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Abstract

Today, we live in a ‘data age’. The sudden increase in
the amount of user-generated data on social media
platforms like Twitter, has led to new opportunities
and challenges for companies that strive hard to keep
an eye on customer reviews and opinions about their
products. Twitter is a huge fast emergent micro-blogging
social networking platform for users to express their
views about politics, products sports etc. These views
are useful for businesses, government and individuals.
Hence, tweets are used in this framework for mining
public’s opinion. Sentiment analysis is a process of
naturally recognizing whether a user-generated content
expresses positive, negative or neutral opinion about
an entity (i.e. product, people, topic, event etc). The
traditional analytics tools are costly and are not built
to handle Big data. Hadoop, though being a popular
framework for data intensive applications, does not
perform well on iterative process (like data analysis) due
to the cost paid for data reloading from disk for each
iteration. This paper proposes a Text analysis framework
for twitter data using Apache spark and hence is more
flexible, fast and scalable. The proposed framework is
also domain independent as it uses a hybrid approach
by combining supervised machine learning algorithms
(Naive Bayes and decision tree machine learning
algorithms) and lexicon approach (pattern analyzer)
for sentiment classification thereby comparing various
supervised learning models and using the one with
highest accuracy for predicting sentiment.

Keyword: Sentiment Analysis, Machine Learning,
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Introduction

Twitter is a huge, fast, emergent, popular, micro-blogging
social networking platform for users to express their
views about politics, products sports etc. Here, clients
send messages (a.k.a., tweets) to a system of contacts
from a wide assortment of gadgets or sites. A tweet is a
content predicated post and has just 140 characters, which
is around the length of a typical newspaper headline or
subhead (Milestein, 2008). Twitter is a “what’s-happening-
right-now” social network and hence tweets are valuable
sources for businesses, government and individuals to
determine public’s opinion or sentiment about an entity
(product, people, topic, event etc). But, the volume of
tweets produced by Twitter everyday is very vast (21
million tweets per hour, as measured in 2015). Hence there
is a need to automate the process of sentiment analysis
so as to ease the tasks of determining public’s opinions
without having to read millions of tweets manually. This
process of analyzing and summarizing user’s views on a
particular entity is usually called Sentiment Analysis or
Opinion Mining which is an extremely fascinating and
prominent space for analysts these days.

Text analysis includes data retrieval, lexical analysis
to study word recurrence appropriations, pattern
recognition,  labeling/annotation, data  extraction,
data mining techniques, visualization, and predictive
analytics. The general objective is, basically, to transform
content into information for investigation, by means of
use of Natural language processing (NLP) and analytical
methods. Sentiment analysis is a process of automatically
identifying whether a user-generated content expresses
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positive, negative or neutral opinion about an entity (i.e.
product, people, topic, event etc). Sentiment classification
can be done at Document level, Sentence level and Aspect
or Feature level (Vohra, 2013). In Document level the
whole document is used as a basic information unit to
classify it either into positive or negative class. Sentence
level sentiment classification classifies each sentence
first as subjective or objective and then classifies it into
positive, negative or neutral class. There is not much
difference between the above two methods as sentence is
just a short document. Aspect or Feature level sentiment
classification deals with identifying and extracting product
features from the source data (Vohra, 2013).

