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Abstract. An extensive archive of petabytes of data has been generated
from modern information systems and digital technologies such as scientific
data analysis, social data analysis, reference systems and Internet services
journals. To investigate and extract knowledge from this enormous data much
effort is needed. Due to this, Big Data Management Systems need to be
integrated as part of the computing curriculum. In this article, we present
examples of analysed tasks that can be processed as large data projects using
Apache Hadoop, and it’s Map — Reduce, Apache Spark, Hive and Pig by
demonstrating how each type of system can be integrated via sample datasets
and data analysis tasks. The aim of this paper is to show how Big data
analyzing tools can be educated through sample tasks, their solution and
implementation.
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fekk

Anparna. JlepextepziH netabalTTapbIHBIH YJIKEH PENo3UTOpUidi KYH
CallblH 3aMaHayH aKHapaTThIK >KYHelIeplIeH JKOHE FhUIBIMH JAepeKTep/i
TalgayAaH, QNEYMETTIK Meaua JepeKTepiH OHICYACH, YCBIHBIC XKYHECiHEH
KOHE  BEO-KbI3MET  JKypHaIJapblHaH  Tanfgay  CHAKTB  IUQPIBIK
TEXHOJIOTUSIIAp/IaH jKacaiazpbl. bya MacCHUBTIK JepekTepi Tajjan MaHbI3IbI
JIepekTepAl Taly »oHE COFaH CoMKec WIemiMaep KaObuigay — Kem KYII
xKyMcayapl Taman eremi. byn ¢akr ecenteymin Oip Oeiri peTiHIe YIJIKEH
JIepekTepal 0ackapy >KyHenepiH 3epTTeyal WHTerpalusuIayblH KaKEeTTUIITH
Tyaslpanel. byn wmakamaga Apache Hadoop, HDFS sxone Map-Reduce
KOMETIMEH YVJIKEH JepeKTep >koOamapblHa Oactama peTiHAEe MIeNIreH
aHAJTUTHKAJIBIK MAceNeIepAiH Mblcainapsl kentipinren; Apache Spark; Apache
Hive xone Apache Pig apkbuibl KenemiekTe MbIcanaap Kenaipiiaesi; KyHeHiH
opOip  TYpi  JAepeKkTep  KUBIHTBIFBIMEH JKOHE  JEpeKTepAl  Tanaay
TalChIPMATAPBIH  OPBIHAAY AaPKBUIBI JKOFApFbl OKY IIPOIECCiHEe Kaial
eHri3inyiHe OonaTelHBIH KepceTemi. Ocbl MaKalaHbIH  MaKcaThlY IKSH
JEpeKTepAl Taljay KypaJJapblH YATUIIK TamnchlpMajgap MEH OJiapAbl IIEITy
XKOHE 1ICKEe achlpy OJICTepIMEH OKBITYFa OOJIATBIHIBIFBIH KOpPCeTy OOJIbII
TaOBUIAIBL.
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Tyiiin ce3mep: yJIKeH IepeKTep, JKOrapbl OuTiM Oepy »Kykeci yIIiH

