
Abstract
The social networks help sharing user’s multidimensional content which includes text, image, audio and video at any time.
Emoticons are helpful in precise content sharing as an alternative of text and need to be analyzed for sharing of the right
content. The content being shared mostly reflects the behavioral characteristics of the users and imitates their emotions.
Therefore, each emoticon needs to be mapped with standard emotions. The emoticons proposed by Unicode  consortium
are considered and mapped with nine basic emotions such as love, happiness, pity, furious, heroic, fearful, disgust,  wonder
and peace. A prediction model based on decision tree classifier is designed to classify user’s contentaccording to the
emotions expressed through the emoticons, especially for tweets. The designed  methodology is demonstrated using two
thousand tweets. Tweets are adopted for its simplicity and limited processing with only  hundred and forty characters. The
outcome obtained by applying the designed methodology provided satisfactory results of 83% accuracy which is more
than the  average accuracy (75%) of standard machine learning classification process. Therefore, it is possible to guess the
behavior of the users through sharing the different forms of emoticons at various instances. This classification of users’
content would reflect the dominant emotions possessed by them. This finding helps in understanding the basic nature of
an individual in social networks. Having identified the basic nature of an individual through emoticons, it is very easy to
personalize the user’s social network page to filter disinterested and disgusting content at any time.
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1. Introduction

The content shared through the social networks platforms
expresses the emotion of an individual sharing the content.
Characterizing the users based on their most influencing
emotion would help in many purposes1. Recently, Twitter
has become as a status quo for exchanging one’s thought
in a precise way. Further tweets with emoticons are cur-
rently becoming very popular as it makes the saying
“picture is worth a thousand words” to reality and helps to
express emotions in an effective way. Hence, the authors
have attempted to study the influence of emoticons as
an emotion dispenser in content sharing through social
network especially in tweets. 

With the boom of internet usage in youngsters and
teenagers, from 2008, the growth of social network
specifically, Twitter has become very active in  sharing 

content. According to statistics, around 500 million
of tweets are dispensed per day. Each tweet expresses
different form of emotions. 

As per literature2, nine emotions (love, happiness,
wonder, heroism, peace, anger, sadness, fear and disgust)
are expressed normally by human being at different occa-
sions. These emotions are a mandatory part of human
nature that can be considered as hereditary. Also it has
been found that expression of a particular emotion by dif-
ferent human being is identical. Some persistent emotions
that last much longer result in mood.

Various attempts had been performed to bring cor-
relation of emotions with the content. The existence of
strong relationship between emotion and social network
had been analyzed by various researchers3-8. Out of the
popular social network, Twitter had been serving as a
good means of emotion diffuser through the tweets4,7,9,10. 
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According to these researchers attempts, content, topic, 
messages, type of conversation, social ties, amount of net-
work activity of individuals, participatory patterns and 
language use are acting as emotion carrier in Twitter. 

A recent research has identified micro blogging or 
Twitter as online word-of-mouth branding11. The large 
amount of information contained in micro blogging 
web-sites makes an attractive source of data for emo-
tion analysis. As most of the micro blogging mechanism 
encourages emoticons as means of content diffusion, an 
emoticon within a message represents an emotion for 
the whole message and all the words of the message are 
related to this emotion.

1.1  Emoticons
In general, emoticons are graphical representation of 
facial expressions. According to Asteroff12 emoticons 
are referred as “relational icons”, while Sanderson and 
Dougherty13 defined emoticons or “smileys” as a sequence 
of ordinary characters that is found in keyboard of a PC. 

Thompsen and Foulger14 referred to them as “picto-
graphs” which is used to express emotions as that of facial 
expression. Rezabek and Cochenour15 defined emoti-
cons as “visual cues formed from ordinary typographical 
symbols deploying emotions”. With the growth of social 
networks, the usage of these smileys or emoticons has 
slowly crawled to capture a significant role in commu-
nication which required emotional stress on the content 
being shared. Active research is being carried out till now 
to perform behavior analysis of social network user using 
these emoticons and its interpretation in computer medi-
ated communication16,17. Derks et al.18 examined the role 
of emoticon in messages. The study showed that there 
exists an impact and influence by emoticons in message 
interpretations. Emoticons are helpful to express emo-
tion, to strengthen a message and to express humor. It 
is used in a way similar to facial behavior in face-to-face 
communication with respect to social network interac-
tions. Researches have proved that emoticons in Instant 
Messages (IM) provide richness to communication and 
do have impact on enjoyment19. Being carrier of emo-
tions, these emoticons have been processed to perform 
behavior and sentiment analysis on the social network 
users10,20. To categorize social network users with respect 
to the emotion they exchange through emoticons, several 
methodologies of data mining have been employed20–23. 
Their attempts focused on to tweets rather than any other 
social media interaction.

Most of the analysis reported that emoticons have 
visible role in exchange of emotions through tweets espe-
cially on emotions – happiness and sadness. And there is 
no clue of other emotions. Hence, the authors have inves-
tigated the impact of emoticons in tweets and thereby 
attempted to classify the expressed emoticons into nine 
human emotions.

