticeable to readers until the file is closed, and by default HDFS don’t enable closed 

documents to be-revived for composing. Accordingly, some consideration must 

be taken in utilizing HDFS to help processing continuously rather than batch. 

The best way to share information between parallel tasks in MapReduce is to 

write it to a distributed file system, which adds considerable overhead because of 

‘nformation replication and disk I/O, taking 90 % of processing time. To avoid 

reinitialization of tasks forward scheduling was invented, source code is extended 

with adding caching ability|36]. Also, since MapReduce uses high level language 

like Java, it might be not easy to maintain working with clusters. There are 

diverse coding approaches besides Hadoop MapReduce, like Pig script and Hive 

interface, but both works on top of Hadoop Mapreduce. 

Apache Pig 

Apache Pig is a SQL-like platform that was built on top of MapReduce by Yahoo 

company, providing developers better control on MapReduce. As java has jvm, 

pig uses pig runtime as an execution environment. Fact says that 10 lines of 

code in pig will do the same as MapReduce with 200 lines java code. However, 

compiler converts pig latin into MapReduce, creating consecutive set of jobs. De- 

velopers can write functions in Python, Java, Javascript and Ruby, also in Groovy 

to extend Pig latin code, if needed. Storing, manipulating and executing data is 
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allowed in Pig. Pig Latin is made up of 2 components: dataflow language Pig 
Latin and it’s compiler, that converts script into MapReduce jobs that can be per- 
formed in Hadoop cluster. Figure 2.5 depicts architecture of Apache Pig, showing 
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Figure 2.5: Apache Pig Architecture [24] 

all components of framework. 

Apache Spark 

Apaches product, which also parallelly process data across clusters, was invented 

in 2012 at the AMPLab. Spark uses system memory, which makes it a way faster 
than Hadoop MapReduce, which reads and writes data to HDFS. Process of 
writing data to RAM is completed by using RDD(Resilient Distributed dataset). 
Spark Core plays significant role in coordinating scheduling, applying abstraction 
of RDD, optimizing and connecting Spark to proper filesystem. However, data 

transfer (I/O) between nodes still creates some network congestion. It runs on 

top of existing hadoop cluster and access HDFS, can also process structured data 

in Hive and Streaming data from HDFS, Flume, Kafka, Twitter [25]. 



1. Speed: Spark allows applications in Hadoop clusters to process up to 100 

times more rapidly in memory, and 10 times faster even on disk. It is 
conceivable due to ability of Spark by diminishing number of read ‘write to 

disc. All its intermediate data is stored in cache. It uses the concept of an 
Resilient Distributed Dataset, which enables it to straightforwardly store 

information on memory and endure it to disc just when it is required. This 

diminishes the vast majority of the reading and writing to disc — which is 

the main time taking factors in data processing. 

2. Ease of use: Spark lets you quickly write applications in Java, Scala, or 

Python. This encourages programmers to make and run their applications 

on their well-known programming language and simple to manufacture par- 

allel programming. There are more than 80 high-level operators in built-in 

set, that can be used interactively to inquiry information. 

3. Integrates SQL, streaming, and complex analytics. In addition to basic 

“map” and “reduce” operations, Spark maintains streaming data, SQL queries, 

and complex analytics such as machine learning and graph algorithms. Not 

just that, clients can join every one of these abilities in a solitary work 

process. 

4. Runs Everywhere Spark runs on Hadoop, Mesos, standalone, or in the 

cloud. It can get to various information sources including HDFS, Cassandra 

HBase, 53. 

Spark is preferred by High Performance and visualization computing lab, where 

I did my internship, they proposed extension of Spark - Vispark for MapReduce 

processing on GPU clusters. Significant pattern in the parallel programming 

network has been the utilization of fine-grained parallel processors which are reg- 

ularly utilized as GPU quickening agents on every hub of a group to help its al] 

out computational power. Research Internship at UNIST gave an opportunity to 

work with GPU accelerators for Spark, where the main research areas are: ‘GPU- 

accelerated large-scale biomedical image processing. 

Improving Input/Output time optimization for GPU workers in SPARK wags my 

task, for researched topic “Vispark: GPU- accelerated distributed visual comput- 

ing using Spark” [26] where for iterative processing was used GPU. In this research 
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GPU workers are introduced as managers of GPU context and caching data in- 
memory of GPU. Basically, Spark’s CPU workers are generated and stopped every 
time for each Spark operations, whereas recommended system with GPU workers 
stay until entire Spark runtime. For this reason, time is reduced by sharing data 
by several Spark operations in GPU memory without CPU- GPU and CPU-JVM 
data transfers. 

