
Subjectivity Detection through Socio-Linguistic Features

25ÈÍÔÎÐÌÀÖÈÎÍÍÛÅ  ÑÈÑÒÅÌÛ

ÓÄÊ 025.4.03(06)

SUBJECTIVITY DETECTION THROUGH
SOCIO-LINGUISTIC FEATURES

© Arjumand Younus, M. Atif Qureshi,
    Nasir Touheed, 2011

1. INTRODUCTION

Social media platforms have given birth to
novel dimensions within the field of Informa-
tion Retrieval giving birth to the concept of
Social Search [4, 6]. The traditional view de-
scribes Social Search as the activity of satisfy-
ing an information need through posing a ques-
tion to one�s social network. We argue that the
concept of Social Search can be extended to
exploit the vast amount of user generated con-
tent in the ever-growing content-rich Social
Web. Augmenting the digital content on the Web
with the user-generated content on the Social
Web can lead to significant advances in Infor-
mation Retrieval and can thereby help in the
design of rich search engine interfaces such as
emotion-aware search engines, real-time search
engines, entity-focused search engines etc. In
this paper we pursue such a study along the di-
mension of emotion. We propose a framework
for detecting the level of emotional charge on a
large-scale microblog in the face of a major
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happening. Lastly, we propose to augment cur-
rent search interfaces with data extracted from
the Social Web in an attempt to provide infor-
mation richness to the users of search engines.

Search engines today attempt to solve peo-
ple�s rich information needs directly on the
search results page [2] some notable examples
being answering user questions for Time Zone,
Weather, Currency etc. Through the use of So-
cial Web data an even greater degree of infor-
mation richness can be provided. One example
of such information richness can be the level of
emotional charge associated with a real-world
event or the overall opinion about a product
released by a particular company. This can lead
to emotion-aware search with search engines
offering not only simple text information for
user queries but also associated indicators dis-
playing widespread public sentiment about the
query term � this will be particularly relevant
for queries of a real-time nature as users issu-
ing such queries are interested in the level of
sentiment associated with their query term.
However, emotion and subjectivity detection is
in itself a challenging research problem and
most of solutions in the literature propose the
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use of natural language processing techniques
[1, 7, 8, 9, 10]. We differ from all previous ap-
proaches in that we extract and utilize socio-
linguistic features for the subjectivity detection
task. A significant contribution of this paper is
a method for large-scale subjectivity detection
[9] in the occurrence of a major real-world
event. The proposed method differs significant-
ly from the previous methods in that those meth-
ods do not take into account the nature of the
microblogging platform and its social features.
Our method is fundamentally built on the use
of the social graph and social features for sub-
jectivity analysis which is particularly mean-
ingful when performing subjectivity analysis for
major real-world events. The motivation behind
the proposed method comes from the results of
a user survey which we performed to collect
thoughts of users tweeting heavily about the
2010/2011 uprisings in the Arab world. We also
demonstrate the accuracy of our proposed meth-
od through experimental evaluations on tweets
relating to the recent Tunisian revolution. For
the purposes of evaluating our proposed mod-
el, we use the content collected from Twitter
during the Tunisian uprising. This data was cho-
sen in consideration of the major role played
by Twitter during these political uprisings.

The rest of the paper is organized as fol-
lows. Section 2 discusses related work in this
dimension. Section 3 presents the results of a
user survey of those users who tweeted heavily
during the recent political uprisings; we gather
information about tweeting habits of political
activists in order to identify useful socio-lin-
guistic features that can be used for subjectivi-
ty detection on Twitter. Section 4 describes our
subjectivity analysis methodology in detail
along with an explanation of the underlying
techniques. Section 5 presents the results of
experimental evaluations of our proposed meth-
od. Finally section 6 concludes the paper.

2. USER STUDY

We first investigate the tweeting habits of
users in the face of a major event in the world
through a user survey which was exclusively
conducted for twitterers tweeting heavily about
the uprisings in Arab world. The details of this

survey are presented in Section 3.1. Motivated
by the results of the survey, we derive a method
for performing subjectivity analysis correspond-
ing to a major real-world event. Our method
differs significantly from previous ones in that
it does not use any of the previous mechanics
of natural language features or dictionary-based
ones, and instead takes into account Twitter�s
social networking features for the subjectivity
analysis task.