In order to proceed with the objective, emoticons as 
stated in Unicode standard24 is taken and applied as base 
for user classification and henceforth for personalization. 
The Standard Emoticons that are categorized into nine 
basic emotions for reference is shown in Figure 1.

2.  Methodology
The methodology for user’s content personalization based 
on emoticons involves two major phases such as training 
and testing phase as shown in Figure 2.

2.1  Training Phase
Initially, training set is constructed by extracting labeled 
tweets of around 2000 in numbers. From the collected 
labeled tweets, meaningful words are extracted manually 
and stored as bag of words in a data store. Along with the 
meaning full words, emoticons also extracted and stored 
in the data store if present any. In addition to these two 
entities, emoticons that are extracted from standard library 
are also stored as reference for future processing. Prior 

Figure 1.  Categorization of emoticons into nine 
emotions.
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2.1.3  Tagging of Part of Speech
The Tagging of part of speech involves in extracting 
part-of speech based Penn Treebank corpus. And hence, 
adjectives, adverb, noun and verb are segregated to form 
a bag of words.

2.2  Testing Phase
In this phase, a tweet is really tested to get users content 
classified according to emotions based on emoticons and 
bag of words. A decision tree based classifier and pre-
diction model is constructed to perform the emotion 
classification. A decision tree is a decision support tool 
that uses a tree-like graph or model of decisions and their 
possible consequences. Decision trees can be described 
also as the combination of mathematical and computa-
tional techniques to aid the description, categorization 
and generalization of a given set of data. Data comes in 
records of the form:

(t, E) = (t1, t2, t3, ..., tk, E)

The dependent variable, E (Emotion), is the target 
variable that we are trying to understand, classify or 
generalize. The vector t(Tweet) is composed of the input 
variables, t1, t2, t3 etc., that are used for that task. Thus the 
preprocessed text from the tweet forms the training data 
for further classification. The procedure developed for the 
same is given in Algorithm 1.

to the creation of bag of words, the manually extracted 
meaning full words are subjected to preprocessing that 
involves the following subtasks.

Cleaning Tweets.•	
Removal of Stop Words.•	
Tagging of Part of Speech.•	

2.1.1  Cleaning of Tweets
The data cleaning process on tweets involves the following 
subtasks and is intented to remove the meaningless 
words.

URL removal.•	
Decoding of Unicode.•	
Apostrophe lookup.•	
Slang replacement.•	
Removal of special characters.•	

2.1.2  Removal of Stop Words 
This process is implemented to remove the irrelevant words 
from the tweets. It is performed by language stemming. It 
is a information retrieval process to reduce or derive an 
inflected words to their root to return a word.

Figure 2.  Developed model for classification of emotions 
based on emoticons.

Algorithm 1. Tweets features extraction

Algorithm 1. Tweets features extraction

Procedure: extract_features() 

Input: Tweet with Emoticons 

output: Features  
1. slang_dict = {.......} 

2. remove_tags = {.......} 

3. for tweet in labelled_tweets: 

4. tokens = tweet.split(' ') //generate token of words from tweet 

5. for word in tokens: 

6.  if word.beginswith(remove_tags): 

7.   tokens.remove(word) // remove tagged words 

8.  if word in any slang_dic: 

9.   word=slang_dic[word] // replace with slang 

words 

10. features_labels.add(feature,label) 

11. return features_labels 
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content provides an insight of the user’s behavior which 
may further be processed to create personalization of the 
user content easily in social networks.
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3.  Performance Analysis
The developed model is evaluated by applying the 
information retrieval metrics precision and recall and F1 
Measure. The following Table 1 indicates the results obtained 
after having applied the developed model. The graph of the 
result is shown in the following Figure 3. From the graph, it 
is noted that the accuracy of classification for each emotion 
through emoticons appears to be satisfactory. 

4.  Conclusion
A decision tree based user’s content classifier and 
prediction model is designed to classify tweets according 
to emotions expressed through the emoticons. According 
to machine learning benchmarking, any classification 
result of around 75% is said to be appreciable and satis-
factory one. The performance of this developed model 
yielded classification accuracy of around 83%. Hence, 
the model performance appears to be satisfactory for 
user’s content classification based on emotions through 
emoticons. Due to the lack of semantics the model may not 
outperform with the present form. However, the classified 

Table 1.  Precision and recall results

Emotions Precision Recall F1-Measure

Love 0.69 0.95 0.80

Happiness 0.94 0.94 0.94

Pity 1.00 0.93 0.97

Fur iousness 0.96 0.88 0.92

Heroism 1.00 0.85 0.92

Fearfulness 1.00 0.88 0.92

Disgust 0.94 1.00 0.97

Wonder 1.00 0.91 0.95

Peace 1.00 0.93 0.96

Figure 3. Precision and recall graph. 

Love Happiness Pity Furiousness Heroism Fearfulness Disgust Wonder Peace

Precision 0.69 0.94 1 0.96 1 1 0.94 1 1
Recall 0.95 0.94 0.93 0.88 0.85 0.88 1 0.91 0.93
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Figure 3.  Precision and recall graph.
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