Hadoop Distributed File System 
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Spark RDD APIs; | 
™“. 

("CPU Worker Process (JVM) ) (GPU Worker Process {Python)) 
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' 
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\ 

: Off-Heap CPU M 1} eeu pen 

a a : pee) Li... GPU Device Memory _ - 

Figure 2.6: Architecture of proposed system with single GPU node, arrows- data 
flow between disk to worker processes and GPU[26] 

In current system which is depicted in Figure 2.6, iterative processing is done 

in each GPU memory by modifying content of GPU memory directly by rewriting 
existing objects in GPU with new ones. Accordingly, GPU enlarges memory of 
Spark by providing additional memory and can be maintained separately by user, 
which in case of iterative execution of GPU workers may produce performance 

bottleneck. To avoid bad pipelining in each GPU worker, my task was by imple- 

menting multithreading (pthreads) via socket, parallelize tasks (in this case A) for 

each GPU worker so that after socket is accepted through Network TCP /IP each 

of the following steps will be done parallelly for each task: 

1. Recv command data (only MSGSIZE) (Network TCP /IP) 

9. Check command (GPU_APIs) (CPU) 

3. Recv all data (MB, GB lt;2GB) (Network TCP/IP) 

4. GPU 
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When we have used 8 threads in each 8 nodes, with 16 GB data with different 

partition of it (16, 32, 64, 128) multithreaded GPU worker we achieved average 14 

% speed up. The best result while using 8 thread is 44 % for 64 partition. How- 

ever the main bottleneck is in HDFS-CPU JO, approach with only multithreading 

GPU workers was not enough. 

Apache Hive 

Hive was created by Facebook for programmers who are fluent with SQL to work 

in Hadoop environment, also uses MapReduce to analyze data stored in HDFS. 

It can process structured data in tables. However, unlike Hadoop developing 

map and reduce tasks, Hive offers a query language based statements and auto- 

matically translates them into one or more MapReduce jobs. Whereas Hadoop 

Streaming reduces the required code/compile/submit cycle, Hive requires only 

the composition of HiveQL statement. ; 

Figure 2.7: Hive Architecture|27| 

Figure 2.7 shows internal design of Hive. Hive also provides a declarative query 

language (the SQL-like HiveQL), which allows you to focus on which operation 

you need to carry out versus how it is carried out, that supports basic opera- 

tions like select, join, project, aggregate and union all. Therefore, anyone with 

a familiarity with SQL can use Hive. Users can load data from external sources 

and insert data operators (DML), respectively. Hive provides web based UlL,thus 
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user expects visualization of analyzed data via graphs, dots , ete. Drivers creates 

a session for a query and sends them to compiler, which in turn gets data from 

metastore. Based on Direct acyclic graph generated by compiler, next stages will 

be map/reduce job or operations on hdfs. 

Figure 2.8 apparently shows how Hive was built on top of Hadoop MapReduce. 
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Figure 2.8: Hive job execution flow [27] 

Next Figure 2.9 represents theoretical comparison of each big data analysing 

tool by their characteristics. It shows more qualitative relation between tools 

than quantitative, comparing characteristics like I/O performance for iterative 

processing, real-time processing, language, abstraction level, code efficiency and 

development effort. MapReduce, Pig and Hive are not basically used for real- 

asks, because they are slow in transferring data Input / Output 
time processing t 

between nodes. Therefore they receive only 2 out of 5. 

All of the frameworks can be scaled up to tens of thousands of nodes and fault 

tolerant. MapReduce, Pig and Hive are not designed for iterative processing, 

because data has to be written onto disk after each iteration, which creates a 
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Figure 2.9: Theoretical comparison of Big data tools 

huge bottleneck while disk I/O. However MapReduce has developed tools and 
frameworks, one of it is improved by Hadoop development, which is for improving 

iterative tasks, therefore they received 3 out of 5. Decision between Hadoop and 
Spark lays between whether user needs an off-the-shelf instruments or he needs 

optimization of cluster performance. 

Both Pig and Hive are wrappers for MapReduce, but their uniqueness is depicted 
in Table 2.1 below. Hive is utilized more by specialists and software engineers, and 

it is only used to inquiry and analyze enormous data sets stored in the Hadoop 

storage. Hive is most appropriate for batch processing jobs as opposed to work- 

ing with web log information and append-only information. Hive can’t work for 

Online Transaction Processing work types since it doesn’t give questioning con- 

tinuously and row- level updates.



