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Abstract
With the advent of new technology paradigm, SMAC (Social media, Mobile, Analytics and
Cloud) the information network generates an infinite ocean of data spreading faster and larger
than earlier. A high quality information extracted from this massive volume of data, named as big
data, urges the development of an efficient and effective decision support system and powerful
strategic tools in the area of government intelligence. This pool of information can be explored
for the benefit of an organization/system and to better understand its stakeholder needs by
collecting, mining opinions about every point or subject of interest. Digitally intelligent and
smart governance has been identified as a dynamic field with new studies being reported at
various research avenues. The need to review, analyze and evaluate research studies across
literature is thus fostered motivating us to identify existing trends, research gaps and potential
directions of future work within this domain. This paper intends to provide a systematic literature
review within the promising area of opinion mining and its application to the area of government
intelligence.
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Introduction
Optimal processing and analytics of big data enables to better decision making and strategic
movement in relevant area. Different real time industry verticals are expanding their existing
data sets with data available from social web, i.e. big data to get a better understanding of their
customers' behavior and preferences. And this can be achieved by the means of opinion mining
which aims to extract people opinion from web. Different sources of big data provide a massive
amount of valuable information which can be examine and analyze for extracting sentiments.
The major sources of big data are: black box data, transportation data, stock exchange data,
social media data, power grid data, search engine data, healthcare data, etc. (Arputhamary &
Jayapriya, 2016). Opinion mining on big data has emerged as a notable direction of research with
scientific trials and promising applications being explored substantially. It has turned out as an
exciting new trend with a gamut of practical applications that range from Business and Trades;
Recommender Systems; Expert Finding; Politics; Government Sector; Healthcare Industry;
amongst others.
The terminology "opinion mining" was first observed in 2003 in a research paper by Dave et al.
By 2006 it started to be involved in web applications and various other domain like marketing
for product and service reviews, entertainment, politics, recommendations, business etc. which in
turn broaden its application spectra. With the rapid increase of people participation and
communication over social web where they express their ideas, opinion over a public forum;
opinion mining extracts the public mindset and the findings are being used in various domains.
As per literature so far, various application areas of opinion mining can be broadly classified as:
business intelligence (BI), government intelligence (GI), information security and analysis (ISA),
market intelligence (MI), sub component technology (SCT) and smart society services (SSS)
whereas the techniques used are machine learning (ML), lexicon based (LB), hybrid and concept
based. But no study has been conducted on reviewing of opinion mining implementation in
various application areas till now. However, few surveys are there which covers the existing
opinion mining techniques, opinion mining task classification, opinion mining evolution, opinion
mining and big data etc., but none of them emphasizes over its application areas and correlates
them with its techniques.
Specifically, to improve and optimize decisions and performance of government, the thrust area
is to explore and understand opinion mining, its applications and techniques using big data in
government intelligence. The idea is to envision “digital governance” by virtue of social web
adoption (social media data; source of big data), where government can take advantage of social
platforms involving huge user participation. The motivation is clearly based on the “Digital India
Initiative” recently proposed and projected by the Government of India. The initiative motivates
to embed the concept of S-governance which includes Social and Sentiment governance (Kumar
& Sharma, 2016) combines to form Smart governance in order to transform the nation into
7
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digitally empowered knowledge economy and includes projects that aim to ensure that
government services are available to citizens electronically/digitally and people get benefit of the
latest information and communication technology (Makeinindia, n.d.; Digital India, 2014).
Hence, the requirement is to go through a state-of-art literature survey and review the significant
research on the subject of opinion mining of big data for digital governance. In this review, we
explicate how the voluminous amount of data i.e. big data is utilized for analyzing public
posts/comments/tweets/blogs/discussions by the application of opinion mining in government
intelligence.
Induction of Internet and communication technologies transforms the conventional governance
in to digital governance and its existence is visible in the year 2010 (Janowski, 2015). Therefore,
the proposed survey is an exhaustive study of the published articles of opinion mining
applications from 2011-2017 with the usage of various datasets (big data) in the field of digital
governance and its applications. The comparative analysis of different techniques of opinion
mining in its various application areas has been done on the basis of original studies. This paper
conducts a systematic literature survey which outlines the application areas of opinion mining,
discusses the introduction of opinion mining in digital governance and summarizes opinion
mining based digital governance progress graph so far.
The process for carrying out a systematic literature review (SLR) is given by Kitchenham et al.
in 2009. However, in this SLR we reshape the core architecture of the phases and represent them
in a more structured and sequential manner. This makes the SLR more systematic, well classified
and organized, for a better understanding and course of action. The rest of the paper is organized
as follows: Section 2 elaborates the three terms, i.e., opinion mining, big data and digital
governance individually and their influence on each other when coupled together. Section 3
describes the purpose of required phases to be performed during the conduct of a Systematic
Literature Review (SLR). Section 4 details the Review Planning phase (structured in a new
template) for the proposed SLR which contains the motivation and aim of the research, to gather
and analyze the relevant primary studies of research, its quality assessment/verification and
documentation. The next phase Review Conduct is elaborated in Section 5 which contains
searching strategy, literature review of selected studies in visual and tabulated form. Section 6
deals with the Review Reporting phase which document the results and discussion of complete
review. Finally, the paper winds up with a conclusion and future works in the last section.