There are few methodologies for sentiment analysis:
Machine learning based approach (ML) uses several
machine learning algorithms (supervised or unsupervised
algorithms) to classify data (Neethu, 2013). Here,
two datasets are needed: training and a test dataset. A
supervised learning classifier utilizes the training set to
learn and train itself w.r.t the differentiating characteristics
of text, and a test set is utilized to check the performance
of'the classifier. Lexicon based approach uses a dictionary
containing positive and negative words to determine the
sentiment polarity. It deals with counting the number of
positive and negative words in the text. If the text consists
of more positive words, the text is assigned a positive
score. If there is more number of negative words then the
text is assigned a negative score. If the text contains equal
number of positive and negative words then it is assigned
a neutral score. To determine whether a word is positive
or negative, an opinion lexicon (positive and negative
opinion words) is built. Hybrid based approach uses a
combination of both ML and lexicon based approach for
classification. The drawback of Machine learning based
approach is that it needs a huge training data which is very
difficultto obtain. Also, manually labeling the datais a very
tedious job. Lexicon based approach has a disadvantage
that the strength of the sentiment classification depends
on the size of the lexicon (dictionary). As the size of the
lexicon increases this approach becomes more erroneous
and time consuming. As mentioned in (Zang, 2011),
lexicon based approach has high precision and low recall.
Hence combining it with a machine learning classifier can
improve the recall and accuracy of the algorithm. This
paper focuses on the proposition of combining the two
approaches into a hybrid model in order to mitigate the
drawback of these two approaches by using the lexicon-
based classifier for the task of annotating the training data
for the learning-based classifier, this technique leverages
the learning-based classifier’s performance while taking

advantage of the lexicon-based classifier’s effortless setup
process (Zang, 2011).

The amount of user generated data available online
is astronomically immense. Considering the span
of information starting 2011, i.e. 30 million, we can
anticipate that it will increase to over billions by 2017.
Consequently we have to guarantee that the framework is
adaptable and fast to support any measure of information.
This project develops a framework that is both scalable
and fast. This is accomplished by using Apache Spark.
Apache Spark is a quick and universally useful cluster
computing system. Spark runs programs up to 100x
speedier than Hadoop MR in memory, or 10x quicker
on disk. Machine Learning Library (mllib) is available
in Apache Spark (Bhuvan, 2015). With the help of this,
various classification models are built and the model with
the highest accuracy is used to predict the user sentiment
on twitter data.

The Proposed Technique

This section describes the proposed framework. The
framework uses hybrid approach for analysis. Figure 1
gives an architectural overview of the proposed technique
for twitter sentiment analysis.

A. Data Collection

Twitter allows researchers to collect tweets by using a
Twitter API. One must first create a twitter application to
obtain twitter credentials (i.e. API key, API secret, Access
token and Access token secret) which can be obtained
from twitter developer site. These credentials should
be kept private as they provide application access to
twitter on behalf of your account. The twitter application
then receives an “OAuth access token” which ensures
that authorized calls are made to Twitter API’s. OAuth
is a method for permitting users to approve third party
applications to access their account data without expecting
to share delicate data like password. Then, install a twitter
library to connect to the Twitter API. We used Twitter
Search API to extract tweets based on a search query (e.g.
#Apple , “Apple Products”) specified by the user. It works
similar to the search function provided by twitter web
client or twitter mobile. We used tweepy twitter library
to extract tweets. Twitter API has certain rate limits on
how many requests an application can make to any API
resource within given time window. Twitter provides 15
minutes window and allows the user to access tweets of
past 7 to 8 days if the type of result is specified as ‘recent’.
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The twitter data is obtained in Json form containing tweets
and information about the users.

The important fields are explained below:
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Fig 1: Architecture of Twitter Sentiment Analysis
using Apache Spark and Combination of Lexical and

1.
2.

Machine Learning Technique

Created at: Time at which the user posted the tweet.

Entities: Several fields like URL, Hashtags, user
mentions parsed from text.

Id: A unique identifier for this tweet.

Retweet count: Indicates the number of times this
tweet is retweeted.

Source: indicates the source of a tweet (device or
website).

Text: shows the actual tweet as posted by the user
containing external web links (e.g. http://amze.
ly/8K4n0t) (Zang, 2011), hashtags (e.g. #Apple ,
used to filter tweets based on a topic), user names
(e.g. @userl, indicates that the tweet is a reply to a
user named userl) and the user comment.

User: containing information about the user like user
id, user’s profile image, description of the user etc.