nepekrepai exzaey, hadoop, spark.
L

AnHoTanus. OrpoMHOE XpaHWINIIE pa3MepaMH B MeTabalThl TaHHBIX
TeHepUpyeTCcsl KaKIbI JIeHb W3 COBPEMEHHBIX MH(OPMALMOHHBIX CHCTEM H
U(POBBIX TEXHOJOTHHA, TAKUX KaK aHATN3 HAYYHBIX JaHHBIX, aHAIIU3 JaHHBIX
B COLIMAJIbHBIX CETAX, CHUCTEMbl PEKOMEHJAIMl M aHaIW3 >XKypHAJIOB BeO-
CIIy’k0. AHaNM3 3TUX MACCUBHBIX JTAHHBIX TPEOYIOT MHOTO YCHJIMH Ha pa3HBIX
YPOBHSX MUl U3BJCYEHUS 3HAHUW M NATbHEHIIEro MPUHATHS PELICHU. DTOT
¢akT cozmaer HEOOXOJUMOCTh MHTEIPUPOBATh M3YUEHUE CHCTEM YIPaBIICHUS
OOJBITMMHU JTAaHHBIMH KaK 4acTh KOMIIBIOTEPHOHN yueOHOU mporpamMmbl. B atoi
CTaThe NPEACTABJICHBI NMPUMEPHl AHATUTHUECKUX MPOOIEM, KOTOpBIE MOTYT
ObITh pelIeHbl B BUJE BBEACHHUS B IMPOEKTHl OONBIINX JAHHBIX C
ucnonb3oBanueM ApacheHadoop m Map-Reduce; ApacheSpark, Hive, Pig B
Oynymmx paboTax; IEMOHCTPHUPYS, KaK KaKIbIH THUIl CHCTEMBI MOXXET OBITh
MHTETPUPOBAH C MOMOIIBIO BHIOpPAaHHBIX HAOOPOB NAHHBIX M 3ajay aHalu3a
naHHbIX. Llenb 3To# cTaThu — MOKa3aTh, KaK HHCTPYMEHTAM aHalu3a OOJbIINX
JAHHBIX MOXHO OOYYHUTH CTYIEHTOB C IIOMOUIbIO IMPHMEPOB, 33134, HUX
pelIeHUs U peaTu3aluu.

KawueBble cjioBa: Ooipliue JaHHBbIE, OOy4YeHHE aHAIU3y NaHHBIX,
hadoop, spark.

Introduction

Big Data is modifyinghealthcare, engineering, science, finance and
business, and eventually our society itself. Common use cases are:

e Analyzing logs of web pages;

e Risk modeling with unstructured data;

e Social sentiment analysis;

e Image classification for health care, for example;

Thus, the integration of this course aims to expose students to various
tools and techniques by developing amodel for decision-making to select the
right tool for any big data problem. An important contribution of this work is
description of sample projects and class exercises, their solutions and how
these resources support the learning outcomes by analyzing survey provided at
the end of the semester, allowing practical experience with big data
technologies.

Literature review

Since large data is still developed as an important research area and
new findings and tools are constantly evolving, this chapter does not include all
possibilities and focuses on providing a list of present realistic tools, techniques
and methods for parallelization of big data by the work of other researches on
these issue.
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Paritosh Goldar, Yogesh Rai, Santosh Kushwaha, 2016 made research on real
time analytical and comprehensive analysis of big data parallelization
techniques and methods. They investigated its unique characterizations based
on the analytical methods and experiments. The advanced and future
approaches of big data were reviewed[1]. There are several further future
analysis of big data parallelization when it is integrated with other core
implementation of programming and algorithms.

Summary from Bhandarkar, M. explains how to design and
developHadoop applications and advanced application systems running
between 4 and 4000 computers for terabytes of data. The idea of general
problems in expanding performance of Hadoop is examined[2].

Researchers from Arizona state university shared their experience in
integrating Big data analysing tools in their curriculum[3]. They defined
challenges for computer science educators that raise while organizing different
BDMS technologies(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 implement firsthand experience with big data analysing tools.
For consistent and durable data processing database systems are preferable
according to the paper, while Map-Reduce is an appropriate tool for analyzing
and receiving useful information like aggregations, trends and correlations (for
selling operations).

As well as this, use cases for HBase is discussed: in the messaging
system, it is the right tool to run a query that pulls the user's message quickly
when it is randomly accessed. In the same case, framework Map-Reduce
considered to be the best tool to run a job which perform oncomplete dataset
and finds total number of messages by location of sender.

