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Abstract

According to the recent study by IBM in 2012 “the 90% of the internet data is produced
in last 2 years and every day 2.5 exabytes of data is being created”. All of these was
reason for the development of new databases called NoSQL. NoSQL databases have
been designed to cater the requirements of handling the very large data also called “Big
Data”. Unlike relational databases which are inefficient to process the big data the
NoSQL databases have been designed to address the specific needs of current big data
era like storing unstructured data, scalability and read/write efficiency. Relational
databases have fixed schema due to which unstructured information cannot be stored
in it and internet is exploding with such kind of information which comes from
numerous sources. Since the data comes from variety of sources so there storage format
cannot be controlled which has given rise to unstructured storage and to handle all these
task through relational database has become inefficient. Along with the fulfilling
storage requirements NoSQL databases have made their entry in real time analytics.
Real time analytics is now being used in e-commerce, social networking websites to

predict the customer needs and make business decisions accordingly.

In this thesis different types of NoSQL databases are explained and integration of
NoSQL databases “MongoDB” and “Cassandra” with analytics tool “Hadoop” is done.
Hadoop is not a database but it is a framework to handle large amount of data by
distributing the data among different cluster nodes and applies parallel processing on
them. We have evaluated both integrated technologies on different parameters like read

and write, scalability and fault tolerance.
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Chapter 1

Introduction
—

This chapter introduces NoSQL databases and their need in bigdata era, NoSQL
databases types and their applicability to specific area of usage, Hadoop framework
with processes included in it and organization of the thesis.

Due to the exponential growth in internet data it is now divided into four dimensions
also called 4V model of bigdata [1]. The model is made considering the volume,
velocity, variety and veracity of the data. As internet is flooding with the information
from social networking, news feeds, scientific data and sensors data relational databases
are unable to handle this vast amount of unstructured and semi-structured data. The
information generated by the web is not in the structured format [2] and cannot be
formed into the two dimensional structure which is followed by the relational databases
so NoSQL [3] databases were designed to handle this ambiguity. The NoSQL databases
are schema free unlike relational databases which have pre requirement to form the
schema before storing the data in database instead NoSQL databases can store
unstructured data making them appropriate tool for storage of big data. Various NoSQL
databases are introduced in the market with each having its own specialty such as
MongoDB [4], Cassandra [5], Redis [6] and Neo4j [7].

Another major problem with relational databases is that of its inefficiency to handle the
scalability. Since relational databases concept came in when internet was in its initial
stages so there was no issues for scaling the data that’s why relational databases were
not designed considering the need of scalability though scalability can be applied in
relational databases but its performance is not as per the requirement of current
scenario. Due to inefficiency of the relational databases “Facebook™ had to use
Memcache [8] to scale the data of user across the web. Both NoSQL databases
MongoDB and Cassandra discussed in this paper fulfil the requirement of storing the
unstructured information, scaling of the data and both databases are ranked top most

databases in their respective databases types.



Now a days NoSQL databases are integrated with the analytics tool so that they can
apply the analytics on the data with zero or minimal latency and further data can be
used in making the managerial decision making. Instead for opting for the warehousing
option where data is stored and later the analysis on that data is done, the companies
are now opting for the real time analytics [22] so that they can know there customer
well before the competitor companies.

Since the data is distributed all across the web so special distributed processing tool is
required which can work in distributed environment and can also be integrated with the
new NoSQL databases which are storing all the data in them so we have used Hadoop
[9] as the tool and made its integration with the NoSQL databases because right now
Hadoop is considered best fault tolerant tool and it is a parallel processing tool also
which can run the map-reduce program in parallel and that too in inexpensive way
because it does not require heavily configured clusters to work upon and clusters can

be both homogeneous and heterogeneous configured.
1.1 Databases

A database stores the data in organized way such that it can retrieve the required data
swiftly. Database is similar to the electronic file system in which you can perform all

operation in quick and efficient way.

Earlier databases example can be of library catalogue which contains the three fields of
reference number of book, book name and book location. The number of lines in the
catalogue will be records and the collection of them all is called file. Database
management systems are used to extract the information from the database. These
database helps you to insert, delete and search for the data. There are different
categories of databases available in the market depending on the applicability which

runs on single to multi node system for example MySqgl and Oracle etc.
1.2 NoSQL Databases

A NoSql database models the data other than the tabular relations which is used in

relational database. NoSql databases are often highly optimized for simple retrieval and
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appending operations in different areas of application, whereas a relational database
management system (RDBMS) is intended as a general purpose data store. Following

are the reasons to use NoSQL databases.

Very Large data: The databases are becoming too large to fit into a single database table

on a single machine.

Volume of Data was rapidly increasing: The number of web pages was increasing and
for the tune up of systems the database had to scale up immediately to handle a
petabytes of data.

Data on web is not consistent: Not having the proper defined fields
1.3 NoSQL Database Types

NoSQL databases are categorized in mainly four categories key-value pair, column
oriented, document oriented and graph databases. Each type of database is used for

specific purpose.
1.3.1 Key-Value Pair Databases

Data is stored in unstructured format consisting of a key and the values. Each key is
unique and is used to retrieve the values associated with it. These databases can be
visualized as relational databases having multiple rows and only two field’s key and
value. The value can be text, images and files etc. which are stored in schema less form
making it unstructured data store. Key value databases are highly suitable for
applications where data is continuously growing. Key value databases are considered
best for the scalability but they lack in processing complex queries on the data [8]. For
example: Redis [6] and VVoldemort [19].

Its characteristics are:

Its schema is flexible and does not require to design schema at first and addition,
deletion of fields is very convenient;
It can range queries for key.

High scalability: a single point of failure does not affect the whole cluster.

3



1 | Name: ABC

(@)

2 | Name: XYZ Emailld: xyz@gmail.com
(b)

3 | Name: XYZ Last Name: UVW | Emailld:xyz@abc.com
(c)

Figure 1.1 Structure of data storage in Key-Value pair Database. In this Figure data storage of users in
social networking site is shown. In part (a) only user name is stored (b) user name and email address is

stored (c) user name, last name, Emailld is stored.
Figurel.1 shows that if same information had to be stored in the RDBMS tables then
we had to define the number of columns during schema creation and if any column is
left empty by user then still that space will be left unused (Null and empty cells in

RDBMS also require space) leading to the wastage of memory but the in key value pair

only space utilized is counted and no extra space is wasted even if user do not fill all its

information.
1.3.2 Document Oriented Databases

Document oriented database is one of the most popular ways of storing data, in this
each record and database is considered as a “document” and a “collection” respectively.
In a document database, such as MongoDB, everything related to a database object is

encapsulated together.

