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Abstract. Analysis of tweets would help in designing smart recommendation
systems. Analysis of twitter messages is an interesting research area. Sentiment
analysis of tweets has been done in some works. Another line of work is the
classification of tweets into different categories. However, there are few works
that have considered both sentiment analysis and classification to find out users’
interest. In this paper, we propose an approach that combines both sentiment
analysis and classification. Thus we are able to extract the topic in which users
are interested. We have implemented our algorithm using five lakhs of tweets
and around one thousand of users. The results are quite encouraging.
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1 Introduction

Twitter is one of the popular online social blog where many celebrities post tweets for
their fans and also post something related to an event. Twitter is a microblogging
service. It is so called by this name because it enables users to send and read a short text
message which is known as “tweet”. There are 316 million monthly active users on
twitter and 500 million tweets are posted per day. We can use these tweets for ana-
lyzing the interest of users and get to know the trends going on at any place. Such
analysis may help in designing a smart recommendation system.

Several works have been done in the field of social networking, namely, classifi-
cation of gender, classification of the topic, sentiment analysis of twitter users based on
tweets, event detection, community detection, etc. Most of the work on recommen-
dation system is based on network topology. A user’s knowledge with social sites
could be remarkably improved if other information like demographic attributes and
user’s personal interest and the interest of other users are considered. Such information
allows users to follow a post or a user according to her topic of interest and the user
may join a particular community of their own interest.

Moreover, a user may be interested to get recommendations based on her areas of
interest. The recommendation first requires to know the user behavior. A person gets
information about any event through newspaper, television, social sites or with the
people around them. Now, if a person is interested in that event than she may tweet on

© Springer International Publishing Switzerland 2016
O. Gervasi et al. (Eds.): ICCSA 2016, Part V, LNCS 9790, pp. 12–23, 2016.
DOI: 10.1007/978-3-319-42092-9_2



twitter about the event positively or negatively according to her viewpoint. To get this
negative and positive viewpoint of the user, sentiment analysis of tweets is necessary.
The topic to which a particular tweet belongs is done by categorization and through this
we get to know the topic in which the user is interested. By applying both the tech-
niques we can provide better recommendations to users.

In this paper, we make an attempt to come up with a method for analyzing the
interest of users based on sentiments (positive, negative or neutral) and the topic to
which tweets are related to get the correct positive or negative interest of users. We are
particularly interested in users and their tweets to help them to give a better recom-
mendation which they need according to their current interest.

Tweets are collected using the Twitter4j api in Java. Sentiment analysis has been
done using Stanford core NLP integrated framework. A core NLP tool pipeline code is
run on tweets. Sentiment score is computed based on the words composes and longer
phrase. Classification of tweets to which topic it is related has been done using the
matching of words with a topic.

The paper is organized as follows: Sect. 2 describes the related work. Section 3
describes our method for analyzing tweets. Section 4 describes the implementation
details and results obtained by our method. Conclusion and future work are given in
Sect. 5.

2 Related Work

Different methods are proposed for sentiment analysis, finding sentiments in words,
sentences, sentiments in topics. Some of these approaches use machine learning, pat-
tern based and natural language processing. Hybrid classifiers are designed in [1] to get
better sentiment results. Sentiment analysis of twitter data is studied in [11] and it
introduces POS-specific earlier polarity feature and explore the use of tree kernel.
Experiments were performed on three models [11]: feature based model uses hundred
features only and have the same accuracy as that of unigram model that uses ten
thousand features. Kernel tree based model first tokenize the tweet into a tree by
separating punctuation mark, exclamatory mark, negation word and emoticon and prior
calculate the polarity of word using word-net dictionary. The unigram model is used as
a baseline for the experiments.

Two approaches (machine learning and lexical approach) are suggested for senti-
ment analysis in [3]. First, the machine learning approach which first convert each text
into a list of words, consecutive word pairs and consecutive word triplets and then
based upon some human coded set of texts ‘learn’ which of these features tends to
associate with sentiment scores to classify the new cases. Second, the lexical approach,
uses some grammatical structure of language and some list of words with sentiment
scores and polarities is used. The accuracy of both approaches depends on the training
set and the score, which is already provided for most of the words.

