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Abstract: A huge repository ofpetabytes o f data is generated each day from modern information systems and 
digital technologies such as scientific data analysis, social media data mining, recommendation systems, 
and analysis on web service logs.The data has a huge power to directly guide us to knowledge detection. Big 
data in turn requires whole new approach and tools to handle it. Analysing these massive data requires a lot 
o f efforts to extract knowledge for decision making. Huge volumes o f data and its unstructured nature raise 
new challenges and issues regarding its management and processing. This paper covers some o f the most 
popular tools fo r analyzing big data. Hadoop, Spark and Pig are major and modern tools in big data analytics. 
Thus and so these tools were chosen for comparison. Results o f  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.
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YЛКЕН ДЕРЕКТЕРДІ ТАЛДАУ ЦАРАЛДАРЫН ЭНДЕР ЖИЫНТЫГЫН
ЦОЛДАНА САЛЫСТЫРУ

Ацдатпа: Деректердіц петабайттарыныц Yлкен репозйторййі кун сайын заманауи ащпараттыщ 
ЖYйелерден жэне гылыми деректерді талдаудан, элеуметтік медиа деректерін вцдеуден, усыныс 
ЖYйесінен жэне веб-щызмет журналдарынан талдау сиящты цифрлыщ технологиялардан жасалады. 
Деректер білімді аныщтауга тікелей багыттайтын зор кушке ие. Yлкен деректер, вз кезегінде, жаца 
тэсілмен вцделуге арналган щуралдарды щажет етеді. Бул массттік деректерді талдап мацызды 
деректерді табу жэне соган сэйкес шешімдер щабылдау квп куш жумсауды талап етеді. Деректердіц 
Yлкен квлемі жэне оныц щурылымдыщ емес сипаты оны басщару мен вцдеуге щатысты жаца 
мэселелерді тудырады. Бул мащала улкен деректерді талдаудыц ец танымал щуралдарыныц кейбірін 
щамтиды. Hadoop, Spark жэне Pig деректерді талдауга багытталган негізгі жэне заманауи щурал 
болып табылады, сондыщтан бул щуралдар салыстыру Yшін тацдалды. Осы зерттеудіц нэтижелері 
эртYрлі тапсырмалардыц эрщилы щуралдарды талап ететінін кврсетеді жэне барлыгы бірдей бір 
платформамен шешілмейді. Yлкендеректермен байланысты кезкелгенмэселелербагдарламашылардыц 
сапалы жэне жылдам жумыс жасаулары Yшін тшсті щуралды пайдалануларын щажет етеді.

TYMHdi свздер: улкен деректер, Hadoop, Spark, Pig, улкен деректерді талдау щуралдарын салыстыру
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СРАВНЕНИЕ АНАЛИТИЧЕСКИХ ИНСТРУМЕНТОВ ДЛЯ БОЛЬШИХ ДАННЫХ С 
ИСПОЛЬЗОВАНИЕМ НАБОРА ТЕКСТА ПЕСЕН

Аннотация: Огромное хранилище размерами в петабайты данных генерируется каждый день из 
современных информационных систем и цифровых технологий, таких как анализ научных данных, 
анализ данных в социальных сетях, системы рекомендаций и анализ журналов веб-служб. Данные 
обладают огромной силой, чтобы напрямую направлять нас к обнаружению знаний. Большие данные, 
в свою очередь, требуют совершенно нового подхода и инструментов для их обработки. Анализ этих 
массивных данных требует много усилий на разных уровнях для извлечения знаний и дальнейшего 
принятия решений. Огромные объемы данных и их неструктурированный характер порождают новые 
проблемы и вопросы, связанные с их управлением и обработкой. В этой статье рассматриваются 
некоторые из самых популярных инструментов для анализа больших данных -  Hadoop, Spark и Pig 
являются основными и современными инструментами для анализа больших данных, в связи с чем эти 
инструменты были выбраны для сравнения. Результаты этого исследования показывают, что для 
различных задач требуются разные инструменты и нет единого решения. Любые проблемы с большими 
данными нуждаются в том, чтобы разработчики использовали соответствующий инструмент, 
чтобы сделать работу более качественной и быстрой.