2.1. TWEETING HABITS

We conducted an online survey as a pre-
liminary user study on how Twitter is used dur-
ing a major world event. 321 active Twitter us-
ers participated in the survey and this helped us
in laying the groundwork for the proposed meth-
od for subjectivity analysis. The questionnaire
was kept very brief and to-the-point so as to
gather a large number of responses in order to
be useful for our novel subjectivity analysis
method. The main questions included in the
questionnaire were as follows:

• Do you agree with the statement that Twit-
ter is an effective tool for political activism?

• Have you used Twitter for getting or shar-
ing news about current uprisings in Arab world?

• Even when you shared news item relat-
ed to the current uprising, did you have a senti-
ment attached with that sharing?

Other significant questions along with the
answer choices are as follows:

• How often did you come across charged
sentiments when you read any tweet related to
current uprising in Arab world?

One answer could be selected for this ques-
tion with following answer choices: Almost
every other tweet reflected charged sentiments,
quite often, rarely.

• In what way did you share news related
to these political uprisings through Twitter?

Multiple answers could be selected for this
question with following answer choices: My
tweets were dominated by news of these upris-
ings, I used my tweets to express solidarity with
the people in these regions and involved in the
uprisings, I also discussed on Twitter about these
uprisings, I used Twitter as a medium to ex-
press my emotion in the face of these uprisings.
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299 respondents (93%) agreed on Twitter
being an effective tool for political activism.
282 (88%) of the respondents agreed that they
used Twitter for getting or sharing news about
uprisings in Arab world. To the very significant
question of whether or not there was an associ-
ated sentiment with sharing of news related to
the political uprising, 273 (85%) of the respon-
dents responded with a yes. Only 16 (5%) of
the respondents answered that they rarely en-
countered a tweet with highly charged sentiment
with respect to the political uprisings. 260
(81%) of the respondents who tweeted about
the political uprisings responded that they also
conversed about these political happenings on
Twitter and used their tweets to express soli-
darity with people in those regions.

The frequent encounter of tweets with high-
ly charged sentiments in face of major events
shows that the traditional sentiment analysis
methods might not scale well given the large-
scale sentiment found under such contexts. A
twitterer associating a sentiment even with a
shared news item reveals an interesting pattern,
and this, combined with the engagement in con-
versations about political events is the funda-
mental feature upon which we build our meth-
od as described in the next Section.

3. SOCIAL FEATURES
FOR SUBJECTIVITY DETECTION

In this paper, we consider the specific prob-
lem of subjectivity analysis. Subjectivity anal-
ysis refers to the task of classifying a piece of
text as containing or not containing a sentiment.
The pieces of text containing sentiment are re-
ferred to as subjective, while those that do not
contain any sentiment as referred to as objec-
tive. The problem of identifying sentiment can
be considered as a binary classification task
comprising two major steps: 1) selection of fea-

tures for description of tweets and 2) applying
a classifier using the selected features. As op-
posed to traditional subjectivity analysis meth-
ods applied on Twitter data [lrec paper], we used
Twitter�s social features for the task. This en-
sures a high level of accuracy along with a prom-
ising solution that can scale well for future large-
scale social media applications. To the best of
our knowledge, this is the first work that pro-
poses taking into account social network fea-
tures for the sentiment classification task.

3.1. FEATURES

3.1.1. SOCIAL FEATURES

Overall five features were taken into con-
sideration. Four of these features are based on
Twitter�s social features and motivated through
the user survey results presented in Section 2.1.
Table 1 lists these three features along with a
description of each.

