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Abstract—Microblog, especially Twitter, have become an in-
tegral part of our daily life, where millions of user sharing
their thoughts daily because of its short length characteristics
and simple manner of expression. Monitoring and analyzing
sentiments from such massive amount of twitter posts provide
enormous opportunities for companies and other organizations
to learn about what user think and feel about their products
and services. But the ever-growing unstructured and informal
user-generated posts in twitter demands sentiment analysis tools
that can perform well with minimum supervision. In this paper,
we propose an approach for sentiment analysis on twitter, where
we combine a rule-based classifier with weakly supervised Naive-
Bayes classifier. To classify the tweets sentiment, we introduce a
set of rules for the rule-based classifier based on the occurrences
of emoticons and sentiment-bearing words, whereas several sen-
timent lexicons are applied to train the Naive-Bayes classifier. We
conducted our experiments based on the Stanford sentiment140
dataset. Experimental results demonstrate the effectiveness of our
method over the baseline in terms of recall, precision, F score,
and accuracy.

Keywords: Microblogs, sentiment analysis, sentiment clas-
sification, twitter, sentiment lexicons, emoticons.

I. INTRODUCTION

Nowadays, microblog websites play an important role in
maintaining social relationships as well as act as a valuable
information source. Every day lots of users utilizing microblog
sites for expressing their views, opinions, experiences, and
feelings about specific topics or entities. Among several mi-
croblog sites, Twitter' is now the most popular, where millions
of users spread millions of tweets (posts on twitter) on a daily
basis. As these tons of tweets reflect people’s opinions and
attitudes, sentiment analysis in twitter has made a hit with a lot
of complaisance. Monitoring and analyzing tweets sentiment
from twitter provide enormous opportunities for the public and
private sectors as well as individual users. For example, people
are eager to know the feelings of others about Apple’s new
product “iPhone 7” and it will provide great convenience for
them if the opinions are extracted from massive tweets. As
the reputation of a certain product is highly affected by the
people’s opinions posted in twitter, companies are now mon-
itoring and detecting public opinions from twitter to estimate
the extent of product acceptance and to determine the strategies
for improving product quality. Fans of famous personalities are
always fascinated about what is going on with their favorite
person and the reaction from other people. Moreover, there is
a strong correlation between the users’ posts on twitter and
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the outcomes of political elections. Both voters and political
parties are increasingly seeking ways to get an overview of
the support and opposition candidates before the elections [1].
Therefore, a comprehensive sentiment analysis in twitter will
provide an effective solution to address these scenarios. In
this paper, we have proposed a method for sentiment analysis
on twitter. To classify the tweets sentiment either positive
or negative, we combine a rule-based classifier with weakly
supervised Naive-Bayes classifier. Our rule-based classifier is
based on the occurrences of emoticons and sentiment-bearing
words, whereas several sentiment lexicons are used to train
the Naive-Bayes classifier. Experimental results with Stanford
sentiment140 dataset showed that our method improves the
sentiment classification performance.

The main contributions of this paper include: (1) We
propose a rule-based classifier based on the occurrences of
emoticons and sentiment-bearing words and combine it with
the weakly-supervised classifier. (2) We investigate the impact
of utilizing sentiment lexicons for training the supervised
Naive-Bayes classifier instead of the large training dataset.
For this, we separately train our own developed Naive-Bayes
classifier by using the ensemble of sentiment lexicons and
sentiment140 dataset to compare the performances.

The rest of the paper is structured as follows: Section II
describes the state-of-the-art of sentiment analysis task while
our proposed framework is described in detail in Section III.
Next, in Section IV, the experimental setup and results are
discussed to show the effectiveness of our proposed method.
Finally, some concluded remarks and future directions of our
work described in Section V.