Ключевые слова: большие данные, Hadoop, Spark, Pig, сравнение платформ для больших данных

1. Introduction
Crucial changes in traditional data analyz

ing platforms are being m ade by B ig  data in 
inform ation era. 4 V ’s o f  B ig  data (Volume, Ve
locity, Variety, Variability) is increased to 5V: 
value is added. S in ce w e  have general k now l
edge about b ig  data’s other characteristics, Val
ue is the m ain point w hich  w e  need to consider  
w hen any kind o f  data is analyzed. Thus, to play 
out any sort o f  analysis on such volum inous and 
com plex inform ation, scaling up the hardware 
stages w inds up fast approaching and picking the 
correct tool turns into a significant choice i f  the 
clien t’s prerequisites should be fulfilled  in a sen
sible measure o f  tim e. There are a few  major big  
data analysing platforms accessib le w ith various 
attributes and picking the correct tool requires 
an inside and out learning about the abilities o f  
each [1]. C hoosing the right platform that can 
handle expanding amount o f  data and analyse  
them  by satisfying clien t’s dem and is the main  
aim o f  this paper. In this paper w e  w ill focus on 
A pache H adoop, P ig  and Spark; w ill be provided  
som e characteristics on each tool, highlighting  
advantages and disadvantages o f  each, fo llow ed  
by practical experim ents w ith m usic dataset by 
com paring m entioned too ls on:

- Iterative task support;
- Com puting tim e, how  fast results w ill be 

computed;

- Data access by I/O performance;
- Real tim e processing and fault tolerance
Song lyrics dataset for experim ent w ill be

used from [2], w hich  consists from 57650 item s 
o f  song and w ere gained from LyricsFreak. Data
set consists from only 4 columns: artist name, 
song name, U R L  reference as a link and unm od
ified lyrics o f  this song.

In this paper, w e  w ill compare m entioned  
too ls by analysing results for each o f  the fo l
low in g  tasks that w ill be done on H adoop M a
preduce, P ig  and Spark:

1. Finding the m ost popular word for each  
artist; (m ultiple transformations)

2. Finding sim ilar songs, consists o f  2 sub
tasks:

1) Shingling docum ents by length o f  5 
words (iteration)

2) R educing w ith Jaccard Similarity (com 
putation)

2. Literature Review
A. A pache H adoop
Apache Hadoop is an open-source software 

framework for parallel processing huge sets o f  
data on large clusters (consisting from thousands 
o f  nodes) , built from reliable com m odity hard
ware, by using sim ple programming m odel called  
M apReduce. Hadoop divides files into indepen
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dent blocks, then distributes them to nodes, where 
they are summarized separately. Data is stored in 
H DFS, w hich is a distributed file system , where 
all files are neighboring set o f  bytes. Hadoop first 
im plem ents map operations to each block o f  data 
from H DFS by sorting and redistributing results 
depending on key values, then second part (re
ducer) consists from collecting data item s with  
same keys. Reducers can aggregate the interme
diate results from mapper to generate final result 
and write them again to H DFS. Thousands o f  map 
and reduce tasks run across different nodes in each 
cluster parallelly. YA R N  is one m ore component 
o f  Hadoop w hich is responsible for coordinating 
applications runtime. Survey about parallel data 
processing w ith M apReduce is accessible in [3].

There are diverse coding approaches b e
sides H adoop M apReduce, like P ig  script and 
H ive interface, but both works on top o f  H adoop  
M apreduce.

B. A pache Pig
A pache P ig  is a platform that w as built on 

top o f  M apR educe by Yahoo Com pany, provid
ing developers better control on M apReduce. A s  
java has jvm , pig u ses pig runtime as an execu 
tion environment. Fact says that 10 lines o f  code  
in pig w ill do the sam e as M apReduce w ith 200  
lines java code. H ow ever, com piler converts pig  
latin into M apReduce, creating consecutive set 
o f  jobs. D evelopers can write functions in P y
thon, Java, JavaScript and Ruby, also in G roovy  
to extend P ig  latin code, i f  needed. Storing, m a
nipulating and executing data is allow ed in Pig.

C. A pache Spark
A paches product, w hich  also parallelly pro

cess data across clusters, w as invented in 2012  at 
the AM PLab. Spark u ses system  memory, w hich  
m akes it a w ay faster than H adoop M apReduce, 
w hich reads and writes data to H D FS. Process 
o f  writing data to R A M  is com pleted by using  
R D D  (R esilient Distributed dataset). Spark Core 
plays significant role in coordinating scheduling, 
applying abstraction o f  R D D , optim izing and 
connecting Spark to proper file system . H o w ev 
er, data transfer (I/O ) betw een nodes still creates 
som e network congestion.

