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Abstract- Nowadays Online Social Networks are so popular that they are become a major component of an individual’s social 

interaction. They are also emotionally-rich environments where users share their emotions, feelings, ideas and thoughts. In this 

paper, a novel framework is proposed for characterizing emotional interactions in social networks. The aim is to extract the 

emotional content of texts in online social networks. The interest is in to determine whether the text is an expression of the 

writer’s emotions or not if yes then what type of emotion likes happy, sad, angry, disgust, fear, surprise. For this purpose,  text 

mining techniques are performed on comments/messages from a social network. The framework provides a model for data 

collection, feature generation, data preprocessing and data min ing steps. In general, the paper presents a new perspective fo r 

studying emotions’ expression in online social networks. The technique adopted is unsupervised; it main ly uses the k-means 

clustering algorithm and nearest neighbor algorithm. Experiments show high accuracy for the model in both determin ing 

subjectivity of texts and predicting e motions. 

Keywords  - Online Social Networks, emotion mining, text  mining, emotions, sentiment database. 

Introduction 

Today social networking websites are new medium for 

associating people related to different communit ies. Social 

networks enable users to interact with people exhibit ing 

different social and moral values. The websites provide a 

very powerful medium for communication among 

individuals that leads to mutual learning and sharing of 

valuable knowledge. The social networking websites for 

example Facebook, LinkedIn, Twitter and MySpace where 

people can communicate with each other by including 

different communities and discussion groups. The potential 

growth in popularity of online social networks has 

significantly affected the medium people interact with 

friends and acquaintances or non-familiar nowadays. In fact, 

interacting through online social networking sites like 

Facebook and online chatting systems has become a major 

part of a person’s life. Social Web-based applications, such 

as online social networking websites provides opportunities 

to set up interaction among people leading to mutual 

learning and sharing of valuable in formation, such as 

comments, messages, chat, and discussion boards. 

Friendships and social relationships can be inferred and 

observed on these sites as they reflect the continuous 

interaction among the subjects and at last, are evidently 

become emotionally rich environments. In this paper, we are 

mining emotions from texts shared in online social networks 

in the form of messages and comments. The purpose is not 

only to determine specific emot ions but also to show if the 

text contains emotions or not; in other words, if the 

text/message is subjective or moderate subjective reflecting 

the writer’s affect and emotional state or if it is objective  

where the writer does not show any emotional feelings. An 

application of this approach is to predict relationship 

strength messages based on the affective content of 

messages. In this case, the main interest is whether the 

messages communicate emotions in the text or not. The 

identification of emotions in the text is greatly influenced by 
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the strength of messages that can be subjective, moderate 

subjective or objective. Thus this technique can be used to 

separate the messages based on subjectivity then after that 

based on emotions category on online social networks. 

Some part of texts in these environments is the lack of 

sentence structure and the use of informal language 

particular to these settings and different from the formal 

written language. These factors should be taken into account 

when performing any kind of text mining. This paper uses 

sentiWordNet and sentiSense database as a case study, and 

performs an unsupervised technique to categorize text  

messages based on subjectivity and after that find out what 

specific kind of emotions or which emotion category these 

belongs. The paper will be divided as follows: section I 

summarizes the introduction related to social network 

mining. Sect ion II presents the literature review about 

emotion mining from texts. Section III includes the 

proposed framework. The evaluation of the model is the 

subject matter of section IV and the conclusion is included 

in Section V. 

Literature Review 

Emotion is that which provides communication life. A  

conversation between emotionally involvements of partners 

is lively and bright; but that association without feeling is 

fatal dull [1]. Emotions act as a sensitive catalyst that make 

lively interactions among human beings and helpful in the 

regulation and development of interpersonal relationships. 

The expression of emotions make a fine social interactions 

by providing observers a rich channel o f informat ion 

regarding the conversation partner [2] or h is social 

intentions or feelings [3], by imposing positive or negative 

responses in others [4], and through predicting other’s social 

behavior. Keltner et al. [5] expressed that “facial signs are 

more than just markers of internal states or feelings,” that 

also act as a unique functions in a social environment. By  

determining the functional role of emotions, Frijda [6, 7] 