II. RELATED WORK

Sentiment analysis in a microblogging environment, such
as twitter is one of the state of the art research tasks in infor-
mation retrieval domain, where the major goal is to classify
the polarity of a tweet sentiment either positive, negative or
neutral based on its contents. Usually sentiment analysis tasks
conducted into different levels of graininess, including word
level, a phrase or sentence level, document level, and feature
level [2]. Prior works on twitter sentiment analysis mostly
based on the noisy labels or distant supervision, for example,
considering emoticons to decide the tweets sentiment, to
train the supervised classifiers, and so on [3][4]. After that,
several researchers explore feature engineering along with the
combination of machine learning methods like Naive-Bayes
(NB), Support Vector Machine (SVM), Maximum Entropy
(Max Ent.) etc. to improve the classification performance [5].



Since it is very costly to obtain sentiment labels for large
training data and expressions in twitter are unstructured,
informal, and fast-evolving, some researcher introduced the
unsupervised methods based on lexicons [6] as well as the
combination of lexicons and emotional signals [7]. Along with
this direction, current studies showed that results of twitter
sentiment analysis is widely used in various social applications,
including trend identification of political elections [8], natural
disaster management [9], etc.

III. PROPOSED FRAMEWORK

In this section, we describe the details of our proposed
framework. The goal of our proposed sentiment classification
task is to assign positive or negative sentiment label to a tweet
document based on its contents. The overview of our proposed
sentiment analysis framework illustrated in Fig. 1.
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Fig. 1: Proposed sentiment analysis framework

At first, our system fetches the set of tweets from the user
and indexed them for further processing. In the preprocessing
stage, we perform the tokenization, lexical normalization,
URL normalization, stemming, stop-word removal, and special
character removal. Next, our proposed rule-based classifier is
applied to classify the tweets sentiment as positive, negative
or unknown. Tweets that are labeled as unknown are then
considered as bag-of-words and classified by using weakly
supervised Naive-Bayes (NB) classifier. Results of both rule-
based classifier and weakly supervised classifier are then
combined and set of labeled tweets return to the user.

A. Lexical Resources for Sentiment Analysis

For our sentiment analysis task, we construct a strong sen-
timent lexicon. A sentiment lexicon is a collection of sentiment
words such as “affluent”, “brilliant”, “crime”, and “hate”, that
are used to imply the positive or negative sentiments. We
consider seven publicly available sentiment lexicons, includ-
ing the Bing Liu lexicon [10], subjectivity clues from [11],
EffectWordNet [12], WordStat Sentiment Dictionaryz, NRC
emotion lexicon [13], SentiStrength lexicon [14], and Senti-
Wordnet [15]. We extract the positive and negative sentiment
words separately from these lexicons, which are then used to
count the sentiment-bearing words in our rule-based classifier.
We also used these lexicons to train our weakly supervised
Naive-Bayes classifier.
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Like sentiment lexicon, we also construct an emoticon lex-
icon, as peoples are increasingly interested in using emoticons
on twitter in order to express their feelings. For our emoticon
lexicon, we combine four publicly available emoticon lists,
including the SentiStrength emoticon lexicon [14], emoticon
list from Wikipedia®, Sharpened-text based emoticons*, and
DataGenetics® popular emoticons list in twitter.

B. Rule-based Classifier

In a rule-based classifier, a set of rules usually constructed
to determine a certain combination of patterns, that are most
likely to be related to the different classes. Each rule consists
of two parts: the antecedent part and the consequent part.
The antecedent part corresponds to a word pattern and the
consequent part corresponds to a class label. We can define a
rule as follows:

Ry :if x11s Ag1 and ........ Ty 18 Apn
then Class = Cy,

where Ry, is a rule label, A7 is an antecedent set, C}, is a
consequent class, k is a rule index, and N is the total number
of rules. Our unsupervised rule-based classifier casts the senti-
ment analysis problem as a multi-class classification problem
and labeled each tweet as positive, negative or unknown. We
define the following set of rules based on the emoticons and
occurring of positive and negative sentiment-bearing words:

Ry :if Npg >0 and Nyg =0 then, Class = Positive
Ry :if Nyg >0 and Npg = 0 then, Class = Negative
R3:if Npw — Nyw > P then, Class = Positive
Ry :if Nyw — Npw > P then, Class = Negative

where Npg is the number of positive emoticons, Ny g is the
number of negative emoticons, Npyy is the number of positive
words, Ny is the number of negative words, and P is the
positive integer. These rules are applied sequentially. If a tweet
satisfies any of these rules, it is labeled with the corresponding
class and the remaining rules are ignored. Whereas, tweets that
do not satisfy any of these rules are labeled with unknown
class. We use the original tweet for R; and Ry rule, while
performing the preprocessing described in section III-C1 for
Rs3 and Ry rule.

C. Weakly Supervised Learning Approach

Weakly supervised sentiment classification uses the prior
word polarity knowledge, where a small number of seed words
with known polarity are used to infer the polarity of a target
document. The weakly supervised learning process described
in detail, as follows:

1) Internal Preprocessing: Internal data preprocessing step
is initiated with tokenization, which is the process of form-
ing tokens from an input stream of characters. As we are
working on tweet documents, there are lots of emoticons
and other special characters. But meaningful English words
do not contain these characters. We remove these characters
from tweet documents as well as removing the single-letter
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word. Moreover, in sentiment classification task, stop-words
play a negative role because they do not carry any sentiment
information and may actually damage the performance of the
classifier. For stop-word removal, we utilize the refined form
of Indri’s standard stop—listf’, because it contains some words
that have sentiment information, such as like, thank, useful,
downward, etc. So, we manually inspect the list and discard
these words from the list. After performing stop-word removal,
the remaining words are then stemmed by using Krovetz
stemmer’ to reduce the word variants to a common form.

Lexical Normalization: As tweets are informal user gen-
erated texts, it often contains non-standard word forms and
some domain-specific entities. Some used non-standard word
examples are: “thnx” instead of “thanks”, “plzzzzzz” instead of
“please”, “happpppppy” instead of “happy”, etc. To normalize
the non-standard words into their canonical forms, we uti-
lize two publicly available lexical normalization dictionaries,
collected from [16] and [17]. The first one contains 41,181
words and the second one contains 3,802 words. For URL
normalization, we replace all the links present with just the
word “URL”.

2) Classification Model: We make use of well-known
Naive-Bayes (NB) classification model for our sentiment clas-
sification system. For a given tweet document, the Naive-Bayes
(NB) classifier make use of the joint probabilities of words and
categories to estimate the probabilities of categories. The as-
sumption of word independence makes the computation of this
classifier far more efficient than the exponential complexity of
non-Naive-Bayesian approaches [18].

D. Combining the Classifiers

After developing our proposed rule-based classifier and
training the Naive-Bayes classifier with sentiment lexicons
described in section III-A, we combine them to classify the
tweets sentiment. At first, our rule-based classifier is applied to
classify the tweets sentiment as positive, negative or unknown.
But, our goal is to classify the tweets sentiment only positive
or negative class. That is why; for the tweets that are labeled
as unknown by the rule-based classifier, we consider the
predictions of weakly supervised Naive-Bayes classifier as the
final labels.

IV. EXPERIMENTS AND EVALUATION
A. Dataset Collection

For conducting our experiments, we used the Stanford
Twitter Sentiment140 dataset [3]%. The training dataset has
1.6 million tweets with the equal number of positive and
negative tweets, while the test set consists of 182 positive
and 177 negative tweets, which were manually annotated.
The test set was collected with specific queries arbitrarily
chosen from different categories including products’ name,
companies, people, etc. Table I presents the categories and
the total number of corresponding tweets, positive tweets, and
negative tweets. Each training and test tweet are composed
of the tweet_polarity, tweet_id, date, query, screen_name, and
tweet_text.