Data Pre-processing

Before we perform the sentiment analysis on twitter data
the data should be brought into proper form and sentiment
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relevant features need to be extracted. The text field of
twitter data, as described above contains external links,
URLSs and tweets. Processing a natural language is very
difficult and trying to determine the user sentiment is even
more difficult as users make sarcastic comments. The data
preprocessing step includes the following:

1.

Removal of external links: URLs and user names
are not useful for determining the sentiment analy-
sis. Eg. Removing “http://act.org” and “@valaaf-
shar” in figure 2

Removal of duplicate tweets: Twitter data may con-
tain redundant tweets and retweets which need to be
removed.

Spelling Correction: Social media tweets may con-
tain incorrect spellings. Spelling of the erroneous
words can be rectified and predicated on automated
selection of more probable word.

Case Conversion: All words are transformed into
lower case in order to eradicate the distinction be-
tween “Text” and “text” for further processing.

Stop-words Removal: The commonly used words
like a, an, the, has, have etc which carry no meaning
i.e. do not help in determining the sentiment of text
while analyzing should be removed from the input
text. E.g Removing words like “it”,”have”,”and” etc
as shown in figure 2.

(@valaafshar apple has 233 billion in cash it could buy all nfl teams nba teams mlb teams nhl
teams and still have 80 billion

Didnt know apple music offered student discounts (http://act.org)

@apple Apple bans benign ios spyware detection security info app technology

Pre-Processing

Apple 233 billion cash could buy nfl team nba team mlb team nhl team still 80 billion

Did not kmow apple music offered student discount

Apple ban benign io spyware detection securitv info app technology

6.

Fig 2: Data pre-processing example

Punctuation Removal: Punctuation marks such as
comma or colon often carry no meaning for the tex-
tual analysis hence they can be removed from input
text.
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7. Stemming: Stemming customarily refers to a simple
process that chops off the terminuses of words to
abstract derivational affixes. E.g converting “teams”
to “team”.

8. Lemmatization: Deals with abstraction of inflection-
al terminuses only and to return the base or diction-
ary form of a word, which is termed as the lemma.

99 ¢ 99 Ceg 9

E.g. Converting words like “are” “am” “is” to “be”.

The figure below shows sample tweets and the results
obtained after pre-processing.

The proposed method makes use of NLTK (Natural
Language Tool Kit) to carry out pre-processing.

Feature Extraction and Vectorizing

Once the tweets are pre-processed, we need to extract
features relevant for sentiment analysis. This framework
uses Hashing TF-IDF algorithm to extract features.
TF-IDF (term frequency-inverse document frequency)
is frequently utilized in information retrieval and text
mining. This TF-IDF weight is a statistical measure used
to assess the importance of a word in a document (tweet).
The Hashing TF-IDF algorithm implemented in the
proposed framework using Apache Spark is:

Algorithm: Hashing TF-IDF (tweet)

Input: RDD of tweet

Output: TF-IDF weight of each term in the tweet

Hash (t) — hash function for term t

num_of terms — total number of terms in a tweet

Freq (¢ ,tweet) — Calculates number of times t appears in
a tweet

d(?)- Number of tweets that contain term ¢
m-Total number of tweets
Vector.sparse (arg) - Returns a Sparse Vector of arg

1. For each term ¢ in tweet:
a. Calculate index of ¢
index = hash(#) % No. of terms
b. Frequency[index] = Freq (¢ tweet)
2. Vector = Vector.Sparse(No. of terms, Frequency| ])
3. Data=RDD of Vectors

4. Calculate IDF for each vector in Data using the
formula:
idf = log((m + 1) / (d(¢) + 1))

5. Calculate TF-IDF weight using:
TF-IDF = Frequency|[¢]*idf

This approach eschews the need to compute a global
term-to-index map, which can be extravagant for a sizably
voluminous corpus, but it suffers from hash collisions,
where different raw features may become identically
tantamount term after hashing. In order to avoid this,
the number of buckets in the hash table is increased to
1,048,576. A sample hashed feature vector is as shown
below:

SparseVector (50000, {20420: 0.8755, 23406: 0.9445,
27595: 3.989, 39565: 3.989})

Here, feature vector is a Sparse Vector and term ’50,000’
denotes the bucket size or feature dimension. The terms
of the form ‘20420: 0.8755’ denotes ‘hash-value: feature’

Building A Training Dataset.