argued that emotions preserve and enhance, improve life and 

Lutz [8] has strong effect on their communicative, social 

culture and moral purposes. Social networks always have of 

some positive and negative feature. The positive aspects of 

social network are such as easily accessible, globally  

available, faster communicat ion over world cost efficiently  

and the negative aspects of social network like promoting 

fake identities, lack o f privacy etc. [9]. Micro-b log is a 

rapidly increasing multimedia mini-big. Emotion evaluation 

has an important role in the study of readers' feedback and 

readers' comments and authors’ emotions  for a particu lar 

affair and it has become a considerable promoting effect on 

the support of emotional and psychological evaluation 

mechanis m based on the World Wide Web [10]. E-learn ing 

has growingly much interest in corporations, educational 

institutions and individuals alike. It commonly means to 

teaching efforts waved through the use of computers in an 

effort to differently knowledge in a non traditional 

classroom environment. Recently research have expressed 

that emotion can affect the e-learn ing experience. In general, 

emotion means how one feels. The positive feeling have a 

productive effect on the individual. However, a feeling of 

negative nature has impact negatively on the individual’s 

learning experience [11]. The problem of social affective 

text min ing that aims to discover the connections between 

social emotions and affective terms based on us er generated 

emotion labels. It first generated a set of hidden topics from 

emotions, followed by generating affective terms from each 

topic [12]. More psychologists and e-Learning system 

researchers and developers reached an opinion that emotion 

plays an important role in cognitive activities, especial in  

learning [13]. Today Computers are still quite “emot ionally  

challenged.”They neither identify the user’s emotions nor 

possess emotions of their own. Mean while, there are several 

powerful data mining software which can attain good 

classification results. Recently WEKA might be the most 

popular data min ing tools while GeneXproTools 4.0 is 

considered as “the most powerful data analysis tool in the 

market” by its company. Emot ions are mental states created 

through physiological changes. Paul Ekman classified  

emotions into six basic categories: happiness, anger, 

sadness, fear, disgust and surprise [14]. Emotions can be 

identified based on two scales: the valence of the emotion 

that determine whether feeling is positive or negative and 

the arousal level presents the energy level associated with 

the emotion. Thelwall et al. performed  emotion mining from 

texts fetched from the online social network site MySpace. 

They showed that studying emotions or feelings based on a 

2-dimensional scale (i.e. arousal and valence and) is more 

reliable and gives more precise results than studying 

emotions on a finer grain rather than based of emotion 

category. Even though emotions are universal, there are 

huge differences between social cultures and between 

individuals how and the extent in which these emotions or 

feelings are expressed. Furthermore, personality and social 

factors have also an effect on emotions where the expression 

of emotions is not bounded to a individual internal  feelings 

but influenced by the society, personality, a person’s 

previous experience and strategic goals [15]. Agarwal et al. 

stated [16] that sentiment analysis is a much-researched area 

that used with recognition of negative, positive and neutral 

sentiment in text. [17] In this paper Esuli et al. described 

SentiWordNet, a lexical resource produced by asking an 

automated classifier to relate to each synset of WordNet 

(version 2.0) a trip let of scores Positive, Negative, Objective 

describing how strongly the terms contained each of the 

three properties. The method used to develop SentiWordNet 

is based on the quantitative analysis of the glosses of 

synsets, and used the resulting vectorial term representations 

for semi-supervised synset classification. [18] The 

identification of emotional connotations in texts is a current 

task in computational linguistics. It is economical for many 

tasks for example, a company analyzing the blogosphere, 

people’s opinion on its products. [19] This paper presented a 

new way for evaluating the affective qualities of natural 

language and a scenario/context for its use. Earlier 

approaches to textual affect sensing have us ed keyword 

spot-ting, statistical methods, lexical affinity and hand-

crafted models. [20] The paper about Emotion fetching from 

text based on Affect Analysis Model. There were five levels 

of the Affect Analysis Model: Symbolic Cue Analysis 

(Analysis of the sentence for emotions, abbreviations, 

interjections etc.), Syntactical Structure Analysis (Analysis 

of syntactical structure of the sentence.),  Word-Level 

Analysis (For each word found in our database, the affective 

characteristics of a word were represented as a vector of 

emotional state.), Phrase-Level Analysis (The aim of this 

stage is to detect emotions involved in phrases, and then in 

Subject, Verb, or Object form.), Sentence-Level Analysis 
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(The emotional vector of a simple sentence (or a clause) is 

produced from Subject, Verb, and Object format ion vectors 

resulting from phrase level analysis.). [21]Web min ing 

techniques can be used for real on-line social networking 

websites, such as on-line comments and blogs. This paper 

critically analyzing the users’ behavior on social networks. 

Ishizuka et al. presented that [22] the 3D v irtual world of 

“Second Life” copies a form of real life by enabling a space 

for social events and high interactions. Second life mot ivates 

people to create or strengthen interpersonal relations, to 

communicate ideas, to get new experiences, and to feel 

effectual emotions accompanying all adventures of virtual 

reality. Aman et al. [23] described the problem of 

classifying documents not only by topic, but also by overall 

sentiment, e.g. identifying whether a review is positive or 

negative. Using movie rev iews as data, they found that 

standard machine learn ing techniques certainly outperform 

human-produced baselines. However, the three machine 

learning methods employed (maximum entropy 

classification, Naive bayes and support vector machines) did 

not performed as well on sentiment classificat ion as on 

earlier topic-based categorization. They concluded this 

result by examin ing factors that made the sentiment 

classification problem more challenging. [24]Emot ion 

research has recently been attracted increasingly toward 

attention of the NLP community. They discussed the 

methodology and emotion annotation task results. The goal 

was to investigate the expression of emotion in language 

using a corpus annotation. 

