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Abstract: The widespread adoption of social media applications in today’s internet world has created a revolution in the field of 
Textual emotion mining (TEM). TEM has gained a significant amount of interest in the past few years where a large community 
of researchers is focusing on the efficient extraction of emotions, ignoring the influential behavior of emotions. This paper 
presents a unique study to focus on the outcome of research on Textual Emotion Mining instead on the process of emotion mining. 
It classifies the output of TEM by presenting an emotion-output model. It also discusses the influential capability of emotions in 
various domains, shedding light on various new avenues by analyzing the different work done in this area.  
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I. INTRODUCTION 

Emotions form an inseparable part of human expression and 
with the advent of digital technologies and web 2.0, a large 
amount of user data is available online. User data in the form 
of text can potentially be extracted for emotions to benefit 
mankind in several commercial and social spheres like market 
analysis, security and crisis management, stress detection, 
measuring the population's level of happiness, etc. Emotions 
of all kinds have a profound influence on our day-to-day 
interactions, affecting our thoughts, behavior and actions. 
TEM has been a recent established field in computer science 
and natural language processing which is concerned with the 
detection, recognition, classification and analysis of human 
emotions expressed in the text or evoked from the text. The 
emotions therein expressed have a direct impact on the users’ 
behavior and actions reflected in the social networks subject to 
the temporal conditions. So, it has become increasingly 
important to quantify, assess and understand the impact of 
these emotions on the online social networks [1].  

 
Mining emotions only do not serve the purpose, investigating 
proper impact analysis would provide even beneficial to latch 
on the right emotional buttons of users in order to trigger 
desired emotions deep down into their psyche. This paper also 
talks about finding impacts of these emotions on various 
content and user dimensions and thereby focusing on 
correlational studies. Not only this social emotions expressed 
in social media networks like Twitter, Facebook etc are also 
said to have an impact on public discourse and communication 
in society[2]. Nevertheless, the impact of emotions goes well 
beyond social networks for example emotional information 
can be really useful for human-computer interactions and 
recommender systems, but here impacts of emotions are 
discussed only in a social media setting.  
 
As TEM is an emerging field so it lacks a view which can put 
emphasis on the impact analysis studies emerging from this 

field. The present paper aims to characterize some of the 
research areas where emotions have proved their influential  
role so as to provide actionable insights into how to diagnoze 
and monitor threats and opportunities and track progress 
against goals. It will also help in developing tailored solutions 
to instill the right kinds of emotions at the right time. To make 
the viewpoint of this paper more clear, it will be worth 
enlisting the various impacts that emotions can produce 
thereby opening new research avenues. Some of them are: 
 
a) Emotions act as driving force behind the content diffusion 
in a social media setting. In this way they affect how emotions 
influence user’s information sharing behavior. 
b) Emotions developed in a social media setting may affect the 
emotional states of others, either consciously or unconsciously 
developing an Emotional Contagion. So, this becomes a hot 
area of Emotion mining research which studies how emotions 
impact other users with same or similar emotions which results 
in shaping public opinions. 
c) As emotions are inseparable component of human behavior 
so their impact on decision making capability of human can 
never be ignored.  

II. TEXTUAL EMOTION MINING RESEARCH 

Textual Emotion Mining is a very new and promising field of 
study that attempts to develop automated systems to determine 
human emotions from text [3]. It is an interdisciplinary field at 
the cross-roads of information retrieval and computational 
linguistics. Whenever we talk about any emotion mining 
system, we observe four core aspects involved in a typical 
emotion mining application mentioned below (see figure 1). 

a. Input 
b. Process 
c. Output 
d. Impact 

Being an emerging field, it still lacks a clear view of 
discoveries that have been made till date and research gaps that 
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are yet to be pursued. This manuscript provides an overview of 
research regarding expressing emotions on social media and 
their impact on three domains namely, social media content 
diffusion, emotion contagion and decision making, thereby 
making recommendations for future research in the area. 