The lexicon-based approach is used to build the training
data. The training data consists of tweets labeled by
lexical-based pattern analyzer (Zang, 2011). Using
training data provided by lexicon-based method has
following advantages:

* Mitigating the labor-intensive and time consuming
process of manually annotating training data.

* Lexicon based approach have low recall. By using
hybrid approach we can achieve higher accuracy
and recall. (Zang, 2011) (Fredrick, 2015).

* The proposed framework is domain independent as
the classifier is trained on the fly based on the out-
put of lexical-based approach and not on a domain-
specific manually labeled dataset.

Machine learning algorithms require huge training data
for better performance. Suppose, on an average if a human
takes around 10 seconds to classify one tweet, then he
would take 15000 seconds (4 hours) to classify 1500 tweets.
Though a machine learning approach performs slightly
better than the proposed hybrid approach, the difference in
performance might no longer be worth the inconvenience
of acquiring training data, making the hybrid model an
appealing alternative with a more beneficial trade-off
between performance and convenience. (Fredrick, 2015).
Nowadays, large organizations are desperately in need
of fast approximate results rather than accurate results
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to take important decisions faster. Hence, the proposed
framework fulfils this need by making use of hybrid
approach and Apache Spark framework.

Predicting User Sentiment

Machine learning classifiers are trained on the training
data obtained from lexicon approach and then they are
tested on test dataset. The machine learning model
classifies the tweets as positive, negative and neutral.
Their performances are compared based on various
performance measures like accuracy, precision, recall and
F1-score. The machine learning algorithms used in this
framework are explained in the next section.

Machine Learning Algorithms for
Sentiment Classification

Multinomial Naive Bayes

The Naive Bayes classifier is the easiest of all (as the name
proposes) and extremely viable for text classification as
it figures the posterior probability of a class, in view of
the dispersion of the words (features) in the document.
We use multinomial naive bayes as we classify a tweet
into 3 different classes (positive, negative, and neutral).
Here, each feature is denoted as a term whose value is
the frequency of the term. The Multinomial naive bayes
algorithm is as shown below:

TRAINMULTINOMIALNB(C, D)
1 V «— EXTRACTVOCABULARY(ID)
2 N +— CountDocs(ID)
3 for eachce C
4 do N; — CounTtDOCsINCLASS(ID, )
prior[c] «— N:/N
text, «— CONCATENATETEXTOFALLDOCSINCLASS(ID, c)
for eachi € V
do T, «— COUNTTOKENSOFTERM(fext,, t)
9 for eacht e V
10 do condprob|t][c] — %
11 retarn V, prior, condprob

00 =] o~ Un

APPLYMULTINOMIALNB(C, V, prior, candprob, d)
W «— EXTRACTTOKENSFrROMDOC(V, d)
for eachc e C
do score|c] +— log prior|c|
for eachf € W
do scorec] += logcondprob|t][c]
return arg max, . score]c]

= RS I L ]

Multinomial naive bayes perform better when trained on
huge dataset.
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Decision Tree

Decision trees in Spark MLIib are greedy algorithms and
scale gracefully to distributed setting. A decision tree
model is trained using training dataset and model builds
a top-down tree (hierarchical if-else statements) which
can then be used to predict unseen data. The decision tree
performs binary partition of the feature space recursively.
The tree avariciously picks every segment by selecting the
best split from an arrangement of conceivable parts, with
a specific end goal to expand the data pick up at a node of
tree. We use Gini Impurity to measure the homogeneity of
labels at each node.

These two algorithms are tested on test data and their
performances are compared based on accuracy, precision,
recall, F1-score.