Table 1.1 Mapping of Relational and Document oriented databases

Relational Database Document-Oriented database
Database Database
Table Collection
Record Documents

Table 1.2 shows that both RDBMS and document oriented databases have concept of
“database” but the “Table” of RDBMS is called “Collection” in document oriented

database. The collection is not equivalent to tabular format as it is in RDBMS but it is
4



schema less means it can store “documents “in them. Usually single line in RDBMS is
considered as record and it contain the all the information in fields. Documents are the
records in document oriented database but instead of pre specified number of fields a
documents can contain any number of fields and that information is also stored in Key-

Value pair bases.
Storing data in this way has the following advantages:

i.  Documents are independent units which helps in making performance much better
and distribute data to nearest locations.

ii.  Application logic is easier to write. You don’t have to translate between objects in
your application and SQL queries, you can just turn the object model directly into
a document.

iii.  Unstructured data can be stored easily, since a document contains the keys and
values application logic. In addition, cost of migration is less since the database
does not need to know its information schema in advance. For example: MongoDB
and CouchDB [20].

{
Objectld(‘xyz123’),
Name: ’Ayush’
Image: "ool.jpg”

¥

{
Objectld(xyz234),

Name: ’Ashish’
Image:’001.jpg’
¥

Figure 1.2 Structure of data storage in Document oriented database. In the Figure the structure of

information storage in MongoDB is shown.

As shown in Figurel.2 MongoDB stores the data in JSON [21] (JavaScript Object
Notation) format which is open, human and machine-readable standard that facilitates
data interchange, and along with XML is the main format for data interchange used on

the web. JSON format is used by twitter and facebook to store data.
5



1.3.3 Graph Oriented Databases

It contains nodes and edges relating nodes to represent relationship among them. Nodes
in the graph also give information contained in them. Similarly, edges in the graph may
also have their own properties i.e. directed or undirected. Relationships are identified
by their names and can be traversed in both the directions. Comparing with Entity-
Relational Model, a node corresponds to an entity, property of a node to an attribute
and relationship between entities to relationship between nodes. In tabular databases if
we want data from more than two tables then join operation is required. Join slows
down the operation of database because it degrades the performance while joining two
tables and also results in increased table size. Which leads to easier adaptation to
schema evolution and ability to capture ad-hoc relationships. Social networking
relational database stores data in structured format or we can say that in row and column
fashion because it is predefined and have fixed schema, it is good for some applications
which require complex queries which involves join, nested queries like bank
application, transaction. But when we talk about dynamic data like weather report
generation, sensor report where data are generated in tera or peta byte and change
frequently, for such kind of application relational database has proved fail. We are in
need of completely different database which also support basic features of relational
database like sorting and searching and also have additional features which are not
included in RDBMS. Graph databases are used where relation between users is as
important as data [23]. For example: Neo4j.

& |HMakan

& |Can
& ABCTechniclans
e MEMBER_OF [% |Burcu 15 |Pemet
) PART._ Of 7 3
MEMBER_OF a i MEMBER_OF
M Technicians MEMBER_OF 2
T T —— AR, Z ‘Q’He'w
o e 2 MEMBER_OF
& | | v < YA ‘ ¥
& Irmak &;u”“‘:‘mm— (& | Engin PARL_O
PARF_OF \mEMBER_OF  '
e ,,AQ.;-“.‘"‘,“_._ S, ‘ & Al S MEMBER OF = &4 Admins
& |Fuat — = MEMBER_OF
Vo - -
|8 Gul i) Beference Node

Figure 1.3 Graph database storage scenario [24]
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The Figurel.3 contains the nodes which contains the information about the user and
edges shows the friendship relation of one node with other.

1.3.4 Column Oriented Databases

It is developed to solve the problem of three areas which are data having many number
of properties, sparse type of data and rapid changes in schema of the database required.
Similar to relational databases where rows are the main storage unit, in column-oriented
databases column are main storage unit. This change in storage design results in better
performance for scaling of the data. These column oriented databases is also being used
in the field of analytics because analytics is applied to very few specific columns and
also benefitted because the data type of column and value range is fixed so analytics
can be applied to specific type of data. In case of row oriented databases multiple
column has to be handled which can be of different data type so analytics becomes
difficult. Most of the column oriented databases are also compatible with map-reduce
framework, which speeds up processing of large amount of data by distributing the
problem on large number of systems. For Example Cassandra.

(__Row-Oriented Dam
o] + | 20000000 | Smn | Bob |
lE l 1 | 2002-02:01 [ Jones | am I
|| 1 | 20020501 | voung | sue |
Emp_no | Dept_id Hra_date Emp_in Emp_tn x j/
1 1 2001-01-01 Smith Bob
2 1 2002-02-01 Jones Jim
3 1 2002-05-01 Young Sue
4 2 2003-02-01 Stemle Bil /-—'" x
5 2 1999.06-15 | Aurors |  Jack Column-Oriented Database
5 3 2000-08-15 Jung Lawra

‘ I + | 2| 3 ] « | s |

200504 | 200202 2002-02 200202 | 7200202
01 0 o1 01 o1

N - &

Figure 1.4 Conversion of tabular data into row oriented and column oriented data format [25]
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In Figurel.4 transformation from tabular format to row oriented and column oriented
database is done. In column oriented databases transposition is done so that whenever
whole column data is required for scalability, analytical purpose that particular column
can be transferred. Row oriented are more beneficial when multiple columns of row are

required at same time.
1.4 Hadoop Framework

The Hadoop is a framework that allows for the distributed and parallel processing of
large datasets across computer clusters. It is developed to scale up from single machines
to hundreds of machines, which are offering computation and storage of the data. Rather
than relying on the separate hardware to deliver high availability, the library itself is
designed to detect fault tolerance so delivering a highly available service which may be

prone to failures can be possible.

Data intensive states about the bigdata and distributed applications are the applications
that works on network which require communication and coordination with each other
by passing messages and parallel processing means distributing and processing of the

data between the computer cluster.

Hence Hadoop works on a distributed and parallel environment because of map-reduce
and is developed to store, handle and process large amount of data set (in petabytes,
exabytes and more). Hadoop stores bigdata, but it is not a database. It’s a framework
that handles large amount of data for processing. Hadoop was developed from the

research work by google that is Google file system and google’s map-reduce.
1.4.1 Processes in Hadoop

The system on which apache Hadoop runs means running a set of daemons or resident
programs. These process have specific roles assigned to them which can run on one or

more node in the system. The processes are:

NameNode: It act as the master of all nodes in the system it directs the slaves’ nodes
or datanodes to perform the processing of data. It is the index keeper of all the chunks

which are allocated to the datanodes. Usually in large clusters the server hosting the

8



namenode does not perform any processing and are just kept to direct all the other
datanodes. There is a negative aspect to the importance of nhamenode because if one
namenode fails then the whole system will be halted and cannot proceed because there

can be only one namenode in the system.