Sentiment tree bank approach is suggested for sentiment analysis in [2]. The
recursive neural network approach computes parent node vectors in bottom-up fashion
and use a composition function g and node vector is featuring for that node. An approach
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for computing sentiment score of short, informal text and sentence that contain phrases
within it is suggested in [12].

Many recommender systems provide recommendation using the information based
on user profile. A method for user recommendation is suggested in [4] and the method
is based on sentiment volume objectivity. User profiling is done and similarity measure
is computed between users (similarity measures based on place, sentiments of tweets).
A method for friend recommendation is suggested in [5] which uses collaborative
filtering and graph structure. Semantic user modeling has been done based on twitter
posts in [6]. They suggested a formula for users similarity which is based on topic
discussed by the users. A method to predict which political party a twitter user belongs
is suggested in [7]. There approach is based on certain characteristic of parties like
activity, influence, structure and interaction, context and sentiment and then user
classification has been done based on Bayesian classification.

Analysis over user intentions has been done in [8] that are associated at a community
level and show how users with similar intentions connect with each other. The task of
user classification in social media using machine learning framework is addressed in [9].
User profile features such as followers, friends, username, user-location are collected to
know about a user. Tweets of user are collected for judging the behavior of users and to
classify users of same types.

Two methods for classification of the Twitter trending topic are proposed in [10]
first, based on textual information and the other based on the network structure. In text
based model all the hyperlinks are removed from the tweet and then a tokenizer
removes stop words and delimited character. Since there is a limitation of 140 char-
acters in a tweet, people use acronyms for words and so a vocabulary is used that has
the full form of these words (e.g. BR is used to represent best regard). The network
based approach uses a similarity model to find out the trending topic say X. It searches
for five topics that are similar to the topic X and finds out the similarity index. Text
categorization method is proposed in [14] that uses support vector machines and gives
proof both theoretically and logically that svm is well suited for text classification.

Most of the above works are related to sentiments, recommender systems, and
trending topic. However, these works do not discuss about a user’s interest on the topic
being discussed by the users. Our approach is different from others as we compute the
interests of a particular user and the users of a certain location by taking their senti-
ments (positively or negatively inclined) towards certain topics.

If we do only sentiment analysis on tweets, it gives the sentiments of users, whether
she tweets positive or negative for any event happened on social media. Based on this,
we do not get any idea about a user’s interest. If we do only topic categorization then
we get to know about the topic on which a user tweeted. It does not provide us the
information that the user is positively interested on a certain topic or not. Hence, doing
sentiment analysis and topic categorization separately, do not provide us the result for
the user’s interest. Thus, in this paper, we combine these two techniques that gives
better results.
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3 Proposed Methodology

Figure 1 shows the basic flow diagram of our method. First, we have collected the
tweets of the user for knowing the interest according to her tweet. Sentiment analysis
has been done on the tweets that are collected to know the inclination of users, whether
she is positively indicated his sentiments over a particular topic or not.

We have used matching of words for classification of tweets to categorize it under a
certain label (like sports, politics, entertainment, technology, hospitality, etc.). Finally,
interest of a user is obtained that shows the positive inclination of the user towards a
certain topic.

3.1 Data Collection

We have collected data for three different problems using Twitter 4j API and imple-
mentation results on this data are given in Sect. 4. The first problem deals with the user
interest and for this we have collected 2,31,750 tweets of 1,150 users and show their
behavior in the form of pie-chart. Tweets for different users were collected for different
spans of time period for comparing their interest in different time intervals. The second
problem deals with different cities of India in which we have collected around 2,02,578
tweets of 5 different cities of India and show the interested topic at that location. Tweets
were collected by taking the value of latitude and longitude of the city. The third
problem deals with the comparison of tweets of two countries (India and America).
Tweets of the users that act as a bot (bot user is a user whose tweet done automatically
by machines and not by persons) like news channel (bbcnews, indiatoday, etc.) are
collected. The reason to choose bot user is to get more news about the country and to
obtain interest for the country.