Advantages of Proposed System

* Mitigating drawbacks of Hadoop Map Reduce:
Hadoop does not perform well on real-time iterative
processes (like data analysis) due to the cost paid
for data reloading from disk for each iteration. The
proposed framework uses in memory Apache Spark
for overcoming these drawbacks.

* Overcoming tedious job of manually labeling huge
training data: The framework uses a pattern analyzer
for labeling the training data.

* Domain Independence: Since the framework uses a
hybrid approach (i.e. lexicon approach to label the
training data and machine learning approach to pre-
dict sentiments) , it can perform analysis on any type
of dataset independent of any specific domain(like
telecom, Banking)

Limitation: The framework relies on pattern analyzer for
building the training data. The accuracy of pattern analyzer
may not be as good as that of manually labeled dataset.
However, there is a tradeoff between ease of obtaining
labeled training data and accuracy. Analysts believe that
in today’s fast-paced world, obtaining “approximate”
results fast is better than obtaining “accurate” results late.
Hence based on this belief, though the framework may
slightly lack in accuracy, it is very apt for performing
real-time analysis thereby aiding the organizations to take
important decisions quickly.
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Results

We used a dataset containing 4000 tweets for search
query “Apple Products”. 70% of the dataset was used
for training while 30% was utilized for testing the
performance of Naive Bayes and Decision tree algorithms.
The performance measured in terms of precision, recall,
F1Score, Accuracy is shown in the figure 1. The figure
shows that Decision tree algorithm has an accuracy of 100
percent and Naive Bayes has an accuracy of 86 percent.
The figure also shows precision, recall and F1Score.

Result:
Model Performance

B Accuracy

8 Precision
Decision tree

‘ Naive Bayes | Recall

Accuracy

86

8 Fiscore

Algorithm

Naive Bayes

Fig. 1: Performance of Naive Bayes and Decision
Tree

The result of sentiment analysis is shown in the form of
a pie chart. Figure 2 shows that about approx 20% tweets
are negative for the search query “Apple Products”.

Sentiment Analysis

@ Positive
@ Negative
@ Neutral

Negative
401 (19.3%)

Fig. 2: Sentiment Analysis using Number of Positive,
Negative and Neutral Tweets for Queries “Apple
Products”

The framework also shows the sources of tweets which
are obtained from the ‘source’ key in twitter Json.

W Tweets
LoveWorldJP

Twitter Web Client

WordPress.com

[Twitter for Android

Twitter for iPhone

Fig. 3: Sources of Tweets

The country-wise location of tweets is shown using the
world graph below. The graph shows that maximum
people who are tweeting about Apple Products are from
USA.

United States
% of Tweets: 55

w

Fig. 4: Country-wise Location of Tweets

It is also useful to know on what topic are people talking
about. The framework gives an idea of the topic of
discussion using a word cloud. The word cloud shows
that most of the people are talking about “apple” while
few others are talking about mac and ios.

C:?D 360wisenews roimentor
s business —
o

Q
05 2 S
-f.apple::
free deal =) %
lg © @ Q5
s =
jewellery o oo < @
= 5 © Fc¢ @ =2
applewatch = = =) g »

trending digital forbes -~ Q

Fig. 5: Word Cloud of Important Keywords
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Conclusion

Sentiment analysis can be performed using lexicon based
approach, machine learning based approach or hybrid
approach. The lexicon-based approach is used to build
the training data for mitigating the labor-intensive and
time consuming process of manually annotating training
data. The proposed framework is domain independent.
The framework performs sentiment analysis using Naive
Bayes and Decision tree algorithms. The results show that
Decision tree performs extremely well showing 100%
accuracy, precision, recall and F1Score. The framework
also shows the sources and location of tweets along with
the important keywords depicting the topic of discussion.
The proposed text analytics framework is also real-
time, fast, scalable, and reliable as we use Apache Spark
framework.
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