Ohttp://www.lemurproject.org/stopwords/stoplist.dft
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Table I: Categories for test set

H Category ‘ #Tweets ‘ #Positive ‘ #Negative H

Company 119 33 86
Misc. 67 26 41
Person 65 48 17
Product 63 47 16
Movies 19 16 3

Location 18 4 14
Events 8 8 0

Total 359 182 177

B. Parameter Setting for Rule-based Classifier

To determine the optimal value of parameter P for the
R3 and R4 rule in our rule-based classifier, we examine the
accuracy of our Run4 method (described in Section IV-C) for
different values of P. Based on the result illustrated in Fig. 2,
the parameter P is set to as 3.

86
A
/\0—0—0—0—0—0—0

/

A d

©
S

@
o

Accuracy (%)
[ee]
N

~
@

12345678910
P
Fig. 2: Accuracy estimation for different values of P

C. Results with Sentiment Classification

At first, we used the training dataset of 1.6 million tweets to
train our own developed Naive-Bayes classifier using bag-of-
words model for classifying the sentiment of the test set, which
we considered as our baseline. To evaluate the performance, we
considered four standard evaluation measures including recall,
precision, Fj score, and accuracy.

Table II: Classification results (in %) on sentiment140 dataset

Method Recall Precision Fj Score  Accuracy
Baseline 63.19 80.99 70.99 73.82
Runl 80.77 81.67 81.22 81.06
Run2 89.56 74.43 81.30 79.11
Run3 85.16 82.45 83.78 83.29
Run4 91.76 81.07 86.08 84.96
SentiStrength [14]  80.77 79.46 80.11 81.70
Semantria’ 70.88 83.23 76.56 78.10

The summarized results of our experiments and comparison
with two known related systems (SentiStrength and Semantria)
are presented in Table II. At first, we showed the classifi-
cation performance based on the baseline. Then performance
incorporating preprocessing with baseline method resulted in
Runl. After that, we trained the Naive-Bayes classifier with
several sentiment lexicons, which has resulted in Run2. Next,
to improve the classification performance, we combined our
rule-based classifier with the setup of Runl and Run2. Results
of these experiments are articulated in Run3 and Run4 respec-
tively. Results showed that both Run3 and Run4 outperform the
baseline and Runl (baseline+preprocessing), which indicates
the complementary importance of our proposed rule-based
classifier. As we achieved the best result in terms of recall, F}
score, and accuracy at Run4, we can deduce that combining
a rule-based classifier with weakly supervised Naive-Bayes
classifier improves the sentiment classification performance.

https://www.lexalytics.com/semantria



We also evaluate the performance of our several runs by
receiver operating characteristic (ROC) curve analysis. The
method, which curve is closer to the y-axis than the other
in ROC curve, is treated as the best. Fig. 3 illustrated that
the curve of Run4 method is closer to the y-axis that means
it performs best i.e.; yielded the most desirable ratio between
false positives and true positives.
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We also compare the category-wise performance of our
proposed method (Run4) with baseline. Fig. 4 showed the
category-wise comparative results. For 5 types of tweet cat-
egories, our proposed Run4 outperforms the baseline signifi-
cantly in terms of accuracy and for 2 types of categories, our
system yielded similar results. This indicates the applicability
of our proposed system for all types of tweets.
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Fig. 4: Category-wise performance comparison

V. CONCLUSION AND FUTURE DIRECTION

In this paper, we proposed an efficient and effective method
for sentiment analysis on twitter. We introduced a rule-based
classifier based on emoticons and sentiment-bearing words and
combined it with our weakly supervised Naive-Bayes classifier
to classify the tweets sentiment. To alleviate the construction of
large annotated training dataset, we utilized several sentiment
lexicons to train the Naive-Bayes classifier and found that it is
effective rather than using large training dataset. Experimental
results demonstrated that our proposed method achieved the
significant improvements in sentiment analysis task.

In future, we have a plan to incorporate several rules based
on complex semantics along with the ensemble of standard
machine learning techniques to improve the classification
efficacy. We also have a plan to consider the neutral sentiment
class along with the positive and negative sentiment class.
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