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Abstract

Big Data analytics puts lots of pressure on ICT providers for developing new tools and technology to
manage complex data. Challenges include storing and processing of huge volume of unstructured data, handling
high-velocity data streams, cleansing noise and abnormality in the data, analyzing the data and finding value or
meaningful results. Current tools and technologies are incapable to store, process and analyze huge amount of
diverse data. In this paper, we proposed an architecture that enables an effective storage and analysis of
unstructured data and developed a prototype to evaluate and test it. This paper presents the work of
investigating and designing a Big Data analysis solution using a MapReduce platform named Hadoop and a
data warehouse infrastructure built on top of Hadoop called Hive which enables the analysis of unstructured
data. The proposed architecture is validated through the development of a prototype that can analyze
unstructured data using Hadoop MapReduce, HDFS (Hadoop File System), and Hive. We also evaluated
whether this architecture is achieving its goals and objectives. The evaluation is conducted through streaming
Twitter data, storing, processing, finally fetching and performing sentiment analysis. Twitter, one of the largest
social media sites, is used as a data source in our experiment. Hence, this study provided an architecture that
helps to address problems related to Big Data analysis and furthermore it is novel due to the use of MapReduce
and Hive in a unique way for Twitter data analysis. The results of this work can be applied by enterprises in
sentiment analysis to understand how their customers feel about a particular product or service and to track how
those opinions change over time, and also to get information regarding the relative performances of their
competitors.
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1. Introduction = Volume: the size of the data to be processed
[2].
= Velocity: the speed at which the data is being

The emerging Big Data paradigm, owing to its
broader impact, has profoundly transformed our

society and will continue to attract diverse attentions
from both technological experts and the public in
general [1]. Big Data encloses large volume of
complex structured, semi-structured, and unstructured
data, which is beyond the processing powers of
conventional databases [2].

As far back as 2001, Doug Laney (Industry
Analyst) expressed the now conventional definition of
Big Data as the 3Vs of Big Data like volume, velocity
and variety [3]. According to [1], there are five
attributes to classify Big Data, as listed below.

produced or the frequency with which it is
delivered [4].

Variety: the data form, i.e., structured, semi-
structured, and unstructured [1].

Veracity: it includes data quality issues, in
particular issues such as their incompleteness,
errors, noise and other attributes affecting
quality [5].

Value: it refers to data usability and the
practical possibilities of their use in decision-
making and, consequently, to the possibility of
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generating important value for an organization
[5].

Therefore Big Data refers to datasets which for
one of the many reasons (Volume, Velocity, Variety,
Veracity, or Value) do not fit into a conventional
relational database [3]. Unstructured data refers to
information that either does not have a pre-defined
data model or does not fit well into relational tables

[6].
2. Literature Review and Related Work

Selected resource materials were thoroughly
analyzed and investigated to understand the state of
the art for the body of knowledge under review and
explore empirical studies made.

2.1 Big Data Analytics Frameworks

Different types of frameworks are required to run
different types of analytics. A variety of workloads
are present in a large-scale data processing enterprise.
In order to attain a business goal, it needs to see a
blend of workloads deployed: batch-oriented
processing, OLTP (Online Transaction Processing),
stream processing, and interactive ad-hoc query [7].

= Apache Hadoop is a framework that allows
handling distributed processing of Big Data
across clusters of computers using simple
programming models. Hadoop is designed to
scan large data sets to produce results through a
distributed and highly scalable batch processing
systems [8].

* In order to carry out rigorous real-time
analysis, Storm (Hadoop for real-time) has
been developed. Storm is a distributed real-time
computation system developed and released as
open source by Twitter [2].

= Apache Drill
interactive ad-hoc analysis of

is a distributed system for
large-scale
datasets. Many times it occurs that a human sits
in front of a business application and needs to
execute ad-hoc queries as per business needs.
Apache drill will provide the solution for all
these issues [7].

Apache Hadoop is suited for workload where time
is not a critical feature whereas Storm is well suited
for data stream analysis in which analysis is made in
real time and Apache drill is best for interactive and
ad-hoc analysis [7]. In line with this, Apache Hadoop
has been preferred for our study.