3.2 Sentiment Analysis of Tweet

Sentiment analysis is done, using the Stanford coreNLP method. This method is
appropriate for short text. One drawback of this method, it is not considering emoticons
value and acronym value. To solve this problem, first we check for emoticons and
acronyms in the tweet. If it is present we compute the sentiment score accordingly for
both. NLP provides some analyzing tools and has some implemented module that tag
the words in a sentence, whether they are name of place, people, etc. or belong to noun,

Fig. 1. Overview of our method.
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verb, and adjective. These analyzing tools include the parser, sentiment analysis,
named entity recognizer, open information extraction tools, etc.

We refine the tweet by removing all hashes, @ and extra spaces to make it more
readable plain text. A static init method is called that set the properties to get to know
what action is needed for an incoming text. In our case we set four properties, tokenize,
ssplit, parse and sentiment. Tokenize property breaks the tweet into tokens. The tok-
enizer saves the offsets of each token from where it starts and ends. Ssplit property
splits a sequence of tokens into sentences. Parse property generates the parse tree,
based on some grammatical structure and language information to distinguish between
phrases, subject and predicate in a sentence. Sentiment property is used to compute the
sentiment score of a tweet, a binarized tree form for a tweet based on positivity and
negativity. After the init method findsentiment method is called that first make a labeled
tree for a given tweet and based on tree find the sentiment score in the range of 0–4.
Higher the value of the score represents the positive sentiment of a tweet.

3.3 Classification of Tweet

After sentiment analysis, tweets are classified according to topic to which it is related.
The open NLP package is used for classification [13]. This package provides us a
tagger file for tagging of sentences. MaxentTagger is a class used for tagging each word
in a tweet with its corresponding form, whether it is an adverb, noun, adjective, etc.
There are 36 taggers and each word in a tweet belongs to one of these taggers. After
tagging a tweet word tagger pair is formed.

Each word tagger pair is compared with ten different categories of topics like
entertainment, technology, politics, etc. For comparing word with the topic we are
using wordnet similarity module that implements a variety of semantic similarity and
relatedness measures which is based on information found in the lexical database
WordNet. For using this WordNet similarity we are having WS4J API. For more
accurate results we compare these words with the synonyms of topic for example, if we
want to compare any word with technology then we compare word with technology,
network, industry, etc. A method getSimilarity is available which compares this word
with these topics and calculates some relatedness scores and gives a similarity score.

4 Implementation and Results

Below Fig. 2 shows the implemented flow diagram for our system. We have provided
an interface to the user in which user provides a screenname (unique name given to each
user on twitter) of the user and our backend system calls the download procedure that
downloads the tweets of that user and after this sentiment analysis module is called
which finds out the sentiment for each tweet and then each tweet is fall under one
category positive or negative or neutral. After this classification module is called that
runs for the positive and neutral sentiment tweet and gives percentage according to topic
to which it belong. It is possible that one tweet belongs to more than one category. The
final result for the user about the interested topic is shown in the form of a pie chart.
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If a tweet contains url then first the content of the link is fetched using some code
for content fetching of the url and then on obtaining the plain text we apply sentiment
analysis and classification algorithm.

4.1 User Interest

Using the user interface we have obtained the following results. Figure 3 shows the
interest pie chart for the tweets done by Shreya Goshal, a popular singer in India, from
1-02-16 to 29-02-16 and this result shows that major topic in which she is interested is
entertainment for this period of time. The values shown in the pie chart is in percentage
and the entertainment culture topic is having the highest value of the interest that is
49.345 % and second interested topic is a hospitality recreation with 25.199 % value of
interest.

Figure 4 shows the interest pie chart for the tweets done by Narendra Modi, Prime
Minister of India, and this result shows that major topic in which he is interested are
politics and social issues with 22.132 % value of interest. The second interested topic is
business finance with 15.996 % value of interest.

4.2 Location Interest

We have collected tweets of different cities of India and show interested topic. Figure 5
represents the bar graph whose x-axis represents the topic name and the y-axis rep-
resents the value of interest in percentage. Through figure it has been seen that in
Hyderabad most of the people do tweet that belongs to the business finance field with

Fig. 2. Implemented flow diagram of our system.
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38.0413 % value of interest and second interested topic is technology with 12.9435 %
value of interest.

Table 1 represents the value in percentage of the interest for certain topics that are
listed in table for most of the famous cities of India.