The first of these features graph_conv_ratio
firstly takes into account the following and fol-
lower network of a user on Twitter. It is a gen-
eral observation that the growing popularity of
Twitter as a news media has caused many news
and media outlets to migrate to Twitter and they
maintain their channels� Twitter account for
news dissemination and propagation.  One ob-
vious point to note in the social network of these
news and media outlets is that they have a large
number of followers but a negligible number
of followings, and tweets shared by news me-
dia are generally of an objective nature. In light
of these observations it makes sense to utilize
the following to follower ratio for subjectivity
analysis of tweets. However, the following is
to follower ratio alone may not serve as a good
feature for the subjectivity analysis task since
some popular political figures from the devel-
oping world also have a large number of fol-

Feature name Description 

graph_conv_ratio The following is to follower ratio of Twitterer multiplied by his number of 

conversations 

num_convs Number of conversations in last 30 tweets of Twitterer 

num_lists Number of lists 

Table 1. Twitter�s Social Network Features for Sentiment Classification Task
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lowers while they follow less people, but their
tweets on the other hand contain highly charged
sentiments. To overcome the limitation pro-
duced by the following is to follower ratio, we
use a special social feature of Twitter which is
the ability to converse with other members of
the Twittersphere using the @ symbol. The pop-
ular figures who express charged sentiments on
Twitter also engage actively in conversations
related to political events which is why we com-
bine number of conversations in a user�s last
30 tweets with the following is to follower ra-
tio to use it as the feature graph_conv_ratio.

Apart from utilization of number of con-
versations in combination with the following is
to follower ratio, we also use it as a separate
feature for our subjectivity classification task.
The last social feature taken into account is the
number of lists a user has been added to. The
Twitter list feature reveals additional informa-
tion about a user [5] and is a useful feature for
the subjectivity classification task. However, a
potential drawback of directly using the num-
ber of lists of a user is that normally the Twitter
accounts of news channels are added to a large
number of lists. To overcome this drawback,
we consider the number of lists of a user only if
the number of conversations in his last 30 tweets
exceeds a threshold of five.

3.1.2. Linguistic Feature

The linguistic feature we use takes into ac-
count textual similarity between last 30 tweets
of a user. The main hypothesis behind this fea-
ture is that users tweeting with high level of
sentiment tend to have lexically similarity in
their tweets, implying that they tend to tweet
about same topic. We calculate this text simi-
larity using the well-known cosine measure
defined on the document vectors in the tf-idf
term space. Here, each tweet from the last 30
tweets of a user is treated as a document. The
larger the value of cosine similarity, the larger
is the chance of user�s tweets being subjective.

3.1.3. Socio-linguistic Feature

The presence of a hashtag in a tweet is used
as a socio-linguistic feature. It is derived from
the classical linguistic concept of topic-focus
articulation [3] where a written piece of text
has a theme also known as «topic». A signifi-

cant characteristic of social media platforms
such as Twitter is the short length of the text
that can be posted � and on account of this fea-
ture users tend to tweet about a topic in succes-
sive tweets denoting that they are talking about
same topic with the special Twitter feature
known as hashtag. Hashtag implies beginning
a word in a tweet with the symbol «#» in order
to denote the topic or keyword of their tweet.
We use this feature to extract the topic-focus
articulation of a tweet with the presence of a
hashtag denoting the higher chance of charged
sentiments.

4. EXPERIMENTAL EVALUATIONS

This Section presents details of experimen-
tal evaluations of the proposed subjectivity anal-
ysis techniques. We tested our proposed meth-
od using Naïve Bayes classifier, a simple sta-
tistical classifier which works well with small
training data. Further, the Naïve Bayes classi-
fier works on strong independence assumptions
and this property is well-suited to our task.

Using the dataset collected of hourly tweets
using Twitter Search API corresponding to que-
ry term «Tunisia» we performed an experiment
to study the accuracy of the proposed method
utilizing all the features mentioned in Section
4.2. For the dataset gathered during the period
of 17th January to 29th January, we randomly
select 500 tweets for each day labeling all of
them with the help of a manual annotator. The
labels assigned are «subjective» or «objective»
based on the sentiment expressed in a particu-
lar tweet. Of these 500 labeled tweets, 150 of
them are used as the training data and the re-
maining 350 were used as the test data. For each
collected tweet, we also collect the username
of the Twitter user who tweeted it. Through the
username, we gather the features described in
Section 3.1 for each user. The 150 tweets serv-
ing as the training data train our Naïve Bayes
classifier, while for the remaining 350 tweets
we extract the class using the Naïve Bayes clas-
sifier. The true labels assigned by manual an-
notator are then compared against those ob-
tained with the classifier, we refer to those that
do not match as mismatched labels. Accuracy
is calculated as follows
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100*
350

Labels Mismatched ofNumber 
Accuracy= .