DataNode: Most of the machine in a cluster will have the datanode process running in
them and the data chunks from the HDFS is assigned to them for computations. When
you want to perform the computation the file from HDFS is broken into different blocks
and namenode will do the allocation of data chunks. Datanodes will again further
replicate the chunks to other datanodes so that recovery can be done in case of any

failure.

Namenode keep communicating with the datanodes and status of its processing. After
the mapping is complete, the datanodes continuously poll the namenode to provide
information regarding local changes as well as receive instructions to create, move, or

delete from the local disk. Figurel.5 shows replication policy.

NameNode
File MetaData

/user/chunk/datal-> 1,2,4
/user/chunk/data2-> 4,2,3

/user/chunk/data3-> 4,6,7

DataNodes

Figure 1.5 Namenode and Datanode containing data
Secondary NameNode: Secondary namenode also contains a namespace
image and edit logs like namenode. Secondary namenode after certain interval of time
9



copies the image from namenode and combine this namespace image with the edit
log and copy it back to the secondary namenode so that it will have the fresh copy
of namespace image and edit log. Now suppose after certain time the namenode goes
down then we can restart some other machine with the namespace image and the edit
log that's why we have with the secondary namenode and hence can be prevented from

a total failure.

Secondary namenode consume same resources as compared to the namenode in the
Hadoop system so usually in large clusters they are kept in the separate nodes. But if
the cluster are small and there are little chances of failure they are not started in the
system in order to save the overhead which will be beard by the system to handle the

secondary node. The process in Figurel.6 and it consists of two parts.

i.  EditLog: For continuously recording every change that occurs to file system
metadata. It creates a new file in HDFS for the namenode to insert a record into
the EditLog.

ii. Fslmage: To store entire file system namespace, including the mapping of
blocks to files and file system properties. The FsImage is stored as a file in the

namenode’s local file system.

NameNode Secondary NameNode
(2) Roll edits file
@ Retrieve fsimage & edits from primary o ) s J
@ Merge @ ‘ @
@ Transfer checkpoint to primary r‘n,‘mm
@ Roll fsimage.ckpt and edits.new y ﬁ:m J hu:w,o J

fsimage ckot |e @

edits J faimage
7

Figure 1.6 Secondary NameNode [27]
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JobTracker: when you submit your program of map-reduce to cluster nodes then it
will determines the scheduling plan execution by deciding files to process, assigns
chunks to different nodes and check all tasks as they're running. If a task fail, then it
will automatically restart the task from different node on which the chunk is kept. There

will only be one jobtracker in the cluster as shown in Figurel.7.

( Client

(

JobTracker

TaskTracker
\®

TaskTracker TaskTracker

TaskTracker
V

Figure 1.7 JobTracker and TaskTracker [26]
TaskTracker: Jobtracker and tasktracker follow a master/slave architecture. The

jobtracker is the master which will see map-reduce job and the tasktracker will monitor
the execution of each tasks on every datanode. Every tasktracker is held responsible for
executing the each tasks that jobtracker assigns to them. Although there is a single
tasktracker per datanode node, each tasktracker can have multiple map and reduce task

in parallel [27].
1.5 Thesis Objective
Following are the objectives of the thesis:

I.  Tostudy the various NoSQL databases and its types and identify their particular
area of usage.

ii.  To study the hadoop framework and the daemons in it which runs on Hadoop
cluster nodes.

11



iii.  To carry out detailed and comparative study on column oriented and document
oriented databases and there benefit over row oriented databases.

iv.  To integrate the selected databases from column oriented and document
oriented database with Hadoop.

v.  Toanalyse both combination by evaluating them on different parameters.

1.6 Structure of the thesis

The rest of the thesis is organized as follows:

Chapter 2:— This chapter gives the detailed study on map-reduce, Hadoop distributed
file system, comparison of selected NoSQL databases from document oriented and

column oriented databases.
Chapter 3:— It covers problem statement and the need to do analysis.

Chapter 4:— This chapter explains the experiment step-up, implementation and the

analysis done on the results gathered.

Chapter 5:— This chapter gives conclusion of thesis and future work possible in this

area of research.

12



Chapter 2

Literature Survey

This chapter explains the concept of map-reduce, HDFS, comparison between
MongoDB and Cassandra and there benefits over row oriented databases.

2.1 Map Reduce

Map-reduce is a data processing tool which performs the parallel processing. It is
mainly used because of its capability of easily scaling data over the network having
multiple nodes. It consist of two main phases, called mapper and reducer. In mapper
phase it will take the input from the Hadoop distributed file system (HDFS) and
distribute the task among the multiple nodes by generating different maps. In reducer
phase data from all the maps is collected after the distribution and data is stored back
in HDFS after the processing. Dory et al. [12] had compared the elastic scalability of
Cassandra, MongoDB and HBase but without the mapreduce consideration. Figure2.1

and Figure2.2 shows the mapping task with single and multiple reducers respectively.

onmpul
-
- replication
replication

Figure 2.2 Map-reduce with multiple reduce task [29]
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2.2 Hadoop Distributed File System

Hadoop Distributed File System (HDFS) was developed to store very large datasets
with streaming data access which will be running on large computer clusters with
economic hardware. Dede et al. [13] evaluates the HDFS and Cassandra by considering
the different parameters of Cassandra partitioning, scalability, replication factor and

data locality

Large datasets: The size of file which is going to be processed having the size of

petabytes, exabytes and above.

Streaming data access: Hadoop distributed file system was built around the concept that
data is written once and read many times and this is the same procedure which is
followed in facebook because facebook users writes post once but it is read by many

peoples.

Economic hardware: Hadoop distributed file system does not require use of heavy
servers for processing but it can run on normal computer clusters which can be either

heterogeneous or homogeneous.

Hardware Failure: Hadoop distributed file system may consist of thousands of nodes
each processing a file chuck allocated to it. Special process called namenode is
deployed which tracks the failure of each node and relocate its remaining task to other
node. The reallocation of the nodes is decided automatically by the namenode which

act as the master node of the system.

Simple coherency model: It follows the principle of write once and read many so when
file is written it is not updated so no coherency issues occurs because once written

something is not edited in future.

Process data near request: Instead of moving the data to other location where it can be
processed it will be processed at the nearest location where it is located therefore

reducing the cost of movement of the data.