Table 2.1: Comparing Pig and Hive 
Pig Hive 

Architecture of platform Data flow language SQL like language 
Applications where used Programming purposes Report creation 
Area of usage Client side Server side 

Avro files supporting Yes No 
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3. Research design and Method 

ology 

3.1 Selection of software tools for analyzing. big 

data for different tasks 

Linux is the official development platform for Hadoop. Hadoop can run in local 

mode, pseudo-distributed mode and in multi node clusters. All experiments in 

this thesis were carried out in pseudo and fully distributed mode. Installation 

instruction of Hadoop version 3.2.0 is fully given in [28] 

392 Data and experimental work 

This section includes experimental work 1- for comparing mentioned tools on real 

life data from kaggle using Amazon clusters, followed by experimental work 2- 

integrating these tools into Computer science curriculum for higher education, 

3.2.1 Experimental work 1 

Data has been processed in Amazon EMR cloud cluster, which provides managed 

frameworks like Hadoop, Spark, Presto and HBase with Jupiter based notebook. 

Amazon EMR is used due to its reliability, easiness, flexibility and elasticity, also 

to set same conditions for compared platforms. Instances that where applied for 

master is shown in Figure 3.1 - m4.large, has 4 cores with 16 GB RAM , and for 
workers-c4.xlarge with 4 cores and 8 GB RAM each. Furthermore no tuning was 

done on MapReduce, Spark and Pig, so that they had default settings. However, 

since Spark is not using all available cores that were given, it needs to be set 
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manually to use them, therefore some additional improvements on clusters were 

done. All provided codes are on Pig,since Pig latin is the most compact compared 
to other tools. 
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Figure 3.1: Selecting instances 

Before starting comparison mentioned tools, lyric dataset was preprocessed by: 

— deleting new lines in each row of song, so that each song takes one row; 

— all stop words and common words were deleted, like chorus, bridge, etc. 

First task is to find the most repeated (beloved) word for each singer, was 

done by simple Wordcount example in Figure 3.2 with Pig Latin language. Keys 

were singer names and values were words from their song lyrics. In Pig Latin 

GROUP keyword is used as @ mapper. 

As second task checking lyrics for plagiarism was chosen. That is necessity 

is to find pairs of song that have similar lyrics. Main concern of this problem 

is how to compare two documents efficiently, as a direct comparison ig not an 

due to possible small changes in the song. There are some approaches to option, 

uch as MinHash, SimHash, Word2Vec. However the purpose of solve this issue, § 
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REGISTER bigdata. jar; 

all_data = LOAD 'songdata_tabbed.csv' USING PigStcrage('\t'} as 

(singer:chararray, song:chararray, Lyrics:chararray), 

tokenized = FOREACH all_data GENERATE singer, 

kz.sdu.bdt.pig.Tokenizer{lyrics) as tokens; 

Flat = foreach tokenized generate singer, fliatten(tokens); 

grp = graup flat by ($0, $4); 

cnt = foreach grp generate flatten{qroup) as (singer, word), COUNT ($4); 

g = group ent by singer; 

result = foreach g { 

prods = order cnt by $2 desc; 

top_prods = limit prods 1; 

generate flatten(top_prods); 

hi 
--sarted = order result by So, 

dump result; 

Figure 3.2: Popular word among singers with Pig 

this research is to compare tools and implementation of such advanced algorithms 

might interfere with results. 
This is the reason why simple approach with Jaccard Similarity was chosen. 

ity [29] is equal to division of the size of the intersection of A and B 

f their union, where elements of the set are words in songs. Despite 

Jaccard similar 

sets to the size 0 

[AnB| _ |AnB{ 

|AuB| [Al+| 8] - [Anal 
JAB) = 

Figure 3.3: The Jaccard Similarity algorithm 

that Jaccard similarity works perfect for most of the time, this approach cannot 

be used alone while comparing text, because it does not take into consideration 

position of words in songs. For example: sentences “Alex loves Beth” and “Beth 

loves Alex” are considered exactly similar by plain Jaccard similarity algorithm 

but are not. To address this issue Shingling of lyrics is used. Song is divided in 
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shingles of 5 consecutive words. However it is easy to see that final size of shingled 
song is much bigger, so to slightly reduce memory usage all sentences are hashed 
to some Integer. For purposes of this research simple java String.hashCode() is 
used. Thereby second task is splitted into two different subtasks: Shingling of 
lyrics and finding Jaccard similarity of song regarding all other songs in dataset 

Shingling songs 

Continuous words are grouped into one object, k-shingled is an object from se- 

quential k words, it is also can be described as Kgram, if there is taken consecutive 
2 words then bigram, and so on. The arrangement of k-shingles of dataset with 

n words is considered as n k. It takes space O(kn) to store them all. In case if k 

is little, this is certifiably not a high overhead. Moreover, the space goes down as 

things are rehashed. Algorithm for shingling is simple: 

First, lyrics converted to lowercase. Then all non-letter characters are removed. 