2.2 The Hadoop Framework

Hadoop analytics takes a fundamental approach to
a single large workload, mapping it into smaller sub-
workloads. These smaller workloads are then merged
to obtain the end result. Hadoop manages this
workload by assigning a large cluster of low cost
nodes built with commodity hardware. Hadoop
clusters usually run MapReduce jobs in parallel, in
addition to background activities such as
importing/exporting data from Hadoop File System
(HDFS) [6]. Apache Hadoop provides a reliable
shared storage (storage provided by HDFS) and
analysis (analysis provided by MapReduce) system
for large scale data processing [3].

a. Hadoop Distributed File System (HDFS)

The Apache Hadoop project defines HDFS such as
primary storage system used by Hadoop applications
[3. An HDFS cluster has two types of nodes
operating in a master-worker pattern: a NameNode
(the master) and a number of DataNodes (workers).
The NameNode handles the file system tree and the
metadata for all the files and directories in the tree.
DataNodes are the workhorses of the file system [9].

b. MapReduce

MapReduce is a technique for distributing a task
across multiple nodes. Each node that processes data
stored on that node consists of two phases: map and
reduce [3]. Map phase divides the workload into
smaller sub-workloads and allocates tasks to mapper,
which processes each unit block of data. Reduce
phase analyzes and merges the input from mappers to
produce the final output. The final output is written to
the HDFS in the cluster [6]. The MapReduce
framework comprises of a single master JobTracker
and one slave Task Tracker per cluster-node. The
master is responsible for scheduling the jobs'
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component tasks on the slaves, monitoring them and
re-executing the failed tasks. The slaves perform the
tasks as directed by the master [10].

c. HBase

It is a NoSQL database that sits on top of HDFS
based on Google’s Big Table. HBase cannot directly
operate SQL [2]. HBase is highly configurable,
providing a great deal of flexibility to address large
volumes of data efficiently [11].

d. Hive

Hive is a batch-oriented, data warehousing layer
built on the core elements of Hadoop (HDFS and
MapReduce). It provides users who know SQL with a
simple SQL-like operation called Hive Query
Language (HiveQL). With Hive, one can get the best
of both worlds: SQL-like access to structured data and
advanced Big Data analysis with MapReduce. Unlike
most data warehouses, Hive is not designed for quick
responses to queries [11]. Hive converts HiveQL
query into a series of MapReduce jobs for
implementation on a Hadoop cluster. It arranges data
into tables, which provide a means for attaching
structure to data stored in HDFS [12].

e. Hue

Hue is an open source web-based interface for
making it easier to use Apache Hadoop and its
ecosystem. Hue aggregates the most common Apache
Hadoop components into a single interface and targets
the user experience. Its main goal is to have users just
use Hadoop without worrying about the underlying
complexity or using a command line. It features a file
browser for HDFS, a job designer/browser for
MapReduce, Hive, Pig editors and more [13, 14].

2.3 Related Work

Nowadays, most of the information saved in
enterprises is unstructured. Retrieval and extraction of
the information is essential and significant in semantic
Text mining and natural language
processing are two mechanisms with their methods
for knowledge discovery from textual context in
documents. Das and Kumar [15] developed a
framework for analyzing unstructured data. Their

web areas.

proposed approach consists of acquiring unstructured
data from public tweets of Twitter, storing the data in
a NoSQL database like HBase, and retrieving and
analyzing the data. They investigated and tested the
first phase, which is acquiring unstructured data from
public tweets of Twitter. The processes used in the
first phase are registering the application with the
Twitter development, authenticating the application,
sending the requests with Java coding, and parsing the
result as an XML and the result obtained needs to be
parsed for filtering [15]. However, there are many
limitations in the paper. Data acquired from Twitter
were stored
Furthermore, MapReduce was not used either for
processing or analyzing sentiments even though they
are the core components of apache Hadoop.
Therefore, parallel processing of data during analysis
is impossible. Since HBase data requires Java coding,
business analysts who are supposed to use this
solution need to have Java knowledge and skills.

in HBase after sentiment analysis.