Multiple Environment: It can work on both heterogeneous and homogeneous

environment.
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2.2.1 Difference between Hadoop distributed file System and Normal file system

Table 2.1 Difference between HDFS and NFS

Hadoop distributed file System Normal File system

Block Size: Block size determines the | Block Size: Its size is very small as
minimum amount of data that is written | related to HDFS which is normally
and read from a disk .In case of HDFS it is | 512 bytes for many systems

64MB and it grows in its multiples like
128MB , 256MB, 512 MB

Storage System: No technique is followed | Storage System: Data is stored
to store the data in HDFS but all the data is | hierarchically i.e. There is a
dumped in the Namenode (Generally | folder XYZ, inside that folder there is
called master node) of the system. again one another folder UVW, and
inside that there is abc.zip file.

2.2.2 Read operation in HDFS

Hadoop distributed file system has a master and slave architecture. Namenode and
datanode work as master and slave respectively. All the metadata information is with
namenode and the original data is stored on the datanodes. The Figure2.3 shows
how data flow happens between the Client interacting with HDFS, i.e.

the namenode and the datanodes.

These are steps involved in reading the file from Hadoop distributed file system.

Let's take example of a client who wants to read a file from HDFS. So following are

2: get block locations
g »M

the steps involved in the procedure:

4: read

v
-
datanode !

Figure 2.3 Read operation in HDFS [27]
15




Step 1: First the call will be made to open the file to file system object, which for HDFS
is an instance of distributed file system class.

Step 2: DFS will call the namenode to determine the locations of the blocks for the first
few blocks of the file. The namenode returns the address of object of FSDInputStream

(an input stream that supports data file seeks) to the client for it to read data.

Step 3: The client then calls read on the stream, which has stored the closest datanode

addresses for the first few blocks in the file and then connect to that datanode.

Step 4: Data is streamed back to client from the datanode, which calls read repeatedly

on the stream.

Step 5: If the end block is reached, it will call the close to connection of the datanode

and then find the nearest datanode for the next block.

Step 6: It will now call the namenode to retrieve the datanode locations for the next
batch of blocks as needed. When the client has finished reading, it calls close on the
FSDatalnputStream.

2.3 NoSQL Databases

The working principle of NoSQL databases was introduced through CAP theorem by
Eric Brewer in 2000 but due to its deficiency BASE theorem was derived from it and
later on CAP was redefined in 2012 [18]. NoSQL databases are highly optimized for
simple retrieval and appending operations because they do not follow the ACID
properties. Cattell et al. [3] had examined the various RDBMS and NoSQL
theoretically. Padhy et al. [14] compare the data model and architecture of NoSQL

technologies.
2.3.1 MongoDB

MongoDB is an open source NoSQL document oriented database system developed by
MongoDB Inc. As already discussed in document oriented databases Figure2.5 shows
that data is stored in documents and not in tabular format despite all this MongoDB
provides many features of relational databases which include indexing, replication,

queries and provides much more improvement in load balancing and file storage.
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MongoDB also provides its own map-reduce features for the distributed processing of
the data.

Although MongoDB provides its own map-reduce but it has limitation as compared to
the apache Hadoop. To utilize the MongoDB map-reduce the program has to written in
JavaScript and since not so many data processing libraries are written in JavaScript so
its scope for data processing is limited but Hadoop provides the feature to write the
programs in python or java which are already known for their large number of libraries
and “Hadoop Streaming” can be used to implement the map-reduce in other languages.
Apache Hadoop is specially build for fully distributed and multi-threaded execution of
data processing, so it performs much better than MongoDB. As MongoDB is providing
the data storage and processing both so map-reduce will be added to its work load and
eventually results in lower performance but if we use Hadoop for processing data the
load will be taken by the Hadoop and NoSQL can do the storage part in parallel without
degrading its performance. Along with this Hadoop provide the integration with other
technologies like Pig, Hive, Zookeeper and many more which can be add on advantage
for processing of the data. MongoDB is used by many companies such as EBay, New
York times and Foursquare. Govindaraju et al. [11] evaluates HDFS and MongoDB but
they had done experiments on Cray XE6 machine having 153,216 “cores” which is used
for the scientific purpose only and cannot be used in commercial activities by the
regular companies and for the scalability purpose they had used the “cores” of computer
but it cannot work in companies because they do not have the machine which have very
large number of “cores” of this range. Figure2.4 shows the workflow of the map-reduce

operation on MongoDB and Cassandra using Hadoop.

MongoDB
MongoDB ~~| Connector / Map -fShutﬂe.-‘Son Reduce MougoDB]

!

Hadoop
Mapreduce

!

Cassandra ~| Cassandra Map i Shuffle’Sort H{ Reduce Cassandra ]
Libraries

HDFS

—  Map ~{ Shuffle/Sort Reduce HDFS

Figure 2.4 High level architecture for MongoDB-Hadoop and Cassandra-Hadoop integration.
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The Figure2.4 shows that the data is collected from MongoDB, HDFS and Cassandra
and after applying the various phases of map-reduce operation the data is stored back
either to MongoDB, HDFS or Cassandra.

Collection Document
v
db.users.insert( Y
name: "sue",
age: 26,
status: A",
groups: [ "news", "sports" ]
) .
Collection
{ name: "al", age: 18, ... }
‘Document { name: "lee", age: 28, ... }
{ { name: "jan", age: 21, ... }
ame: "sue”
name 5 b Y { name: "kai", age: 38, ... }
age: 26, insert >
status: "A", { name: "sam", age: 18, ... )
groups: [ "news", "sports" ]
) { name: "mel", age: 38, ,.. )}
{ name: "ryan", age: 31, ... )}
{ name: "sue", age: 26, ... }
users

Figure 2.5 MongoDB Storage format [30]

2.3.2 Cassandra

Cassandra is an open source column oriented database system developed by apache
software foundation. Unlike MongoDB which follows the master-slave architecture the
Cassandra works on peer-to-peer architecture which overcomes the limitation of
massive scalability and high availability. Each node in the cluster is assigned a specific
role and if any node fails the data is automatically distributed across all nodes with no
downtime without wasting the time in calculations and assign data to each node. To
detect the failed nodes gossip protocol is used and for cluster information it uses the
concept of “seeds” which contains the IP address of all the nodes where information is
stored. For partitioning purpose it uses two strategies “RandomPartitioner” and
“ByteorderPartitioner”. In “RandomPartitioner” data is distributed evenly across

number of nodes and in “ByteorderPartitioner” partitioning can be done according to
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range specified. Cassandra do not have its own map-reduce but its integration with
Hadoop is provided by the DataStax enterprise. Cassandra is used by many companies
such as Facebook, Netflix, and Twitter. Abramova et al. [10] do comparison between
the MongoDB and Cassandra without the Hadoop attachment but they had done all the
experiment on single virtual machine without considering the scalability parameter

which was the main reason for development of NoSQL databases.