The accuracy is calculated for all the days
and the experimental results are shown in
fig. 1. As shown in fig. 1, the accuracy does not
show much variation for the time period of our
study. The average accuracy we achieve is
86.21% which is reasonably good.

5. CONCLUSIONS

We have described a subjectivity classifi-
cation framework for Twitter based on tweet-
ing habits of users. The proposed method was
largely motivated by a user survey of Twitter-

Fig. 1. Subjectivity Classification Accuracy Per Day

ers tweeting heavily during a major world event.
Our techniques are particularly well-suited
within the context of major political events in
the world given the large-scale political activ-
ism on Twitter. Our experimental evaluations
demonstrated that our approach yielded a high
level of accuracy and thus, use of the social
networking features for sentiment analysis tasks
seems to be a promising solution for future re-
search in this dimension. So far research with-
in the sentiment analysis field has looked to
natural language processing. We argue that so-
cial network analysis presents a feasible solu-
tion to the sentiment analysis problem and this
is particularly true for large-scale opinions ex-
pressed on social media platforms.
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Àííîòàöèÿ

Ñîöèàëüíûå ïëàòôîðìû îòêðûëè íîâûå íàïðàâëåíèÿ â îáëàñòè èíôîðìàöèîííîãî
ïîèñêà, îáúåäèíåííûå êîíöåïöèåé ñîöèàëüíîãî èíôîðìàöèîííîãî ïîèñêà. Ìû ñ÷èòàåì,
÷òî ýòà êîíöåïöèÿ ìîæåò ðàçíîîáðàçèòü èíôîðìàöèþ, ïðåäñòàâëÿåìóþ ïîëüçîâàòåëÿì
ñîâðåìåííûìè ïîèñêîâûìè ìàøèíàìè, ïóòåì êîìáèíèðîâàíèÿ îãðîìíîãî êîëè÷åñòâà
èíôîðìàöèè òðàäèöèîííîãî Èíòåðíåòà ñ áûñòðî ðàñòóùèì è ðàçíîîáðàçíûì ñîöèàëüíûì
êîíòåíòîì. Äàííàÿ ñòàòüÿ ïðåäëàãàåò ñèñòåìó îïðåäåëåíèÿ ñóáúåêòèâíîñòè, êîòîðàÿ
ìîæåò áûòü èñïîëüçîâàíà â ïðåäëàãàåìîé ïîèñêîâîé ñèñòåìå ñ ïîëüçîâàòåëüñêèì
èíòåðôåéñîì, ó÷èòûâàþùèì ýìîöèîíàëüíóþ îêðàñêó ðåçóëüòàòîâ. Îïèñàííûé ìåòîä
îòëè÷àåòñÿ îò ðàíåå ïðåäëîæåííûõ èñïîëüçîâàíèåì ñïåöèôè÷åñêèõ ñâîéñòâ ñîöèàëüíûõ
ñåòåé äëÿ çàäà÷è îïðåäåëåíèÿ ñóáúåêòèâíîñòè. Ïðè ýêñïåðèìåíòàëüíîé îöåíêå
ïðåäëîæåííîãî ìåòîäà ìû ïîëó÷èëè òî÷íîñòü 86.21%, ÷òî ÿâëÿåòñÿ ìíîãîîáåùàþùèì
ðåçóëüòàòîì äëÿ ïîëíîìàñøòàáíîãî ïðèìåíåíèÿ òåõíîëîãèè îöåíêè ñóáúåêòèâíîñòè â
ïîèñêîâûõ ìàøèíàõ.
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