Third, sub-sentences of 5 words are created. Finally, these sentences are hashed 

and outputted. 

Code below 3.4 is in Pig script, which allows hashing shingles despite it’s amount 

REGISTER bigdata.jar; 
all_data = LOAD ‘songdata_tabbed.csv' USING PigStorage('\t') 

as (singer: chararray, song: chararray, lyrics: chararray) ; 

= FOREACH all_data GENERATE CONCAT(singer, '|', song), min_hashed 
kz.sdu.bdt.pig.MinHasher(lyrics) as hashes: 

3 

dump min_hashed; 

Figure 3.4: Hashing shingles 

Jaccard similarity 

To calculate jaccard similarity, cartesian product was used for all hashed shingles 

in joiner, and only those lyrics that got jaccard similarity higher than 0.7 have 

been taken into account as the most similar pairs. Pig and Spark has prede- 

fned function for finding cartesian product, whereas in MapReduce it needs to 

be implemented from scratch.



REGISTER bigdata. jar; 

all_data = LOAD 'song hashes’ USING PigStorage(‘\t') 
as (song: chararray, hashes: chararray); ; 

all_data2 = FOREACH all_data GENERATE SOng as song2, hashes as hashes2; crossed = CROSS all_data, all_data2; 

jac_sim = FOREACH crossed GENERATE Song, song2, 
kz, sdu.bdt.pig.JaccardSimilarity(hashes, hashes2) 

as Jaccard_similarity: double; 
result = FILTER jac_sim BY song {= song2 AND jaccard_similarity > G.7's 
dump result; 

Figure 3.5: Jaccard similarity with Pig 

3.2.2 Experimental results 

Popular word among singers with Pig 

Figure 3.6 shows time distribution in seconds. As it can be seen launching dis- 
tributed jobs on small dataset provides no advantages over local mode. This might 
happen due to overhead of running task on distributed systems. Very likely that 
situation changes drastically on huge datasets. 

Popular word among singer 

igs MapReduce 

@ Pig 

Spark 

ial 

5workers(20 cores) 10 workers(40 cores) Local mode 

Figure 3.6: Time for "Popular word among singer” task 

Table 3.1 shows the sample of the result of running first task, which lists the most 
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' 

| 
| 

| repeated word in all songs for every singer. There are totally 643 singers in the 
] 

| 
| 

| ro) 

dataset. 

Table 3.1: Result of Popular word among singer” task 

n Syne love(298) 
ABBA love(189) 
Ace Of Base love(112) 

Adam Sandler like(74) 
Adele love(161) 
Aerosmith yeah (401) 
Air Supply love(514) 

Aiza Seguerra love(60) 
Alabaina love(367) 
Alan Parsons Project | know(78) 

Shingling songs 

Shingling 

5 workers(20 cores) 10 workers(40 cores) 
| Local mode 

Figure 3.7: Time for Shingling task 

Jaccard similarity 
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Figure shows that due to overhead of running jobs on distributed systems all tools 

perform better on local mode. However it can be seen that with increase of worker 

cores processing time decreases for all tools except Pig. 

§@ MapReduce 

3 Pig 

@ Spark



While previous two tasks took seconds for calculation, finding Jaccard simi- 

larity takes hours because each job needs to compare each hashed shingled sets 

with others, by applying [29] formula. It means that this task requires a lot of 

calculations. This is where power of distributed systems shines. Figure 3.8 shows 

that distributed systems perform more that 2 times better for MapReduce and 

Spark. More processing power added, less time required to process task. First 

surprise here is that MapReduce performs better on 10 workers than Spark, but 

Spark outperforms MapReduce on lesser workers. Reason might be that Spark 

limits processing power to some percent of available cores, whereas MapReduce 

takes all free processors. 

Second interesting outcome is that Pig takes same time to process the task regard- 

less cluster size. Problem is in default configuration where Pig launches only two 

reducers to complete job. This nullifies all advantages of distributed processing. 