D . A pache H ive
H ive w as created by F acebook for program

mers w h o are fluent w ith SQL to w ork in H adoop  
environment. It can process structured data in ta
bles. H ive uses H iveQ L , w hich  is SQ L-like que
ry language, that supports basic operations like  
select, jo in , project, aggregate and union all. U s 
ers can load data from external sources and insert 
data operators (D M L ), respectively.

A ccording to paper by Dr. Urm ila R. Pol, 
author explains w orking principles o f  H adoop  
M apreduce, P ig  and H ive by com paring them b e
tw een each other. Author m entions that writing 
M apreduce code w ith Java w ou ld  require writing  
several lines o f  code, and w ou ld  take m ore tim e 
i f  user is not good  fam iliar w ith Java. In this case, 
using another approach to write M apreduce tasks 
like by writing them  in P ig Latin or H ive SQL  
language w ou ld  reduce developm ent and testing  
tim e overall. A s stated in the paper, even i f  P ig  
or H ive do not run as fast as M apR educe’s native 
Java, using them boosted  data analysts produc
tivity. It is because writing P ig script takes only  
5 percent o f  that tim e w hich  is needed to write in 
Java, how ever decreasing runtime performance. 
Thus, H ive and P ig are considered performance 
boosting too ls for data analysts, according to this 
paper [4]. W riting jo in  functionality in java w ill 
be very com plicated w h ile  using H ive SQL with  
several leve ls  o f  nested FR O M  clauses.

Som e cases where pure H adoop M apR educe  
is preferable than P ig  or H ive is d iscussed in ar
ticle  [5], like:

•  job where com plicated form o f  distribut
ed cache is required;

•  Job where optim ization is needed in m ap
per or reducer level ;

•  Job where is needed som e form o f  parti
tioning;

•  Perform ance o f  H adoop is m uch better 
than other tw o, even i f  they enhancing their func
tionality kit and etc.

Other techn ologies (Hadoop, Spark, Graph
ics Processing U nit (GPU) , H igh Perform ance 
Com puting Clusters (HPC), M ulticore proces
sors and F ield  Programmable

Gate Arrays (FPGA)) that can handle big
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data is review ed in paper [6 ], where authors first 
explained vertical and horizontal scaling, types o f  
platform s/technologies along w ith their strength 
and w eaknesses. Practical applications w ith g en 
eral idea w hen  scaling up and scaling out should  
be preferred is g iven  along w ith explanation o f  
im proving system s by selecting appropriate plat
form. Authors claim  that cases where expandable 
platform, w hich  can support huge amount o f  data, 
H adoop M apReduce and Spark is perfect, espe
cially  i f  there is no need for real-tim e responses; 
w hereas cases where queries are processed in re
al-tim e - vertical scaling is needed. W e can add 
that i f  application needs to be processed not in 
real-tim e w ith high velocity, Spark is the best op
tion; but i f  vo lum e matters, H adoop can handle 
far m ore than that o f  Spark, since it stores data in 
disk memory. W hich o f  them  should be used in 
exact situation is g iven  in [7], h ighlighting each’s 
dignity.

Perform ance com parison betw een H adoop  
and Spark w as observed in article [8 ], w hich

states that Spark runs in-m em ory 100 tim es faster 
and 10 tim es on disk; for 100TB o f  data Spark has 
been recorded 3 tim es quicker than M apReduce; 
also for k-m eans and N a ive  B ayes algorithms 
has been found to be faster. A dvantage o f  Spark 
by its cyclic  connection is also m entioned along  
w ith prices o f  each tool: H adoop is less costly  
than Spark. In terms o f  security and fault toler
ance, H adoop is recom m ended to be m ore secure 
and reliable.

3. Proposed Method
Com paring too ls should be built on platform  

dependent and algorithm dependent, g iv ing  gen 
eral v iew  about strengths and w eaknesses o f  b ig  
data system s based on tendency o f  each. H o w 
ever, it also should be counted that application  
based comparing strongly depends on problem  
that needs to be solved.

Table b e low  represents theoretical compar
ison  o f  each b ig  data analyzing tool by its char
acteristics.