Table Row Store Column Store

.......... — -
U Alpha 3000 o A _ Us
US Bely 1250 3,000 P
I Alpha o U UK

- = - . e IENEE "
1.260 Beto

---------- JP P";xkxt Almm

Row 3 Alpha Alpha

e T —

.......... = —

Rowd [ Aoha S0ks 0

---------- 450 cnsssns 450

Figure 2.6 Cassandra Storage Format [31]

Apart from MongoDB and Cassandra there are only few other NoSQL technologies
which are designed to utilize the map-reduce framework of Hadoop such as HBase [15].
HBase which is developed by apache is also a column oriented database like Cassandra
and it is shown that architecture changes of Hadoop and HBase can improve the storage
and processing capabilities [16]. But when Cassandra and HBase is compared the
Cassandra over powers the capabilities of HBase [17]. We have chosen both NoSQL
technologies depending on market applicability, usability areas and rank among their
respective database types. These studies do not directly represent the performance
measurement between Hadoop-MongoDB and Hadoop-Cassandra. Rapid increase in
use of these technologies in real time analytics led us to evaluate their performance.
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2.3.3 Comparison between HBase, MongoDB and Cassandra

Table 2.2 Comparison of HBase, MongoDB and Cassandra

Parameters HBase MongoDB Cassandra
Database Type Column Oriented | Document Oriented Column
Data store Data Store Oriented Data
store
Development Java C++ Java
Language
License Open Source Open source Open source
Works on Operating Linux, Linux, BSD,
system - Linux,
Unix, 0S X, 0S X.
Windows Solaris, Windows
Windows
Database schema Schema-less Schema -less Schema -less
Used
Predefined Data Yes Yes Yes
types
Secondary Indexes No Yes Restricted
Structured Query No No No
language
CAP theorem Consistency, Consistency, Availability,
Availability Portioning Partition
Tolerance
Application Java API JSON Protocol Proprietary
programming REST HTTP API protocol
Interface
Thrift
Consistency Immediate Immediate and Immediate and
Eventual Eventual
Mainly Used for Read Read Write
MapReduce Through Use of Yes Through Use
Hadoop of Hadoop
Single Field Indexes Yes Yes Yes
Compound Indexes No Yes No
Multi key Indexes No Yes No
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http://docs.mongodb.org/manual/core/index-single/
http://docs.mongodb.org/manual/core/index-multikey/

Parameters HBase MongoDB Cassandra
Text Indexes No Yes No
Hashed Index No Yes No
Partitioning Dynamic Sharding Sharding
Rebalancing of Automatic Automatic Automatic
Nodes in Failure
Compression of Yes Yes Yes
Data
Languages U§ed for Java, Python JavaScript Java, Python
programming
Triggers No No No
Replication or Through replication Master Slave All nodes are
redundancy factor equivalent
Foreign Keys No No No
JOIN Concept No No No
Transaction No No No
Concurrency Yes Yes Yes
Durability Yes Yes Yes

2.3.4 Benefit of Column Oriented Databases over Row Oriented Databases

i. Column oriented database are efficient than row oriented database when

computation is to be done on multiple rows but it is constrained to small number

of columns because reading of all those columns will require less time than

reading all other data.

ii.  They are efficient when data is to be inserted into single column of all rows in

the database

iii.  Column Oriented database are of same type so there is advantage to compress

the data which cannot be done in row oriented database.

2.3.5 Benefit of Document Oriented Databases over Row Oriented Databases

i.  Document oriented database is schema-less so dynamic entities like user

customizable entities with optional fields can be done which is not possible in

relational database.
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Vi.

Document oriented database is schema-less so dynamic entities like user
customizable entities with optional fields can be done which is not possible in
relational database.

Document oriented database do not create the view model from scratch on every
request. This leads to reduced computation, reduced number of remote calls and
improved overall performance.

Obijects can be stored as documents in document oriented database.

Entire object is read and written. There is no need to perform a series of insert
statements.

Since documents are independent it improves performance and decreases

concurrency side effects.
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Chapter 3

Problem Statement

The apache’s Hadoop map-reduce framework is considered best in the field to process
the big data while many companies have introduced the map-reduce technology but the
apache’s Hadoop performance is much ahead among them whether there is an issue for
computational time, fault tolerance in a very large network, working on the cluster
which are either heterogeneous (computers with different configurations) or

homogeneous (computer with same configuration) and batch processing of data.

But there are still drawbacks of Hadoop because HDFS system is not able to handle and
store the real time data and this is the reason Hadoop was not being used in areas except
analysis and scientific research. Through the use NoSQL it is now possible to store the
real time data and it is now being used extensively in social networking sites to store
the images, user profile data, tweets of twitter website and later on analysis is done by
Hadoop on that data by extracting the data directly from the NoSQL database and in

last computation results will be stored back to the NoSQL database.

The aim of this thesis is to analyse the performance of MongoDB and Cassandra by
integrating them with Hadoop to evaluate them on different parameters and analyse the

results produced.
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Chapter 4

Implementation Details and Testing

This chapter gives detail about network setup, implementation of various parameters
for analysis and the experiment results gathered.

4.1 Experiment Setup of Cluster

We have configured the Hadoop-MongoDB (integration of Hadoop and MongoDB)
and Hadoop-Cassandra (integration of Hadoop and Cassandra) on eight node cluster.
Each node has Intel 3.40 GHZ i7 as the processor, 4GB of RAM and 64bit Ubuntu
12.10 operating system.

Hadoop Setup: we have used the Hadoop 1.1.2 version and default settings of mapper
and reducer is used. Hadoop is started by typing “start-all.sh” command and Figure4.1
shows the starting procedure of Hadoop in which datanode and tasktracker will be
started on all eight nodes while namenode, secondary namenode and jobtracker will be
started only on master node. Figure4.2 shows the five running processes after Hadoop

is started along with their processes id’s on master node.

hduser@master: Jusr/local/hadoop
— hduser@master:-$ cd Jusr/local/hadoop
hduser@gmaster: /usr/local/hadoops bin/start-all.sh
Warning: SHADOOP_HOME Ls deprecated.