Processing large datasets obtained from diverse
sources is a challenging task as it requires tremendous
storing and processing capabilities. Distributing the
data across multiple processing units and parallel
processing units produces linear improved processing
speeds. Boja et al. [24] investigated the problem of
storing, processing and retrieving meaningful insight
from petabytes of data. They developed a Distributed
Parallel Architecture for Big Data that can be used to
solve the analyzed problem. When distributing the
data is critical, each processing unit is assigned the
same number of records and that all the related data
sets reside on the same processing unit. Using a multi-
layer architecture to acquire, transform, load and
analyze the data, ensures that each layer can use the
best of breed for its specific task. But the authors
focused only on the volume aspect of Big Data while
Big Data has five attributes.

The increasing gap between data processing and
input/output capacity on High End Computing (HEC)
machines makes a severe bottleneck for data analysis.
Instead of transferring data from its source to the
output storage, in-situ analytics processes output data
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while simulations are running. Since different data
processing techniques have different impact on
performance and cost, there is a consequent need for
flexibility in the location of data analytics.

Zou et al. [25] proposed a flexible data analytics
framework and developed flexible data analytics
prototype system for analytics placement. This
flexible placement strategy merges data compression
and visualization query — two algorithms, which can
be dynamically selected and switched to achieve the
best 1/0 performance with features profiling and real-
time system resource status monitoring. The
experiment showed that the data reduction ratio and
available processors are two most important factors to
impact the potential location of the analysis.
However, much more could have been done to
perform more investigation on these factors.
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3. The Proposed Architecture

Recognizing the limitations in the framework by
Das and Kumar [15], we proposed a three layer
architecture named data acquisition layer, data storage
and processing layer, and user access layer. Hence,
the novelty of our work lies in the storage and
processing layer of the architecture by incorporating
HDFS, MapReduce and Hive instead of HBase.
Components of the architecture include Twitter API,
HDFS storage, MapReduce, Hive, Hue and a front
end application tool as it is shown in Figure 1. The
proposed architecture enables processing and
analyzing Twitter datasets while addressing the
limitations mentioned above and it has three layers.
Twitter is chosen because Twitter postings are easier
to analyze due to the length limit as the authors are
usually straight to the point. Thus, it is often easier to
attain high sentiment analysis accuracy. Reviews are
also easier because they are highly focused with little
irrelevant information [16].

User Access Layer

=T

\; Analysis &
P Reporting with

Figure 1: The Proposed Architecture

3.1 Data Acquisition Layer

The first layer gets data from Twitter and makes
the datasets ready to be taken by HDFS. This layer
includes Twitter API and Twitter’s datasets.

This APl employs the push strategy for data
retrieval. Once a request for information is made, the
streaming APIs provide a continuous stream of
updates with no further input from the user. The
limitation of Twitter APIs is that it can be too
restrictive for certain types of applications. The APIs

only grant access to a 1% sample of the Twitter data,
and there are concerns about the sampling strategy
and the quality of Twitter data obtained via the API.
However, Twitter APl works well for a lot of
individuals that just want to access Twitter data for
light analytics or statistical analysis and they are free
to use [17]. Therefore, Twitter API is used to collect
and download public tweets of Twitter; one is for cost
reason and the other is data samples obtained with
Twitter APIs are sufficient for experimenting with the



20 An Architecture for Big Data Analysis in the Context of Social Media: the case of Twitter

proposed architecture [17]. Once an authorized API
request is sent, Twitter database provides the data in
JSON (Java Script Object Notation) format.

3.2 Data Storage and Processing Layer

This layer stores and processes the Twitter
datasets. This layer includes HDFS, MapReduce, and
Hive as described below.

a. HDFS Storage

HDFS cluster is the storage structure in the
architecture and hence it stores all the data in the
system. It stores both the raw data and the data after
processed and analyzed. The HDFS cluster has two
types of nodes operating in a master-worker pattern: a
NameNode (the master) and a number of DataNodes
(slaves). The NameNode is responsible for
maintaining the directory structure of the file system
and tracking where each file data is kept in
DataNodes of the Hadoop cluster. So it is the
NameNode which knows what blocks on which data
nodes make up the complete file where as the
DataNodes are where data are actually stored.