Language Abstraction
level

Development
effort

Code
efficiency

Data access/ 
data 
I/O

performance

fault
tolerance

real-time
processing

iterative task 
support

MapReduce Compiled Low Challenging High External
memory 5 2 3

Spark Compiled Medium Hard High In-memory
cache 5 5 5

Pig scripting High Easy Less External
memory 5 2 3

Hive SQL-like High Easier than
Рщ

Less External
memory 5 2 3

Table 1 Theoretical com parison o f  B ig  data tools

Table 1 show s m ore qualitative relation b e 
tw een tools than quantitative, com paring charac
teristics like I/O performance for iterative pro
cessing, real-time processing, language, abstrac
tion level, code efficiency and development effort. 
M apReduce, P ig and H ive are not basically  used  
for real-tim e processing tasks, because they are 
slow  in transferring data Input/output betw een  
nodes. Therefore they receive only 2 out o f  5.

A ll o f  the fram eworks can be scaled up to 
tens o f  thousands o f  nodes and fault tolerant.

M apReduce, P ig  and H ive are not designed  
for iterative processing, because data has to be

written onto disk after each iteration, w hich  cre
ates a huge bottleneck w h ile  disk I/O. H o w ev 
er M apReduce has developed too ls and fram e
works, one o f  it is im proved by H adoop devel
opment, w hich  is for im proving iterative tasks, 
therefore they received 3 out o f  5. D ecision  b e
tw een  H adoop and Spark lays betw een whether 
user needs a o ff-th e-sh elf instruments or he needs 
optim ization o f  cluster performance.

Data has been processed in A m azon EM R  
cloud cluster, w hich  provides m anaged fram e
works like H adoop, Spark, Presto and H B ase
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with Jupiter based notebook. A m azon EM R is 
used due to its reliability, easiness, flexibility  and 
elasticity, also to set sam e conditions for com 
pared platforms. Instances that where applied for 
master- m 4.large, has 4 cores w ith 16 GB RA M  
, and for w orkers-c4.xlarge w ith 4 cores and 8 
GB R A M  each. Furthermore no tuning w as done 
on M apReduce, Spark and Pig, so that they have 
default settings. H ow ever, since Spark is not us
ing all available cores that w ere given , it needs 
to be set m anually to use them ; therefore som e  
additional im provem ents on clusters w ere done.

B efore starting com parison m entioned tools, 
lyric dataset w as preprocessed by:

- deleting new  lines in each row o f  song, so 
that each song takes one row;

- A ll stop w ords and com m on w ords w ere  
deleted, like chorus, bridge, etc.

First task is to find the m ost repeated (be
loved ) word for each singer, w as done by sim ple  
word count exam ple in Picture 1 w ith P ig Latin 
language:

REGISTER b ig d a ta . ja r ;
a ll_ d a ta  = LOAD 'songdata_tabbed.csv' USING P igS torage(' \ t ' ) as ( s in g e r :cbararray, song:chararray, l y r i c s :cbararray) 
tokenized = FOREACH a ll_ d a ta  GENERATE s inge r, kz .sdu .b d t.p ig .T o k e n iz e r( ly r ic s )  as tokens; 
f l a t  = foreach tokenized generate s inge r, f la t t e n ( tokens); 
grp = group f l a t  by ($0, $1);
cn t = foreach grp generate fla tte n (g ro u p )  as (s in g e r, word), C0UNT($1);

g = group cn t by s inge r; 
re s u lt  = foreach g {

prods = order cn t by $2 desc; 
top_prods = l im i t  prods 1; 
generate fla tte n ( to p _ p ro d s ) ;

};
--so rte d  = order re s u lt  by $0; 

dump re s u lt ;

Pic.1 Popular word am ong singers w ith Pig

A s second task checking lyrics for p lagia
rism w as chosen. That is necessity  is to find pairs 
o f  song that have sim ilar lyrics. M ain concern o f  
this problem  is h ow  to compare tw o docum ents 
efficiently, as direct com parison is not an option, 
due to possib le small changes in the song. There 
are som e approaches to so lve  this issue, such 
as M inH ash[11], S im H ash[12], W ord2Vec[13]. 
H ow ever purpose o f  this research is to compare 
too ls and im plem entation o f  such advanced al
gorithm s m ight interfere w ith results. This is the 
reason w hy sim ple approach w ith Jaccard S im i
larity w as chosen.