‘ starting namenode, logging to /Jusr/local/hadoop/Libexec/../logs/hadoop-hduser-na
| menode -master.out
it starting datanode, logging to Jusr/local/hadoop/Libexec/../logs/hadoop
de -1 ut
de, Logging to Jusr/local/hadoop/libexec/../logs/hadoop-

», lLogging to Jusr/local/hadoop/LlLibexec/../logs/hadoop

, logging to /usr/local/hadoop/libexec/../logs/hadoop
@, logging te Jusr/lecal/hadoop/Lib ¢/../logs/hadoop
e, logging to Jusr/local/hadoop/Lib ~ Jlogs/hadoop
w, logging to Jusr/local/hadoop/libexec/../logs/hadoop-

to host slavesS port 22: Connectlon timed out
condarynamenode, logging to Jusr/local/hadoop/libexec/.,../logs

ste
/hado L ndarynamenode -master.,.out

starting jobtrac ., logging te /Jusr/lecal/hadoop/tibexec/../logs/hadoop-hduser -
jobtracker -master .

slavedt: = sk & er, lLogging to Jusr/local/hadoop/Llibexec/../logs/hadoo

, logging te /usr/local/hadoop/libexec/../logs/hadoo

out

, Logging to Jusr/local/hadoop/Llibexec/../logs/hadoo

1.0ut
., logging to sr/local/hadoop/libexec/../logs/hadoo
J

, logailng te sr/local/hadoop/Libaxec /. . /logs/hadoo
out
Logging to sr/local/hadoop/Libexec/../logs/hadoo
't
, legging ta sr/local/hadoop/iibexec/. . /logs/hadoa
ol tasktracker slaves.out

Figure 4.1 Screen shot of starting Hadoop on 8 (eight) node cluster
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In Figure4.3 only two running processes datanode and tasktracker with their process id
on slave nodes is shown. Figure4.4 shows the names of all the eight nodes and their

tasktracker id’s.

duser@master:
3048 JobTracker

2296 NameNode
3310 TaskTracker

2574 DataNode
2947 SecondaryNameNode
3519 Jps

Figure 4.2 Screen shot of running daemons on master node

hduser@ayush7:~$ jps
2234 DataNode

2761 Jps
2605 TaskTracker

Figure 4.3 Screen shot of running daemons on slave nodes

Name Host

tracker masterlocalhost/127.0.0.1:33180 || master

tracker slavellocalhost'127.0.0.1:39907 || slave2

tracker slaveSlocalhost'127.0.0.1:60775 || slaves

tracker awush7localhost/127.0.0.1:42460 || ayush?

tracker slave3localhost/127.0.0.1:38808 || slave3

tracker slaveflocalhost'127.0.0.1:535223 || slave6

tracker slavedlocalhost'127.0.0.1:538959 || slaved

tracker slavellocalhost'127.0.0.1:36363 || slavel

Figure 4.4 Screen shot of list of all 8 (eight) nodes with their name and tasktracker port number

MongoDB Setup: we have used the MongoDB 2.2.3. To make the connection of
25



Hadoop and MongoDB connector is used so that we can run the program through

eclipse integrated development environment (IDE) and Hadoop terminal.

Terminal

— F YT

hduser@master: ~

hduser@master:~$ mongo
MongoDB shell version: 2.2.3

‘ connecting to: test
1 > use mydb
\ ! lswitched to db mydb
) > show collections
LELGERRT
lakh8_1in
out
system.indexes
>

Figure 4.5 Screen shot of starting of MongoDB

Terminal

- — .

hduser@master: /usr/local/hadoop

hduser@master:~$ cd /usr/local/hadoop
hduser@master: /usr/local/hadoop$ bin/hadoop jar my_mongo_final.jar WordCount
e| Warning: SHADOOP_HOME is deprecated.

-.____JConf: Configuration: core-default.xml, core-site.xml

) |14/06/25 12:44:49 WARN mapred.JobClient: Use GenericOptionsParser for parsing th
14/06/25 12:44:49 INFO hadoop.MongoInputFormat: Using com.mongodb.hadoop.splitte]
14/06/25 12:44:49 INFO splitter.StandaloneMongoSplitter: Running splitvector to
{14/06/25 12:44:50 INFO splitter.MongoCollectionSplitter: Created split: min=null
J14/06/25 12:44:50 INFO splitter.MongoCollectionSplitter: Created split: min={ "_

"53a3f2f2e4b0878bdeb233fe"}}
14/06/25 12:44:50 INFO splitter.MongoCollectionSplitter: Created split: min={ "_
"53a3f2fee4b0878bdeb3fbib"}}

14/06/25 12:44:50 INFO splitter.MongoCollectionSplitter: Created split: min={ "_
14/06/25 12:44:50 INFO mapred.JobClient: Running job: job_201406251141_0001
14/06/25 12:44:51 INFO mapred.JobClient: map 0% reduce 0%

{14/06/25 12:45:00 INFO mapred.JobClient: map 25% reduce 0%
14/06/25 12:45:07 INFO mapred.JobClient: map 25% reduce 8%
14/06/25 12:46:09 INFO mapred.JobClient: map 50% reduce 8%
14/06/25 12:46:11 INFO mapred.JobClient: map 75% reduce 8%

{14/06/25 12:46:14 INFO mapred.JobClient: map 100% reduce 8%
14/06/25 12:46:17 INFO mapred.JobClient: map 100% reduce 25%
14/06/25 12:46:19 INFO mapred.JobClient: map 100% reduce 100%
14/06/25 12:46:19 INFO mapred.JobClient: Job complete: job 201406251141 0001

Figure 4.6 Screen shot of execution of Hadoop-MongoDB job
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The MongoDB is started by typing the command “mongo” in the terminal. Figure4.5
shows the MongoDB terminal with all the collections in its “mydb” database. Figure4.6

shows the execution of Hadoop-MongoDB job.

RuTEmIE ar ~fOLCETEO (R ITLIT BN B12IOEIA

wrnat

Figure 4.7 Screen shot of starting of Cassandra

@™ & hduser@master: ~/Documents/cassandra/cassandra

hduser@master:~$ cd '/home/hduser/Documents/cassandra/cassandra’
hduser@master:~/Documents/cassandra/cassandra$ bin/cassandra-cli
| Welcome to the Cassandra CLI.

) [Type 'help;' or '?' for help.
"ﬁv Type 'quit;' or 'exit;' to quit.
B | |[default@unknown] connect master /9160

J/Connected to: "Test Cluster" on master/9160
[default@unknown] [

a
3
E
B

Figure 4.8 Screen shot of starting of Cassandra terminal
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Terminal

- -~

hduser@master: fusr/local/hadoop

hduser@master: /usr/local/hadoop$ bin/hadoop jar my_cass_write_greater_read_8lakh

.jar WordCount
Warning:

,_____,h4/06/25

R (14/06/25
H ,'- , 114/06/25
{ | 14/06/25
114/06/25

|
J14/06/25

12:
127
12:
12:
3 (7,03
122
12:
12:
3 703
127
12:

47:
47:
47:
47:
47:
47:
47:
47:
47:
47:
47:

23
24
28
35
38
38
38
38
38
38
38

14/06/25
114/06/25
114/66/25
114/06/25
114/06/25

SHADOOP_HOME 1s deprecated.