 

 
 
Figure 1: Synthesized view of research on Textual Emotion Mining 
 
This work is an attempt to closely view how to examine and 
analyze the relationship between output and impact of any 
emotion mining application. After going through an extensive 
literature review, it is a generalized observation that most 
research in this area focuses on developing an effective 
emotion mining system (i.e., the process aspect) with only a 
minority progressing towards impact analysis. Categorically, it 
can be stated that most of the work is being done on the output 
side to improve it. 
 
There are a few questions dominant regarding the emotional 
textual interaction between users in online social networks. 
These are:- 
 
RQ1: What all kinds of emotions are actually involved? 
RQ2: How reader’s emotions are different from writer’s 
emotions? 
RQ3: How exchange of written text creates an emotional 
influence? 
RQ4: What is the true significance of research on Textual 
Emotion Mining? 
RQ5:What are the major areas where emotions create a great 
impact in a social media setting? 
RQ5: How impactful an emotion is over a social group or 
community, and for how much time?  
 
Through this paper, we would like to seek answers to the 
above questions in order to understand the true relevance of 
research in this domain and to shift focus on the areas 
impacted by emotions like information diffusion, knowledge 
sharing, influence maximization, the topic of emotions and 
their role, emotional trust establishment, decision making etc. 

III. PROPOSED MODEL 

 
The output of any emotion mining system varies in terms of 
the kinds of emotions being mined. As an answer to the 
research question 1, four different categories of emotions have 
been found in the literature, namely expressed emotions, 
evoked emotions, social emotions and collective emotions. To 
the best of our knowledge, this manuscript represents the first 
attempt towards classification of output of TEM. In the present 
work, we build an emotion-output model to understand the 
different types of emotions generated during the process of 
TEM (see figure 2).  
 

 
 

Figure 2: Emotion-Output model 
 
1. Expressed Emotions: The writer/author of the text 

intentionally or unintentionally embeds his/her emotions 
into the text while writing a text snippet referred to as 
expressed Emotions[4]–[8]. The biggest challenge to 
accurately identify expressed emotions is the use of 
figurative languages like simile, metaphor, sarcasm, etc . 
TEM to extract expressed emotions can be treated as a 
single-label or multi-label classification problem.  

 
2. Evoked Emotions: A reader’s mind is triggered with a 

mix of multiple emotions known as evoked emotions. 
Emotion mining from the perspective of the reader is 
generally treated as a multi-label classification problem 
where the aim is to identify the emotions that is evoked 
in the minds of a reader.[9]–[15]. Mining readers 
emotions is a predictive mining task where evoked 
emotional responses are foreseen and analyzed. 

 
3. Social Emotions: The aggregated form of emotional 

response given by multiple readers is termed as social 
emotions. Today, a number of websites have come up 
with a facility where a number of users can express their 
evoked emotions through multiple emotion labels after 
browsing a text segment [16]–[22]. Social emotion 
detection is naturally a multi-label classification problem 
where a text is assigned multiple emotional labels by 
multiple readers.  
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4. Collective Emotions: When studied in a community 

environment, emotions show a collective behavior 
usually in a conversation i.e., visible correlations can be 
seen between emotions in consecutive posts of a 
conversation. Emotions evoked as a result of intra-group 
interactions over an OSN, affect other members of the e-
community. Collective emotions portray the categories 
of emotions which are shared by a large number of 
individuals at the same time. Chmeil et al [23] studied 
the collective behavior of on large scale e-communities. 
Analysis of online data gives us an opportunity to 
understand the emergence of collective emotions 
resulting from the interaction of a large number of users 
with similar emotional interests. Garcia et al [24] 
proposed an agent-based modeling framework for 
collective emotions. Tadi et al [25] compiled and 
analysed a massive dataset containing the dialogs 
between the users in the MySpace for studying collective 
behavior of emotions. Abhisheva et al. [26] evaluated the 
role played by collective emotion dynamics in achieving 
social polarization in YouTube environment.  

IV. IMPACTS 

Forgas once stated that “emotions appear to influence what 
we notice, what we learn, what we remember, and ultimately 
the kind of judgements and decisions we make”. The 
differentiated categories of emotions are also found to capable 
of triggering a short but intense effect on users[27].  
 