Therefore Pig requires additional configuration to run smoothly. 

imiliarit 
liad mens 12:00:00 12:00:00 

G® MapReduce 

fay Pig 

M® Spark 

5 workers(20 cores) 10 workers(40 cores) 

38: Time for Jaccard Similarity Figure 

S le of results of finding plagiarism between singers is given in Table 3.9 

ample ‘ 
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Table 3.2: Result of running Jaccard similarity task 

ABBA - We Wish You A Merry Christmas Harry Belafonte - We Wish You A Merry Christmas 
Kenny Chesney - Pretty Paper Randy Travis - Pretty Paper 
Rihanna - Golden Girl Chris Brown - Golden Girl 

Lady Gaga - Nature Boy Natalic Cole - Nature Boy 
Lady Gaga - White Christmas Vince Gill - White Christmas 
Lady Gaga - Wintcr Wonderland Faith Hill - Winter Wonderland 

Johnny Cash - Cindy Nick Cave - Cindy 

Avril Lavigne - Imagine The Beatles - Imagine 

Backstreet. Boys - Cinderella Lionel Richie - Cinderella 

James Taylor - Santa Claus Is Coming To Town Harry Connick, Jr. - Santa Claus Is Coming To Town 
Rihanna - We Found Love Coldplay - We Found Love 

All three tasks with amount of workers with time consumed is written in table 

below. Green labels indicate the fastest tool for each task. So in firsts simple word 

Popular word among 
singer Min hash Jaccard similarity 

Local mode 

MapReduce 20s 7s 17.76 

Spark 1 4s 9s | 3 2h 

5 workers(20 

cores) 
52 1.8h 

MapReduce 84s _- s 

i 
Spark 42s 32s 1.6h 

10 workers(40 
cores) 

MapReduce 61s 42s 28m 
81s 36s 12h 

Pig . 
Spark AS 20s Sim 

Fi 3.9: Comparison by time taken for processing on each tool igure J.J: 

t task Spark calculates faster than other two. In constructing hashes from count tas 

shingles $ 

ability. I 

k works faster while using 5-10 cores due to its iterative processing ar : : 

‘he last. task where computing 1s needed Spark performed better in loca] nN J 
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mode and with 20 processing cores, whereas with 40 cores Hadoop MapReduce 

processed data 2 times faster than Spark. Red labels indicate the worst tool in 

each situation. Data from Figure 3.9 shows code amount for each mentioned 

tool for every task. MapReduce takes a lot effort from data analyser, it requires 

writing more than twice of code of Spark, and around 18 times more lines of code 

than it could be written in Pig for current task. This could be because Pig is 

scripting language, and needs minimum number of code lines. 

Table 3.3 shows code amount for each mentioned tool for every task. MapRe- 

duce takes a lot effort from data analyser, it requires writing more than twice of 

code of Spark, and around 18 times more lines of code than it could be written 

in Pig for current task. This could be because Pig is scripting language, and 

needs minimum number of code lines. Also, code written for Spark was in Java, 

if Python would have been selected, number of code lines decrease. 

Table 3.3: Amount of code needed for each tool 
Code amount | Popular word among singer | Min hash | Jaccard similarity 

MapReduce | 148 88 128 

Pig 16 5 7 

Spark 56 34 43 

3.2.3 Experimental work 2 

For the following in-class exercises was used pseudo-distributed mode of Hadoop 

which allows running MapReduce jobs on a single node where each Hadoop dae- 

mon runs on a different Java process. Total number of tasks was 15 for one 

semester, which is the duration of this course. The MapReduce programs that 

will be presented in the next sections make use of three datasets: 

e sdu-portal.log file; 

e 2 files with information about vectors; 

e twitter dataset; 

e 2 files about airlines - 2008 (csv) , airports.csv. 

Sdu.portal.log file contains which pages are being accessed, by whom, and when 

(date, by using which browser) from my.sdu.edu.kz web server. Each line of the 

A()



Twitter dataset contains the following comma separated values about twit ID, 
date and time, sender username, twit itself . Airline on-time performance dataset 

consists of flight arrival and departure details for all commercial flights within the 

USA, from October 1987 to April 2008. There are nearly 120 million records in 
total, and takes up 1.6 Gb of space compressed. 