INFO
INFO
INFO
INFO
INFO
INFO
INFO
INFO
INFO
INFO
INFO

mapred.
mapred.
mapred.
mapred.
mapred.
mapred.
mapred.
mapred.
mapred.
mapred.
mapred.

iting after reserving slots (ms)=0

(14/06/25 12:47:38
19 after reserving
114/06/25 12:47:38
[14/06/25 12:47:38
}14/06/25 12:47:38
14/06/25 12:47:38
114/06/25 12:47:38
|14/06/25 12:47:38

INFO mapred.JobClient:

slots (ms)=0
INFO mapred.
INFO mapred.
INFO mapred.
INFO mapred.
INFO mapred.
INFO mapred.

JobClient:
JobClient:
JobClient:
JobClient:
JobClient:
JobClient:
JobClient:
JobClient:
JobClient:
JobClient:
JobClient:

JobClient:
JobClient:
JobClient:
JobClient:
JobClient:
JobClient:

Running job: job 201406251141 0002

map 0% reduce 0%

map 100% reduce 0%

map 100% reduce 33%

map 100% reduce 100%

Job complete: job_ 201406251141 0002

Counters: 28

Job Counters

Launched reduce tasks=1
SLOTS_MILLIS_MAPS=3900 [
Total time spent by all reduces wai

Total time spent by all maps waitiT
Launched map tasks=1 1
Data-local map tasks=1
SLOTS_MILLIS_REDUCES=9952

File Output Format Counters
Bytes Written=0

FileSystemCounters

Figure 4.9 Screen shot of execution of Hadoop-Cassandra job

Cassandra Setup: we have used Cassandra 1.0.0 version. To make connection between

Hadoop and Cassandra, libraries are used which are provided in the Cassandra package.

Cassandra can be started by typing “Cassandra -f” command and after that Cassandra

terminal is started by typing “Cassandra-cli” command to insert the data in database as

shown in Figure4.7 and Figure4.8 respectively. Execution of Hadoop-Cassandra job is

shown in Figure4.9.

The cluster summary in Figure4.10 consist the number of nodes and its status which

includes the number of dead nodes and blocked nodes etc.

Cluster Summary (Heap Size is 63 MB/$89 MB)

Rumams
Vizp Tasks

Total
Submiksicas

Rumiz

< \-l
Redoce Tasks Pl

Occapied | Ocompied .Resemd Reserved
Reduce Shis | MapSes | Reduce Shis

Map Shis

Grafsted | Excoded |
Nodes | Nedss

MapTask | RedoeTask | g
Cgutir | Caeinr | TasksYode

Blackiisted
Nedss

|
| ]

114

Figure 4.10 Screen shot of cluster summary

The list of all successful and failure nodes is given in Figure4.11 which consists the

description of all executed jobs.
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Completed Jobs

Maps  |Mm |Maps  |Redsce®  Rebe |Reduces  |JbScheduine  |Diasmestic

¥ i ' Prvani hY
ot [l Pecky |Coor \Name {cobte [Tool [Compliol [Cooplte  [Tod  [Complted  [Biormiia 1o
b 2nsgeasingt oo | S Rt ] ™ i |4 | HO.00% 1 N )
A T 5
b mnggerstigt ol PR ot i ok 00006 |1 |1 L 1 ¥ ¥4

{8134

Figure 4.11 Screen shot of jobs finished list
4.2 Evaluation of Hadoop-MongoDB and Hadoop-Cassandra

We have analysed the performance of MongoDB and Cassandra having Hadoop
integration under different scenarios. All the experiments are repeated three times and
the mean result is shown over here and all comparisons are done on the basis of

processing time in seconds against the number of records.
4.2.1 Test Cases for Evaluation

i.  Read and Write Workload: To check performance by varying number of reads
and writes intensity. This test case can be further divided into followings test
cases.

a. Read Intense Workload: Number of read operations more than writes.
b. Write Intense Workload: Number of write operations more than reads.
c. Read Write Workload: Number of read operations equal to writes.

ii.  Scalability: Evaluate by changing number of nodes to process data.

iii.  Fault Tolerance: To check the fault handling capability of system.
4.2.1.1 Read and Write Workloads

In this section different workloads are taken for the evaluation from Yahoo cloud
serving benchmark (YCSB) list of workloads [17]. YCSB is a tool which is used to
evaluate the performance of NoSQL databases by evaluating them on different

parameters.
4.2.1.1.1 Read Intense Workload

In this experiment major portion of processing will be taken by the read operations and

rest will be taken by the write operations. The application of this type of workload is
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found in social networking websites because most of the times users reads the data
which is given by the friends of the user and not often writes himself on the social
networking websites. Figure4.12 shows that for read mostly workload the Hadoop-
MongoDB initially for 4*10° records takes 7.36 times more time as compared to
Hadoop-Cassandra and for 32*10° records this is reduced down to 5.86 times.
Throughout all the test cases of number of records both techniques have almost
maintained the same consistency in processing time but Hadoop-Cassandra time
consumption is far less as compared to Hadoop-MongoDB . Table 4.1 and table 4.2
shows the total mapping and reducing time spend by both techniques which includes
time taken by all the successful and failed tasks.

Read Intense

100
90
80
70
@ 60
§ 50
D 40
wn
30
20
10
; = O i N
400000 800000 1600000 3200000
B Hadoop-MongoDB  m Hadoop-Cassandra
Number of Lines
Figure 4.12 Performance evaluation of read intense workload.
Table 4.1 Total mapping and reducing time of Hadoop-MongoDB for read intense workload
Hadoop-
MongoDB 4,00,000 8,00,000 16,00,000 32,00,000
Technique
Total
Mapping 166,883 306,598 349,476 1,019,655
Time(ms)
Total
Reducing 73,116 68,131 93,244 73,708
Time(ms)
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Table 4.2 Total mapping and reducing time of Hadoop-Cassandra for read intense workload

Hadoop-
Cassandra 4,00,000 8,00,000 16,00,000 32,00,000
Technique

Total

Mapping 3,671 3,734 4,737 6,747
Time(ms)

Total
Reducing

: 7,263 7,287 7,574 8,045
Time(ms)