A. Information Diffusion 

Users’ emotional experiences are closely associated with their 
information sharing behavior on social media platforms. So, 
there is a need to understand how emotions impact the 
dynamics of Information Diffusion. In this regard, we need to 
answer question like: 
 

 Whether positive emotions spread faster or the 
negative ones? 

 What kind of emotions makes a conversation viral? 

 Finding the relation between different categories of 
emotions and their diffusion speed and quantiy.  

Stefan Steiglitz and Xuan[2] examined the effect of emotions 
on the user’s information sharing behavior on social media 
keeping in track both parameters of diffusion viz, speed and 
quantity. Ferrara and Yang[28] also assessed the impact of 
emotions on content diffusion of short text to identify which 
categories of emotions are more popular in social media 
communications. A similar piece of research has been 
conducted in [29] where the authors studied the role of 
emotions in the context of word-of-mouth marketing, using a 
dataset of Google+ posts. Guerini et al.[30] presented a 
thorough analysis of the interplay between evoked emotions 
and viral facets. Although researchers have focused in this 
area, but still the understanding of the relationship between 

emotions and content diffusion in still in its nascent stage and 
the results can be very promising for gaining business 
knowledge.  
 

B. Emotional Contagion and Public Opinion Shaping 

Emotions expressed in social media communications are 
highly contagious in nature and are found to impact the 
emotional states of other users, resulting to a social network 
phenomenon known as emotional contagion. Ferrara and 
Yang[31] demonstrated the dynamics of Emotional contagion 
on Twitter platform and identified two categories of users 
based on their susceptibility to emotional contagion. Both the 
classes are equally likely to adopt positive emotions, however 
the class of highly susceptible users generally show less 
inclination towards negative emotions. Kramer et al.[32] 
proved the evidence of massive-scale emotional contagion 
over textual communications where he demonstated how 
emotional states propagate from one user to another over 
Facebook. This piece of research include experiments on 
large-scale Facebook user-data to indicate that emotional posts 
are more engaging. Espinosa and Bernales[33] also focused in 
the same direction by analyzing the rate of emotion diffusion 
in Facebook. Xiong et al.[34] proposed an emotional 
independent cascade model to demonstrate the real-world 
condition of emotional propagation over heterogeneous social 
media. Fan et al.[35] aimed their study on prediction of 
emotional contagion in terms of computer simulation and 
proposed an agent-based emotion contagion model which is a 
combination of features of emotion influence and tie strengrth 
preference in the dissemination process. Different emotions 
might even compete in shaping the public opinion thereby 
developing emotional communities[36]. Finding such 
knowledge will be of great importance for gaining various 
forms of business intelligence. 
 

C. Decision Making 

Research on the effect of emotions on people’s decision 
making behavior has started captivating the interests of 
researchers and business analysts. Online customer reviews 
and electronic word of mouth(eWOM) are rich sources of 
emotional content on various e-commerce websites[1]. Relling 
et al. [37] studied the influence of negative and positive word 
of mouth (nWOM and pWOM) on customers. Lee et al. [38] 
assessed the influence exerted by negative emotions in online 
hotel reviews on consumer’s helpfulness perceptions. Another 
facet of research in this direction include the study of how 
emotionl content embedded in tweets about a specific 
company leads to an impact on its future stock prices [39][40]. 

V. CONCLUSION 

The Emotion Mining research applies and appeals to every 
walk of human life. In order to make this technology 
commercially viable, research groups need to identify the true 
role of emotions and their possible impacts for the field 
concerned. 
In view of the above-discussed research status and the major 
impact areas, there is enormous scope of emotion-impact 
analysis. Apart from that, there is a need for an emotion-
impact analysis framework to facilitate advanced analytics. 
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With specific focus on emotion-impact analytics, existing 
solutions in the field are not generic. There is a tight coupling 
between field-specific analytical solutions. In addition to this, 
diversity among datasets also exists as a fundamental issue for 
building generic solutions.  
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