Jaccard sim ilarity [10] is equal to d ivision  o f  
the size  o f  the intersection o f  A  and B sets to the 
size o f  their union:

\ A n  B\

I A\  + \ B\  - I A n B\

w here elem ents o f  the set are words in songs.
D esp ite  that Jaccard similarity w orks per

fect for m ost o f  the tim e, this approach cannot be 
used alone w h ile  comparing text, because it does 
not take into consideration position o f  w ords in 
songs. For example: sentences “A lex  loves B eth” 
and “Beth loves A lex ” are considered exactly  
sim ilar by plain Jaccard similarity algorithm, but 
are not. To address this issue Shingling o f  lyr
ics is used[9]. Song is divided in shingles o f  5 
consecutive words. H ow ever it is easy to see that 
final size o f  shingled song is m uch bigger, so to 
slightly reduce m em ory usage all sentences are 
hashed to som e Integer. For purposes o f  this re
search sim ple java  String.hashCode() is used.

Thereby second task is spitted into tw o dif
ferent subtasks: Shingling o f  lyrics and finding 
Jaccard similarity o f  song regarding all other 
songs in dataset.
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Shingling songs sub-sentences o f  5 words are created. Finally,
A lgorithm  for shingling is simple: these sentences are hashed and outputted.
First, lyrics converted to low ercase. Then Code b elow  is in P ig script, w hich  allow s

all non-letter characters are rem oved. Third, hashing shingles despite its amount.

R E G I S T E R  b i g d a t a . j a r ;
a l l  d a t a  =  LOAD ' s o n g d a t a _ t a b b e d . c s v '  U S I N G  P ± g S t o r a g e ( ’ \ t ' )  a s  ( s i n g e r : c h a r a r r a y f s o n g : c h a r a r r a y ,  l y r i c s : c h a r a r r a y )  
m i n  h a s h e d  — FOR E A CH  a l l  d a t a  G E N E R A T E  C O N C A T ( s i n g e r , ’ | * ,  s o n g ) ,  k z . s d u . b d t . p i g . M i n H a s h e r ( l y r i c s )  a s  h a s h e s ;

d u m p  m i n  h a s h e d ;

Pic. 2 H ashing shingles

Jaccard similarity
To calculate jaccard similarity, Cartesian 

product w as used for all hashed shingles in jo in 
er, and only those lyrics that got jaccard sim ilar
ity higher than 0 .7  have been taken into account

as the m ost sim ilar pairs. P ig and Spark has pre
defined function for finding Cartesian product, 
whereas in M apReduce it needs to be im ple
m ented from scratch.

REGISTER bigdata.jar;
all_data = LOAD 'song_hashes' USING PigStorage('\ t *) as (so ng: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, k z .sd u.b d t .p i g .JaccardSimilarity(hashes, hashes2) as jaccard_similarity:double; 
result = FILTER jac_sim BY song != song2 AND jaccard_similarity > 0.7; 
dump result;

Pic. 3 Jaccard sim ilarities w ith P ig

4. Experimental results
A. Popular word am ong singers w ith P ig
Fig. 1 show s tim e distribution in seconds. 

A s it can be seen launching distributed jobs on  
sm all dataset provides no advantages over local 
m ode. This m ight happen due to overhead o f  run
ning task on distributed system s. Very likely  that 
situation changes drastically on huge datasets.

Table 2 show s the sam ple o f  the result o f  
running first task, w hich  lists the m ost repeated 
word in all songs for every singer. There are to
tally 643 singers in the dataset. Fig. 1 Time for “Popular word among singer” task

n Sync 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)
Alabama love(367)
Alan Parsons Project know(78)

Table 2. R esult o f  “Popular word am ong singer” 
task

B. Shingling songs
Figure 2 show s that due to overhead o f  run

ning jobs on distributed system s all tools perform  
better on local m ode. H ow ever it can be seen  that 
w ith increase o f  worker cores processing tim e 
decreases for all tools except Pig.

W hile previous two tasks took seconds for cal
culation, finding Jaccard similarity takes hours be
cause each job needs to compare each hashed shin
gled sets with others, by applying [10] formula.

102



ФИЗИКО-МАТЕМАТИЧЕСКИЕ И ТЕХНИЧЕСКИЕ НАУКИ

Fig. 2 Time fo r  Shingling task

C. Jaccard sim ilarity

It means that this task requires a lot o f  calcu
lations. This is where power o f  distributed systems 
shines. Fig. 3 shows that distributed systems per
form more that 2 times better for M apReduce 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 less
er workers. Reason might be that Spark limits pro
cessing power to some percent o f  available cores, 
whereas MapReduce takes all f ree processors.