4.2.1.1.2 Write Intense Workload

For this workload the count of writes constitute more than that of reads. The application
of this type of workload is found in scientific research where we need to read some
records and with time we add various properties to the records as the research is done.
Figure4.13 shows that from the starting Hadoop-Cassandra has shown better results
than Hadoop-MongoDB. For 4*10° records to 32*10° records Hadoop- MongoDB has
shown almost consistent growth in time consumption while for Hadoop-Cassandra the
time taken is almost constant from 4*10° to 16*10° records and vary on 32*10° records.
Table 4.3 and table 4.4 shows the total mapping and reducing time spend by both
techniques including time taken by both successful and failed tasks. Since Cassandra is
designed to be write efficient NoSQL that’s why the time taken to write have almost
constant growth but MongoDB is a read efficient so when records are doubled its time
taken also increases in similar manner as that of number of records are increased during

the evaluation.
4.2.1.1.3 Read Write Workload

This workload contains 50 (fifty) percent read and writes. Its application will be in the
session store recording recent actions. Figure4.14 shows the Hadoop-MongoDB has
taken time 6.04 greater when compared to Hadoop-Cassandra during 32 *10° records
computation. The time taken here again by Hadoop-Cassandra is constant and is much

less as compared to Hadoop-MongoDB as shown in table 4.5 and table 4.6.
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Figure 4.13 Performance evaluation of write intense workload.
Table 4.3 Total mapping and reducing time of Hadoop-MongoDB for write intense workload
Hadoop-
MongoDB | 4 59 000 8,00,000 16,00,000 32,00,000
Technique
Total
Mapping 184,129 427,173 450,006 711,906
Time (ms)
Total
Reducing 92,127 97,679 152,359 257,414
Time (ms)
Table 4.4 Total mapping and reducing time of Hadoop-Cassandra for write intense workload
Hadoop-
Cassandra | 4 49909 8,00,000 16,00,000 32,00,000
Technique
Total
Mapping 3,701 3,735 4,709 7,108
Time(ms)
Total
Reducing 14,696 15,574 25,435 112,850
Time(ms)
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Figure 4.14 Performance evaluation of read write workload.

Table 4.5 Total mapping and reducing time of Hadoop-MongoDB for read write workload

Hadoop-
MongoDB
Technique

4,00,000

8,00,000

16,00,000

32,00,000

Total
Mapping
Time (ms)

184,884

355,170

371,426

721,496

Total
Reducing
Time (ms)

78,526

78,453

93,669

123,482

Table 4.6 Total mapping and reducing time of Hadoop-Cassandra for read write workload

Hadoop-
Cassandra

Technique

4,00,000

8,00,000

16,00,000

32,00,000

Total
Mapping
Time(ms)

3,844

4,061

4,734

7,185

Total
Reducing
Time(ms)

11,395

12,194

17,036

13,669
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4.2.1.2 Scalability

In this section we have checked the performance of both Hadoop-Cassandra and
Hadoop-MongoDB with increasing cluster size. For computational purpose read and
write execution time of 32*10° records is used. In Figure4.15 the data of cluster is
scaled from node 2 to node 8 and as it shows the processing time is significantly reduced
by factor of 0.47 times in Hadoop-MongoDB and is almost constant in Hadoop-
Cassandra. Hadoop-MongoDB has reduced the processing time by more times than
Hadoop-Cassandra but still computation time of Hadoop-Cassandra is much less and
stable as compared to it. Table 4.7 shows that as cluster size increses the mapping time
also increses and reducer time decreases when cluster size is incresed but table 4.8 of
Hadoop-Cassandra has shown opposite results as compared to Hadoop-MongoDB of
table 4.7. In table 4.8 processing time is decreasing during mapping and increasing

during reducing.
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Figure 4.15 Performance evaluation of Scalability
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Table 4.7 Total mapping and reducing time during varying number of cluster nodes for Hadoop-
MongoDB

Hadoop-
MongoDB

Technique

2 Node 4 Node 8 Node

Total
Mapping

: 679,152 989,832 1,019,655
Time (ms)

Total
Reducing

) 169,307 124,164 73,708
Time (ms)

Table 4.8 Total mapping and reducing time during varying number of cluster nodes for Hadoop-
Cassandra

Hadoop- 2 Node 4 Node 8 Node
Cassandra

Technique
Total

Mapping 7.466 7.059 6,747
Time (ms)

Total
Reducing

Time (ms) 8,006 8,006 8,045

4.2.1.3 Fault tolerance

The fault tolerance of the cluster is checked by failing some node from each cluster
while both are doing the map-reduce. Since Hadoop-Cassandra works on peer-to-peer
basis the lost nodes data is recovered from the other working nodes and failure of the
node have not much effect on the processing time of Hadoop-Cassandra. Hadoop-
MongoDB is also able to recover the data with not much delay in processing time but
the MongoDB works on the master-slave basis if during the processing the master node

is failed the whole map-reduce job will fail. Table 4.9 and table 4.10 shows that both
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combination can handle the fault tolerance but when the size of cluster is large Hadoop-

Cassandra will be able to produce better result because of its peer-to-peer model.

Table 4.9 Total time taken by Hadoop-MongoDB and Hadoop-Cassandra with and without node failure

Technologies

With 4 Node Failure

Without Any Failure

Hadoop-MongoDB

134 sec

88 sec

Hadoop-Cassandra

36 sec

15 sec

Table 4.10 Total mapping and reducing time during fault tolerance

Total Time Hadoop-MongoDB Hadoop-Cassandra
Mapping (ms) 871,298 6,982
Reducing (ms) 113,796 8,031
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Chapter 5

Conclusion

In this thesis we have evaluated the performance of two NoSQL databases MongoDB
and Cassandra with integration of Hadoop. We have done the experiments on both
combination taking parameters of read/write, scalability and fault tolerance. It is shown
that the Hadoop-MongoDB is not efficient in reads while it is considered as read
efficient NoSql database. Hadoop-Cassandra is much more stable when it comes to
writes because for most of the writes it has shown minute increase in the processing
time when data size is increased exponentially. When it comes to scalability the
Hadoop-Cassandra has shown better processing time in cluster because it distributes
the data evenly across the cluster nodes. In fault tolerance because of the peer-to-peer
model the Cassandra is able to recover the failed nodes data faster from the other
running nodes where its replica was placed. Hadoop-MongoDB is also able to recover
the data efficiently and processing time due to failure is not very much effected unless
master node of whole cluster fails. Among most of the different categories of evaluation

Hadoop-Cassandra has given better results.

In future we can extend this analysis by comparing the indexing capability of Hadoop-
Cassandra and Hadoop-MongoDB in map-reduce framework. The analysis can also be
done by comparing the data partitioning capability of Hadoop-Cassandra and Hadoop-

MongoDB in heterogeneous network.
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