b. Mapping and Reducing

The MapReduce cluster processes data sets in a
distributed fashion. It works based on the concept of
breaking the data processing task into two smaller
tasks of mapping and reduction. It also works in
master slave architecture: a JobTracker (the master)
and a number of TaskTrackers (slaves). The
MapReduce jobs break the input data set into
independent blocks. Then the master is responsible
for dispatching jobs to TaskTrackers, keeping track of
the job progress, re-executing the failed tasks, and
returning the result to the storage. Then slaves
perform the tasks as directed by the master.

c. Hive

In our architecture, we preferred Hive to HBase for
many reasons. Hive converts SQL query into a series
of MapReduce jobs for implementation on a
MapReduce cluster [9]. Systems that require real-data
processing can’t tolerate latency since they have to
detect patterns and attempt to identify either
opportunities or threats so as to take immediate

actions. Some of them are real-time bidding systems
in stock market, credit (debit) card fraud detection
system, heart rate monitoring system in hospitals, air
craft control system, and traffic light system [18]. On
the other hand, many business firms can handle
analysis of customers’ tweets with Hive at least every
one or two hours while this latency is not affecting
their business. In addition, HBase requires writing
MapReduce codes with Java which is not an issue in
Hive [19].
d. Spring XD

Spring XD is a unified, distributed, and extensible
service for data ingestion and data export. It offers
high throughput data ingestion from a variety of input
sources into big data store such as HDFS, and high
throughput data export from HDFS to Hive or HBase
[20].
e. JSON SerDe (Serializer/Deserializer)

Hive uses the SerDe interface for input/output. The
interface  manages both and de-
serialization and also interpreting the results of
serialization as individual fields for processing. JSON
SerDe enables Hive to read from and write into HDFS
in JSON format [21].

3.3 User Access Layer

serialization

This layer provides access to processed data and is
used to manage analysis and report requests. It uses
MS Excel and web browsers as front end application
tools. It also incorporates Open Database
Connectivity (ODBC) and Hue web server to create
connection between front end applications and Hive.

4. Results and Discussion

The validity of the architecture is warranted
through the development of a prototype. The
prototype has been done in a two node cluster
environment in master slave architecture. The cluster
runs Hadoop, MapReduce, HDFS, and Hive. Breen’s
algorithm has been used in performing sentiment
analysis in our research. The general idea is to
calculate a sentiment score for each tweet so we can
know how positive or negative is the posted message.
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There are different ways to calculate such scores. We
used a very simple yet useful approach [22].

Sentiment Score = Sum of Sentiment Scores of
words in a tweet

Score of positive words is considered to be 1,
score of negative words is considered to be -1, and
score of neutral words is considered to be 0. Then the
total score for a tweet is calculated by adding
sentiment scores of words in a tweet. If Score is
greater than 0, this means that the sentence has an
overall 'positive opinion'. If Score is less than 0, this
means that the sentence has an overall 'negative

opinion'. If Score is equal to 0, then the sentence is
considered to be a 'neutral opinion' [22].

Subsequently sentiment dictionary and time-zone-
map files have been downloaded [23] and stored
together with the raw sentiment data. Then, a Hive
script that can refine, transform, and analyze the raw
sentiment data has been written in HiveQL (Hive
Query Language). This script should be executed to
clean the raw data, transform to structured data and
compute sentiment score for each tweet as shown in
Figure 2.

Editor

hty Clueries Saved Queries History Tahles

default j

Add

id BIGINT,

Type LS
jar j

Path | juserhuejson-serde-1.

Settings

Query Editor

|--HiveQL code for processing Twitter's dataset
--create the raw_data table containing the records as received from Twitter

CREATE EXTERMAL TABLE raw_data {

created_at STRIMNG,
source STRIMNG,
favorited BOOLEAN,
retweet_count INT,
retweeted_status STRUCT<
text :STRING,
user:5TRUCT<screen_name:5TRING,name:5TRING:>,
entities STRUCT<
urls :ARRAY <STRUCT <expanded_url:STRIMG>> ,

user_mentions :ARRAY <STRUCT<screen_name:STRING ,name:STRING> >,
hashtags :ARRAY (STRUCT <text :STRIMNG> >,
text STRING,
add user STRUCT<
screen_name:5TRING,
| name:STRIMNG,
1

This field is recuired.