Big data projects included in curriculum of Stetson University by using
Apache Hadoop, HDFS and Map-Reduce; Apache Hive; Apache Spark; and
other tools are discussed in Joshua Eckroth’s work [4]. The main learning aim
there is that students show the ability to select which tool is the most
convenient for particular data analysis tasks and build model to choose right
tool for each dataset. First, students were given 3GB dataset to analyze failure
rate by 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 Map-Reduce. After that they were asked to write
straightforward queries by using Hive, where they found that Hive is simpler to
use than Map-Reduce 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.
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Theoretical differences alongside with comparison of performances of
Hadoop and Spark is explained in -SMAC 2017 as well [5]. In terms of batch
and iterative processing, data storage and access rate, real time processing,
working principles, and differences in computation are provided. As a 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 it’s 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 5S0GB on-disk Wikipedia data on a 20
node Amazon cluster took 20 seconds with Hadoop, whereas with an in-
memory RDD the same query took only 0.8 seconds [6]. Advantage of storage
model in Spark (RDD) guarantees fault tolerance that minimizes network
I/O.[7]

Figure 1 compares performance of HadoopversusSpark for fluctuating
numbers of iterations. In this experiment, 100 GB of data on a 50-node
Hadoopclusterstakes approximately 110 secondsper each iteration. However,
Spark takes for the first iteration 80 secondsto load the data intoRAM, but for

each nextiterations 6 seconds! [7]
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Fig.1. Performance of logistic regression in Hadoop V'S Spark [7].

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.

Data processing withhadoop map-reduce

For the following in-class exercises was used pseudo-distributed mode
of Hadoop which allows Map-Reduce jobs on a single node where each
Hadoop daemon runs on a different Java process. Total number of tasks was 15
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for one semester, which is the duration of this course. The Map-Reduce
programs that will be presented in the next sections make use of three datasets:
® sdu-portal.log file;
o 2 files with information about vectors,
® twitter dataset;
o 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 Twitter dataset contains the following comma
separated values about twit ID, date and time, sender username, twit itself .
Airline on-time performance dataset hasdetails about flight arrivals and
departuresfor all commercial flights in the USA, from October 1987 to April
2008. Total dataset contains 120 million records, and takes up 1.6 Gb of
compressedspace.

1. Implementing Map-Reduce(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:

Data in HDFS Input File

10.100.0.253 - - [10/Sep/2017:06:54:39 +0600] "GET /passwForgot/ HTTP/1.1" 200 1568
"hitpsz/my.sdu.edu.kz” "Mozilla/5.0 (Windows NT 10.0; WinG4; x64) AppleWebKit'537 .36
(KHTML, like Gecko) Chrome/60.0.3112.113 Safari/537.36"

10.100.0.253 - - [11/Sep/2017:00:26:05 +0600] "GET /logout.php HTTP/1.1" 302 514
"hitps/my.sdu.edu kz/index.php” "Mozilla/5.0 (Linux: Android 6.0.1; Redmi 4X
Build/MMB28M) AppleWebKit’537.36 (KHTML, like Gecko) Chrome/54.0.2840.85 Mobile
Safari/537.36"

Line 3

Node 1 Node 2 AERE
Map Map Map
Input 1: Input 2: Input 1:
Output: Output: Output:
<"200", 1> <"302", 1> <"200", 1>
N S N N S

Fig. 2. Input and Output of Map task, shuffle stage
In Shuffle and Reduce 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.
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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.
2. Inner product of two sparse vectors
Input files: two vectors data (A.txt, B.txt)
Output of the first Map-Reduce 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:

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

Fig.3 Reducer code for vector
Next task is to calculate sum of all elements by using aggregate
function.

3. Twitter dataset [8].
Join trending word count and total word count and percentage for each day
from twitter dataset. Here Streaming API is used to write in Python. Hadoop
Streaming enables commands to be used as mappers and reducers.

e 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).

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

e Next mapper’s task is to take output from previous reducer (date, word,
occurence 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(out?2).

e Last mapper sends two inputs (outl, out?) to reducer, and by joining
by 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 /oad 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 lineby value of url address field. In Pig
it is needed to gemerate group (as group name) where count function can be
applied to taken url address names. Final step is sorting: order last output by
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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 unique flights. The output of DISTINCT is just
ordered by distance field in descending order. Total 5 lines are used to solve
this problem, including loading 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 airport with airport name.