1. Implementing MapReduce(in stand alone mode) program to: 

e Count URL access frequency of sdu-portal.log; 

Mapper and Reducer is executed in one java file, so that output of mapper 

goes to reducer directly. In mapper stage by using Pattern and Matcher 

classes, all HTTP codes are found like in Figure 3.10: In Shuffle and Re- 

Data in HDFS Input File 

10.100.0.253 - - [10/Sep’2017:06:54:39 +0600] "GET ‘passwForgal’ HTTP/1.1" 200 1588 
“hitpszimy.sdu edu.kz* “Mozilla/5.0 (Windows NT 10.0: Win64; x64) AppleWebKit/537.36 

(KHTML. like Gecko) Chrome/60.0.3112.113 Safarl/537.36" 

70.100.0.253 - - [1 1/Sep’2017:00:26:05 +0600] "GET Aogoutphp HTTP/1.1" 302 514 
"hitpsymy.sdu.edu.kzindex.php” "Mozilia‘5.0 (Linux: Android 6.0.1: Redmi 4X 

Build’MMB2SM) AppleWebKil537.38 aT ae Gecko) Chrome/54.0.2840.85 Mobile 
a 36" 

Line 3 

re - TE 

Map Map Map 

tnput 1: Input 2: Input 1: 

Output: Output: Output: 

2200", 1> <"302", I> <"200", I> 

Figure 3.10: Input and Output of Map task, shuffle stage 

duce stages all same keys are collected and their values summed up. Since 

frequency should be counted, second Reducer task is to divide each counted 

value to the total URL numbers. 

e Find in which period of time portal is loaded most, output is a list of all 

hours from most accessed to least 

e After extracting Date, hours are sent to Reducer with their values, where 

each hours value will be counted. 

product of two sparse vectors 

(A.txt, B.txt) 
2. Inner 

Input files: two vectors data 
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Output of the first MapReduce job should be multiplications of corresponding 

elements. 

To solve this problem, the first step is preprocessing in mapper step by joining 
two sparse vectors data into one file as key and value. In Reducer, list is used 

where it checks if there exists key: Next task is to calculate sum of all elements 

#ifusr/bin/python3 

import sys 

key=' 7” 

result={} 

for Ll in sys.stdin: 
rows=l.strip().split(".") 
Lf len(rows)>c: 

key=rows[ 3] 

value-float(rows[1]}) 

if result.get(key): 
result(key]-result[key]*value 

else: 

result[ key }-value 

for t in result: 
print(sir(i)+ |,’ +str(result.get(i))) 

Figure 3.11: Reducer code for vector 

by using aggregate function. 

3. Twitter dataset [30] Join trending word count and total word count and per- 

centage for each day from twitter dataset. Here Streaming API is used to write 

in Python. Hadoop Streaming enables commands to be used ag mappers and 

reducers. 

Given twitter data needs to be extracted by each word in that date, so that 

each line would contain date and word from twit separately, and number 

1(to count in reducer). 

The job of Reducer will be to count the occurrence of word for each date(outJ ) 

Next mappet’s task is to take output from previous reducer (date, word 

occurrence of word for that day) as input; and map only words with their 

values. Reducer is the same, however counts total occurrence of that word 

without date(out2). 

Last mapper sends two inputs (outl, out2) to reducer, and by Joining by 
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key as words, divide the number of each word by days to the total number 

of that word. 

4. task 9: By using Pig LOAD sdu-portal.log data and find link with maximum 

number of accesses. 

First by using load command in Pig SQL-like scripting language we load log file 

separating by blank spaces. Then from each line we take url address name (10’th 

field) and group line by value of url address field. In Pig it is needed to generate 

group (as group_name) where count function can be applied to taken url address 

names. Final step is sorting: order last output by result from count function 

above in descending order. There are total 5 lines of code. 

5. task 9.2 -LOAD 2008_flights.csv and output distinct flights sorted by flight 

distance 

By using Pig LOAD command 2008.csv file is loaded with comma delimiter. From 

all fields only need to select origin of flight, destination of flight and distance of 

flight. converted to integer. Pig has built in function DISTINCT to show only 

The output of DISTINCT is just ordered by distance field in unique flights. 

tal 5 lines are used to solve this problem, including loading 
descending order. To 

and showing(dump) the results. 

6. task 10.1 by using Hive- Create Table of Airlines and Load Hive 2008.csv: Find 

number of outgoing flights for each airpor 
| 

First part of task is - sql query to create new external tables with all fields from 

2008.csv and airports.csv. with correct data types. These two tables can be listed 

goes to python code to be parsed and joined through iatg 

Asakey value pair name of airport outgoing flights 

t with airport name. 

in one sql, which then 

field and saved in dictionary. 

for line in sys-stdin: 

line=Line.stripOl 

if len Line}>?} : “6, “4 a 

origin FlightNum-line[-"1, 
tivel). ae 

dict rare rordgin}=dict_L
ict-get (Origin, )*1 

elise: . 7 . 

iata, airport=line[®],tinel-] 

if dict _lict-get (latar? 

gict_lict(eirport!= 

split('**') 

dict_lict.poa(iata} 

lue in ict _lict.items(}s key=lembda item:(item(i], itemfc}))p::1); 

g 7 A & % 

> 

_ peda ("5 #5" 4 (keys value!) 