Proposed work 

 

 

 

 

 

 

 

 

 

 

 

  

Figure 1: Framework for emotion mining 

The framework shown in Figure 1 is framed into seven 

steps: 

1. Raw data collection: This step is related to collecting 

exchanged texts between users. It is prepared through 

gathering data from the social network manually and stores 

them in a custom database. 

2. Lexicons development: This step concerns with the 

informal language of online social networking sites. In this 

step, three types of lexicons have to be developed: lexicons 

for social acronyms, for emot icons, for interjections. The 
following table presents some of the popular acronyms:    

 
Table 1: Social Acronyms 

 

 
 

 

 
 

 
Similarly, an emoticons and interjections lexicon has been 

developed. The lexicons are not universally available but they 
cover a large percentage of these lexicons that are globally used  

in online social networks. Tables 2 and 3 show examples of 

emoticons and interjections respectively. 

 
                                                    

 
 
 

 Acronyms  Description 

FB facebook 

GR8 great 

CU See you 

Emoticons 

Lexicons 

Sentiment and  
Row Database      

 
 
 
 

 

da 

Lexicon Development                                                               

 

Acronym 

lexicons 

Interjections 

lexicons 

Sentiment Mining 

Database 

Feature Generation and Extraction 

Data 

Preprocessing 

Sentiment Mining Training Model    Text Polarity Classifier 

Text subjectivity classifier 

Emotion Identification 
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3. Feature generation: This step computes new features 

from presented raw data gathered in step 1 to assess polarity 

or subjectivity of text. It uses word-matches with existing 

affective lexicons means from sentiment database and 

provides new lexicons developed in step 2 to handle social 

acronyms, emoticons and interjections from data.  

Accordingly, text messages collected from step 1 together 

with the features computed in this step will be stored in the 

Sentiment Mining Database that is the database used for 

analysis for emot ion min ing. 

4. Data preprocessing: This step is applied to extract  

desired features according to which we are going to find out 

polarity of messages. 

Table 4: List of Attributes 

 
Features 

Number of Interjections 

Number of Emoticons 

Number of social Acronyms 

Number of  repeated characters 

Number of Punctuations marks 

Number of affective words 

Average rating measure of affective words 

 

5. Creating a training model for text polarity: This step 

creates a model by k-means clustering algorithm with k=3 to 

categorize text messages into three polarity levels: 

subjective, moderate subjective and  objective. The result of 

the model is the three centroids of the clusters. 

6. Text subjectivi ty classification: In this step we uses the 

centroids computed in the previous steps and applies the k-

nearest neighbor algorithm with k=1 to classify all messages 

into one of three subjectivity levels. 

7. Emotions Identification: This step creates an emotion 

determining training model and then applies it to identify the 

emotions on the subjectivity of the texts messages. The 

identification is done by first classifying the subjectivity of 

the text messages exchanged that is performed in step 6 and 

after that find out the emotions of messages. 

 

 
 

Table 5: Messages emotions 
 
 
 

 
 

 

 

 

 

 

MODEL EVALUATION 
 

This section includes the results and describes the findings of 

the proposed method. The training data consisted of few 
messages. The evaluation of the model was performed at three 

different levels. First, we tested how precise the clustering 

algorithm was in determining three different texts classes 

regarding text subjectivity. Second, the accuracy of the model 
in 

determining, regarding the subjectivity of the text and third 
emotions identification from messages 

. 

                                                                          

 

Interjections 

Haha 

Hmm 

Wow 

Emoticons Description 

:-) smile 

:-( sad 

>:o anger 

Messages id Messages Emot ions 

1 Caroooooooooo im 

going to kiiiillllll 

uuuuuuuuuuu…..n 

know why! But I still 

like u (a little b it :p) 

don’t worry…. 

Like, calmness 

2 I love ur profile pic its 

much better like this: 

best CU 

Like 
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  Figure 2: Model evaluation graph 

 

Conclusion 

This paper describes a new sentiment mining technique 

from texts in online social networks. It performs a new 

perspective for studying expression of emotions in online 

social networks. The purpose was to identify whether the 

text messages conveys emotions. The processed data was 

first used to identify text polarity to determine the 

subjectivity of the texts. We developed new set of lexicons 

which cover common expressions used in messages, 

including interjections, emoticons, social acronyms, etc. 

After polarity classification using K-means clustering 

algorithm, messages emotions are identified from a set of 14 

emotional categories from SentiSense database. 

Experiments demonstrated on the data showed high 

efficiency of the proposed method.  
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