Second interesting outcom e is that P ig takes 
same tim e to process the task regardless cluster 
size. Problem  is in default configuration where 
P ig launches only tw o reducers to com plete job. 
This nullifies all advantages o f  distributed pro
cessing. Therefore P ig requires additional con
figuration to run smoothly.

ABBA - We Wish You A 
Merry Christmas

Harry Belafonte - We Wish You A 
Merry Christmas

Kenny Chesney - Pretty 
Paper Randy Travis - Pretty Paper

James Taylor - I Didn’t 
Know What Time It Was

Ella Fitzgerald - I Didn’t Know 
What Time It Was

Robbie Williams - Do 
Nothing Till You Hear 
From Me

Ella Fitzgerald - Do Nothing’ Till 
You Hear From Me

Rihanna - Golden Girl Chris Brown - Golden Girl
Lady Gaga - Nature Boy Natalie Cole - Nature Boy
Lady Gaga - White 
Christmas Vince Gill - White Christmas

Lady Gaga - Winter 
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

Table 4. R esult o f  running Jaccard sim ilarity  
task

A ll three tasks with amount o f  workers with  
time consumed are written in table below. Green 
labels indicate the fastest tool for each task. So 
in first’s simple word count task Spark calculates 
faster than other two. In constructing hashes from  
shingles Spark works faster while using 5-10 cores 
due to its iterative processing ability. In the last task 
where computing is needed Spark performed better 
in local mode and with 20  processing cores, where
as with 40 cores Hadoop M apReduce processed  
data 2 times faster than Spark. Red labels indicate 
the worst tool in each situation.

Jaccard Similiarity
12:00:00 12:00:00 12:00:00

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

Fig. 3 Time fo r  Jaccard Similarity

Sam ple o f  results o f  finding plagiarism  b e
tw een  singers is g iven  in Table 4.

Popular word 
among singer

Min
hash

Jaccard
similarity

Local mode
MapReduce 20s 7s 7.7h

Pig 38s 18s 12h
Spark 14s 9s 3.2h

5 workers (20 cores)
MapReduce 84s 52s 1.8h

Pig 82s 36s 12h
Spark 42s 32s 1.6h

10 workers (40 cores)
MapReduce 61s 42s 28m

Pig 81s 36s 12h
Spark 24s 20s 51m

Table 3. Com parison by tim e taken for 
processing on each tool

103



ВЕСТНИК КАЗАХСТАНСКО-БРИТАНСКОГО ТЕХНИЧЕСКОГО УНИВЕРСИТЕТА, №4 (51), 2019

Table 4 show s code amount for each m en
tioned tool for every task. M apReduce takes a 
lot effort from data analyzer, it requires writing  
m ore than tw ice  o f  code o f  Spark and around 18 
tim es m ore lines o f  code than it could be written 
in P ig  for current task. This could be because Pig  
is scripting language, and needs m inim um  num 
ber o f  code lines.

Code amount Popular word 
among singer

Min hash Jaccard
similarity

MapReduce 148 88 128
Pig 16 5 7
Spark 56 34 43

Table 4. Amount o f  code needed for each tool

5. Conclusion and future works
P ig  looks as total outsider on these tasks. 

The only advantage o f  P ig over other tool is ab
straction. P ig  latin very concise language and 
needs a few  lines o f  code for all tasks. P ig can

be considered only in cases w hen  there is no pro
grammer available.

Spark is considered best all-around tool to  
process b ig  data due to its in-m em ory caching  
capabilities. H ow ever results o f  research show  
that in som e cases M apReduce can outperform  
Spark. Spark provides greater abstraction level 
than M apReduce, thus requires m uch less code  
to com plete tasks. E ven though

Spark show ed w orse results in som e cases, 
for m ost tasks it perform ed the best. A dding here 
abstraction level and amount o f  languages avail
able for w orking w ith Spark, m akes Spark m ost 
preferable tool for processing such tasks out o f  
compared ones.

H ow ever, all experim ents w ere done on 
too ls w ithout any tuning. A djusting launching  
parameters can radically change w h ole  picture. 
O ptim izing settings for tools and comparing 
them  for perform ance w ith new  conditions could  
be the next future work.
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