Figure 3 12: Sample pyspark code for finding number of outgoing flights 

from this airport 80¢S- 
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7. Implementing similar tasks like 5,6 by using Spark (+ Find all unique flights 
and their distances + average number of flights per day.) 
After loading 2008.csv file into pyspark we group all flights by origin and count 
number of flights (N) for each origin place: 

e To find average number of flights that flew every day we divided total 
amount of flights for each origin place(N) into 365. 

e To find unique flights and their distance we need to select Origin , destina 
tion and distance from all data, then use function distinct() 

8. By using api HiPi, find RGB histograms for each images, sort histograms by 
color intensity 

3.2.4 Experimental results 

_ To discover to which extent learning objectives were achieved and to evaluate the 
— integration of proposed tools to curriculum of master and PhD students, we used 

an end-of-class survey for participants in Big Data analytics course. While this 

was a small class, the results are promising. The survey provided Students with 

a number of detailed questions on the module. First, we asked about their levels 
_of proficiency on Java, Linux, and Python to understand level of undergraduate 
studies on Hadoop MapReduce. As given in Table 3.4 below, students enrolled 

the course with mostly intermediate knowledge to understand the Programming 
aspects of MapReduce and Linux file system for HDFS data locality. 

Table 3.4: Level of Proficiency 

Java Python Linux 

60% intermediate 467% intermediate 
77% intermediate 

15% advanced 15% advanced 

Next, the survey asked to estimate the time students spent on completing 

each assignment to determine whether the workloads of the assignments were 

appropriate. 
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Table 3.5: Time to Complete (1: less than 3 hours, 2: 
days, more than 3 days). 

4 to 8 hours, 3: 1 to 2 

Activity Time taken 
LetterCount based on WordCount 100% -less than 8 hours: 
2. Count URL access frequency with Java; 

3. Inner product of two sparse vectors 
75%-less than 8 hours(1,2): 

4. Period of time when portal is loaded most 84%-less than 8 hours 
5. Working with twitter dataset with Python 67%-less than 8 hours 
6. RGB histograms for each images, sort histograms 
33%-1-2 days; 
50%-more than 3 days 

25%-less than 8 hours: 

7. Counting URL access frequency using Pig; 

8. Distinct flights sorted by 

flight distance using Pig; 

9. Number of outgoing flights for each 

airport with airport name using Hive; 

10. Average number of flights per day using Spark 

84%-less than 8 hours 

Ii. All unique flights and their distances using Spark 

(67% within 3 hours , 

33% 4-8 hours ) 

100%-less than 8 hours 

12.Find the shortest backup flight 

for each unique flight using Spark 58% less than 8 hours; 
42%- more than 1 day 

As well as this, for each task was a question about complexity level of tool 

they needed to use exact for that task and complexness of task implementation 

itself. First three tasks were easy relatively, tool usage might took more time for 

implementing. For task 4 and 5, students (85%) responded this task as moder- 

ate/difficult, however tool usage was easy. Most difficult assignment for students 

was task 6, where 92% of them agreed with complexness of tool and assignment 

itself. The scor 

plicity of as 

e distributions for the next 4 assignments were very similar: sim- 

signment and tool usage in tasks 7,8,9,10,according to Students, was 

92%. Assignment where students were asked to find the shortest backup flight for 
QO. 

each unique flight using Spark was considered complex for implementing(83%) 

however easy for tool usage(92%). 
4



In the open ended questions, we asked them to write their opinion about which 

of the given assignments would be preferable to solve in Hadoop MapReduce. 

Apache Pig or Apache Hive, or Apache Spark based on their experience. As a 

preferable assignments for Hadoop MapReduce questions students voted mostly 

for tasks 1-6; also for the questions “In your opinion, which task is better to solve 

with Apache Pig/Hive/Spark?”, we received similar responses like:’all tasks which 

related to joining and counting huge data set”, “Data preprocessing”, “When you 

want to get faster computing ”, “ Almost all”, “When you have tables with data”, 

“Where data is structured”. 

The last option in survey was to evaluate their knowledge on each learned big 

data tool after passing this course. Student feedback about the course was con- 

sistently high in measures of relevance and usefulness, quality of the lecture ma- 

terials and appropriateness of assignments. More interestingly, students reported 

strong growth during the course: half of them felt themself as intermediate user 

of Hadoop and Spark.