Figure 6 shows the comparison results for different topics for five different cities of
India. X-axis of the above graph represents the topic name and the y-axis represents the
value of interest over certain topics in percentage. Bangalore is one of the cities where
most of the multi-national companies are located and most of the business activities
take place. The results are showing that among the five cities of India, tweets from

Fig. 3. Tweets done by Shreya Ghoshal with positive interest. (Color figure online)

Fig. 4. Tweets done by Narendra Modi with positive interest. (Color figure online)
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Bangalore are highly related to business-finance. Delhi, the capital of India, is a
political hub where many politicians and youth that belong to some non- governmental
organization (NGO) reside. From the results we infer that among the five cities, tweets
from Delhi are mostly related to politics and social issues. It is useful to have such data,
information because it provides us the trend of users at certain locations. Based on the
trends of the twitter data, new products may be launched in certain locations.

4.3 Comparison of Data of Different Countries

Table 2 represents the value in percentage of the interest for certain topics that are
listed in a table for two countries India and America. We have obtained these values by

Fig. 5. A topic to which tweets belong to Hyderabad city.

Table 1. Comparison data for different cities.

City
Topic

Hydera-
bad

Delhi Banga-
lore

Chandi-
garh

Mum-
bai

Entertainment_Culture 8.0628 5.6234 3.9814 27.3675 22.517
Business_Finance 38.0413 22.0722 49.6758 3.3993 22.0722
Politics 10.805 22.5177 10.7765 12.2889 5.6234
Technology_Internet 12.9435 14.3932 16.2475 3.3759 14.3932
Sports 7.9552 4.6632 2.4733 27.367 4.6632
Hospitality_Recreation 6.9499 6.0001 4.0945 12.9485 6.0001
Health_Medical_Pharma 1.4342 0.9744 0.3051 2.5275 0.9744
Education 2.9985 1.2268 1.6645 0.3142 1.2268
Social_Issuee 10.805 22.517 10.7765 10.4095 22.5177
Other 0.0041 0.0107 0.0045 7.62E-04 0.0107
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collecting the tweets of different bot users of India and America and here we try to get
the overall interest of Indian and American users and our analysis shows that most of
the tweet done by Indian users are related to politics and social issues with 18.291 %
value of interest and then other interested topic is hospitality recreation with 14.393 %
value of interest.

Fig. 6. Shows the comparison of different cities of India. (Color figure online)

Table 2. Comparison data for countries, India and America.

Country
Topic

India America

Entertainment_Culture 10.625 15.9
Business_Finance 9.5233 8.3479
Politics 18.291 5.8073
Technology_Internet 5.5157 14.754
Sports 12.85 14.464
Hospitality_Recreation 14.393 23.986
Health_Medical_Pharma 5.6224 7.3929
Education 4.8878 3.5413
Social_Issues 18.291 5.8073
Other 6.90E-05
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The tweets done by American users are mostly related to hospitality recreation with
23.986 % value of interest and then second major interested topic is entertainment with
15.9 % value of interest. Figure 7 shows the comparison of Indian and American users
graphically based on the tweets collected for both the countries.

4.4 Discussion

Table 3 shows the comparison of the proposed approach with other works. Sentiment
analysis suggested in [3] is not suitable for short text. Sentiment analysis suggested in
[2] is suitable for short text, but they did not consider the sentiment score for the
emoticon and acronym. We consider sentiments of emoticon and acronym in our
approach. Thus, we obtain better results in tweets.

Fig. 7. Shows the comparison between tweets of India and America.

Table 3. Comparison with other works.

               Features
Paper

Sentiment 
Analysis

Classification Users’ Interest

R. Prabowol [1] Yes - -
R. Socher [2] Yes - -
M. Thelwall [3] Yes - -
K. Lee [10] - Yes -
This Paper Yes Yes Yes
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For classification, a network based approach is suggested in [10]; we have done
classification by comparing the words of tweet with different categories. Since both
approaches are different and so they cannot be compared. Users’ interest is not com-
puted in these works.

5 Conclusion and Future Work

In this paper, we have suggested an approach to analyze the user interest based on her
tweets. In our approach, we combine sentiment analysis and classification of tweets. We
consider the sentiments of emoticon and acronym. We have implemented our algorithm
using five lakhs of tweets and around one thousand of users. We obtain promising
results. As part of our future work we would like to develop a recommendation system
based on the techniques suggested in this paper.
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