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 in one sql, which then goes to python code to be parsed and

joined through iatafield and saved in dictionary.
sys.stdin:
ip(ilsplit{ vt}

for lipe in

line=

if ler -
Origin, FlightNum=1ine[18], l1ine[93]

dict_lict[Originj=dict_lict.get(Origin,8)+1

iats, sirport=line[@],1line[1]
if dict_lict.get(iata)
dict lict[airportl=dict lict.pop(iata)

for key, value in sorted(dict lict.items{), key=lambda item:{item[1], item[8I))[::1]

print("¥s:%s" % (key, value))

Fig.3. Sample pyspark code

As a key & value pair name of airport & outgoing flights from this
airport goes.
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 ,
destination and distance from all data, then use function distinct()

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

Discussion
To discover how much learning aims were reached and to assess the
integration of proposed tools to curriculum of master and PhD students, we
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took survey from participants in Big Data analytics course. While this was a
small class, the results are encouraging. The survey provided students with
aseveral of specific questions about the module. First, we asked about their
levels of competence on Java, Linux, and Python to understand level of
undergraduate studies on Hadoop Map-Reduce. As given in Table 1 below,
students enrolled the course with mostly intermediate knowledge to understand
the programming aspects of Map-Reduce and Linux file system for HDFS data
location.

Table I
Level of Proficiency
Java Python Linux
60% 46% 77%
intermediate intermediate intermediate
15% 15%
advanced advanced

Next, the survey asked to measure the time students spent on finishing
each assignment to determine whether the workloads of the assignments were
appropriate.

Table 11
Time to Complete (1: less than 3 hours, 2: 4 to 8 hours, 3: 1 to 2 days,
more than 3 days).

Activity Time taken

1. LetterCount based on 100% -less than 8 hours;
WordCount
2. Count URL access 75%-less than 8 hours(1,2);

frequency with Java;
3. Inner product of two
sparse vectors

4. Period of time when portal 84%-less than 8 hours
is loaded most

5. Working with twitter 67%-less than 8 hours
dataset with Python

6. RGB histograms for each 25%-less than 8 hours; 33%-
images, sort histograms 1-2 days; 50%-more than 3 days

7. Counting URL access 84%-less than 8 hours
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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

11. All unique flights and 100%-less than 8 hours(67%
their distances using Spark within 3 hours + 33% 4-8 hours )

12. Find the shortest backup 58% less than 8 hours; 42%-
flight for each unique flight using | more than 1 day
Spark

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 moderate/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 score dispersion for the next 4
assignments were very similar: simplicity of assignment 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 each unique flight using Spark
was considered complex for implementing (83%), however easy for tool
usage(92%).

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 Map-
Reduce, Apache Pig or Apache Hive, or Apache Spark based on their
experience. As a preferable assignments for Hadoop Map-Reduce 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 computingy,
«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. Overall student’s feedback about
the course was consistently high based onimportance and practicality, quality
of the lecture materials and suitableness of assignments. More interestingly,
students expressed strong growth during the course: half of them felt themself
as intermediate user ofHadoop and Spark.
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Conclusion

Examples are used in this paper were solved by master and PhD
students in standalone and pseudo-distributed mode of Hadoop. Since the size
of datasets were different, comparison by time is not efficient. Discussed
examples gives good opportunity to learn big data analytic tools.

Graduates can work for companies that already use BDMS or want to
use them to get better insights from the large data sets they manage. Therefore,
it is important to integrate research into these systems as part of curriculum.

However, course suffers from some limits like: absence of truly big
datasets of TB or larger; resources like multiple nodes.

Despite this, we believe that students will gain rich experience in a big
data tools, and their feedback show that they agree.

This course differs from similar courses at other institutions in itsbroad
range of subjectsfrom 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.
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