Add

Save as... Explain | orcreate a  pew query

Figure 2: Executing Hive Query
As it can be seen in Figure 3, with our sample
data, the result shows that 17.86 percent of the tweets
have positive opinion, 78.57 percent of the tweets
have neutral opinions, and 3.57 percent of the tweets
have negative opinions about Samsung Galaxy S6
mobile. Therefore, business analysts of Samsung
Company can take actions so as to respond to the
customers’ needs. It is also possible to make
sentiment analysis of public tweets for other similar
products in competitor companies. This comparison
will provide the status of Samsung Galaxy S6 mobile
in the eyes of customers among other products like
iPhone and Huawei smart phones.

¥ Positive

L

* Neutral
® Negative

78.57%

Figure 3: Sentiment Summary
Our results have suggested that the proposed Big
Data solution is effective and it therefore added
enhancement to the effectiveness of the framework
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proposed by Das and Kumar [15]. This is exhibited
through the following points:

It involved Hive, MapReduce, and HDFS.

- The advantage of using MapReduce here is
its ability in processing large sets of data in
parallel, by distributing the jobs among the
task tracker nodes in the cluster. A
MapReduce job usually splits the input data
set into independent chunks which are
processed by the map tasks in a completely
parallel manner [11].

- In using HDFS we also get multiple
advantages. HDFS can store all kinds of
data (both structured and unstructured)
without prior organization. In addition,
HDFS stores the replicas of each data
blocks on different DataNodes to provide
both high speed data transfer and high
availability of data [9].

- Using Hive instead of HBase is another new
feature of our architecture. Analyzing Hive
data doesn’t require Java coding; rather it is
done with HiveQL scripts, and HiveQL is
already known by many business analysts
since anyone familiar with SQL can interact
with Hive with HiveQL [19].

It allows storing unstructured data. As a Big
Data analysis architecture, we should be able to
store both structured and unstructured data in
our system. This is made possible with the use
of HDFS before and after data transformation
and analysis.
Sentiment analysis is done using sentiment
analysis algorithm in MapReduce. Managing
the sentiment analysis task with MapReduce
provides performance gain as MapReduce can
do it with parallel processing using multiple
task tracker nodes in the cluster.

HiveQL is used to write or execute MapReduce
jobs. Instead of writing MapReduce jobs in
which  demands software

Java, serious

development skills, it is possible to write

MapReduce jobs in HiveQL since Hive allows
using HiveQL scripts [19].

Hence, our architecture is much better than the
works of Das and Kumar [15]. This is related to the
use of HDFS and MapReduce in the Hadoop system
and the use of Hive instead of HBase. In addition, we
have shown that a business analyst of an enterprise
can get public Tweets about concerned products and
services to make analysis and suggest appropriate
actions for customers’ reaction effectively.

5. Conclusion and Future Work

We have proposed an architecture for Big Data
analysis and we have also showed how the proposed
solution could work by streaming public tweets of
Twitter, ingesting the raw data in to Hadoop system,
and doing sentiment analysis during the experiment.
We have also showed that raw Twitter data sets can
be stored in HDFS for future use and sentiment
analysis can be done with MapReduce. Furthermore, a
business analyst can easily be familiar to write
HiveQL scripts to perform sentiment analysis on
public tweets tracked from Twitter based on a given
keyword. Therefore, we believe that this proves the
effectiveness of the proposed architecture.

This study will help business institutions in
sentiment analysis to understand how their customers
feel about a particular product or service and to track
how those opinions change over time, and also to get
information on how their competitors are doing in
comparison. Hence, business organizations can
deploy and use the result of this study to continuously
monitor the feedbacks of their customers and take
timely actions in response.

There are a lot of works that can be done in the
future. The Hadoop and Hive newer versions have
lots of bug fixes and enhancements. We will upgrade
and implement it with newer versions to see if there
are any improvements. Adjusting some configurations
in Hadoop and Hive for a better performance and
efficiency will also be done. Moreover, this research
can be extended to other social media sources of Big
Data like face book and LinkedIn.
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