4. Comparing Results 

Pig looks as total outsider on these tasks. The only advantage of Pig over other 

tool is abstraction. Pig latin very concise language and needs a few lines of code 

for all tasks. Pig can be considered only in cases when there is no programmers 

available. Spark is considered best all around tool to process big data due to its 

in-memory caching capabilities. However results of research show that in some 

cases MapReduce can outperform Spark. Spark provides greater abstraction level 

than MapReduce, thus requires much less code to complete tasks. Even though 

Spark showed worse results in some cases, for most tasks it performed the best. 

Adding here abstraction level and amount of languages available for working with 

Spark, makes Spark most preferable tool for processing such tasks out of compared 

ones. However, all experiments were done on tools without any tuning. Adjusting 

ers can radically change whole picture. Optimizing settings for 
launching paramet _ 

formance with new conditions could be the next 
tools and comparing them for per 

future work. 

Examples are used in this p : 

standalone and pseudo-distributed mode of Hadoop. Since the size of datasets 

were different, comparison by time is not efficient. Discussed examples giveg 
o learn big data analytic tools. Graduating students may gain 

that already use BDMsSs or are eager to use them to 

e large datasets they manage. Thus, it is important to 

.; dy of these systems as part of the computing curricula. 
integrate the stu . 5 from some limits like: absence of truly big datasets of TB 

However, course su multiple nodes. Nevertheless, we feel that students gain 

h big data tools, and their feedback indicates that they 

aper were solved by master and PhD students in 

good opportunity t 

employment in companies 

get better insights from th 

or larger; resources lik 

practical experience wit 

agree. 

This course diffe from similar courses at. other institutions in its wide range of 
rs 
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topics from small data analysis and visualization to big data processing. For a 

more focused course including data analysis components, review Linh B. Ngo [9], 

developed a course focused on Map-Reduce. Here some future works based on 

existing research is discussed. Map/reduce job of Hadoop are long running jobs 

that take minutes or hours to complete.. Chosen tools to solve this problem are 

essential, due to the fact that proper tools reduce cost of the project and ease 

of support. Also, implementation of each tool will be discussed in comparison of 

others. Future works will be dedicated to solving more analytical problems using 

other Big data tools and comparing their results. 

48



5. Conclusion 

The paper contains relevant research related to the review and analysis of available 

programming languages and distributed analytical solutions in the field of big data 

analysis. The object of the study was big data. The subject of the study were 

tools for analyzing big data, The aim of the work was to compare modern tools for 

working with big data, in order to compare their performance and effectiveness 

in integrating to computing curriculum. To achieve this goal, in the work, the 

following tasks were formulated and solved: 

— Reviewed software tools for analyzing big data; 

— Reviewed approaches to storing and processing big data; 

_ The selection of software tools for the analysis of big data for diverse tasks; 

— The analysis of the process of preparing and processing data; 

— Preferred platform for students for learning big data; 

— Completed testing and comparison of data analysis tools. 

The work consists of their introduction, three chapters, conclusion and list of 

references. In the introduction, the object, purpose and objectives of the. study 

are stated. In the first chapter of the work, a review of programming languages 

and software tools for analyzing and visualizing big data was made. The chapter 

describes various types of tools for analyzing big data in different areas. The 

analysis made it possible to determine which of them is more popular than others. 

It was noted that R is a common programming language for use in data analysis, 

whereas Spark is considered best all around tool to process big data. However 

of research show that in some cases MapReduce can outperform Spark. results 

The second chapter provides an overview of Apache platforms, the process of using 
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big data analysis tools for analyzing big data, by making theoretical comparison 

between selected tools. In the third chapter all experimental work is discussed: 

e Overview of problems that are solved using Hadoop, Pig, Hive and Spark: 

e Qualitative research was applied by collecting survey from master and PhD 

students about solving given analytical tasks and learning outcomes from 

the course; 

e Performance comparison of platforms by giving them the same initial set- 

tings on same problem and their results; 

Based on survey, structured data, data in tables are easier analyzed using Hive and 

Pig. Hadoop and Spark are preferred more than other two by students who have 

more programming skills. Sometimes Spark showed worse results in some cases, 

however for most tasks it performed the best. Hadoop was better performing for 

tasks where less iteration but more memory is needed. Adding here abstraction 

level and amount of languages available for working with Spark, makes Spark most 

preferable tool for processing such tasks out of compared ones. In conclusion, the 

results of the study are summarized and conclusions on the work are formed.
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