Opinion Mining of Big Data for Digital Governance
With the progression of Web 2.0 and its plug-ins such as social networks, micro blogs, mobile
technologies, audio, video, web searches, discussion forums, posts, comments and several other
social media, citizens can vocalize their opinion and experiences in a more effective manner.
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Digital empowerment of citizens plays a vital role in providing people centered applications by
transforming the conventional IT paradigm into next generation paradigm of SMAC based
systems. Social media and Mobile generates a voluminous amount of data i.e. big data, which
can be exploited by government for the extraction of public opinion to improvise and enhance
the process of decision making using techniques of opinion mining. Hence, opinion mining of
big data in digital governance plays a significant role for the success of government programs
and initiatives. The three basic terminologies namely, opinion mining, big data and digital
governance are briefly discussed as follows:
Opinion mining (OM), deals with opinion based natural language processing which includes
genre distinctions, emotion and mood recognition, ranking, relevance computations, perspectives
in text, text source identification and opinion oriented summarization (Kumar & Teeja, 2012).
Opinion Mining is "a field of study that tends to use the natural language processing techniques
to extract, capture or identify the attitude (otherwise sentiment) of a person with respect to a
particular subject. It is the automated mining of attitudes, opinions, and emotions from text,
speech, and database sources through NLP" (Kumar & Sharma, 2016).
Sentiment analysis (also called opinion mining, review mining or appraisal extraction, attitude
analysis) is the "task of detecting, extracting and classifying opinions, sentiments and attitudes
concerning different topics, as expressed in textual input" (Ravi & Ravi, 2015).
Big Data, a huge amount of data which is full of conversations, social networking sites, online
discussion forums, web based audio/video presentations, micro blogs, commercial transactions,
web logs, comments, pictures, documents, etc. It is popping up from numerous sources. Due to
its complex structure/nature, traditional database architectures are unable to collect/capture,
contemplate and conceptualize it for further processing. For productive and proper use of big
data assets it is necessary to understand its key attributes. Seven (Vs) characteristics (Mcnulty,
2014) of big data are volume, variety, velocity, veracity, variability, visualization and value.
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Figure 1. V- Model of People Participation in Governance (The Digital Governance Initiative, n.d.)

Digital Governance
Governance is all about the action, manner or power of governing to ensure the environment of
an organization is stable, transparent, responsive and accountable and working in best interest of
the public. It includes mechanism of policy establishment, formulation of decision making
process and implementation, authority balancing and performance monitoring in order to manage
public affair.
At the same time, "good governance is to establish, consensus amongst the stakeholders of a
country with the goal to improve quality of life enjoyed by all citizens" (Kumar & Sharma,
2016). Good governance follows the rule of law and aims for efficient processes and effective
outcomes. The key attributes of good governance provided by the commission of human rights
(United Nations Human Rights, Office of the High Commissioner, n.d.) in a resolution 2000/64
are Transparency, Responsibility, Accountability, Participation and Responsiveness. Good
governance is about taking decisions based on information set or knowledge set. "Digitization of
this information is required for its easy access available on network which open arms to all
individuals of every community or village for use of this information - paving the way for Digital
Governance" (The Digital Governance Initiative, n.d.).
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The intent of digital governance is to ensure that common citizens should associated with
decision-making processes as it affects them directly or indirectly, which in turn improves their
conditions and the quality of lives (Nath, 2003). This new facet of governance will assure that
citizens are active contributor in deciding the kind of services they want as well as attentive
consumer of services offered to them. And this is what required for a powerful democratic
country.
The perspective and participation of people changes with the transformation of governance
model from conventional to digital is represented in Figure 1. This comparison states that in
contrast to conventional governance, digital governance allows a more closer contact of public
and decision-makers in the government and results in greater access and check over governance
mechanism in order to constitute a more responsive, transparent, responsible, accountable and
efficient governance" (The Digital Governance Initiative, n.d.).
Opinion Mining of Big Data for Digital Governance results in a more stabilized and smart
governance which analyze data available on social web and extract public sentiments for the
process of decision making. The evolution of web based digital governance is depicted in figure
2 which also exhibits the parallel mapping of opinion mining, big data and digital governance
with the versions of web.
Web 1.0 is the web of cognition and primarily read-only, Web 2.0 is the web of people
corresponds to communication and Web 3.0 has become the web of data which stands for cooperation (Kumar & Sharma, 2015). With the emergence of Web 3.0, the concept of smart and
socio-sentimental governance is readily apparent, which transforms the data into decision. With
the evolution of web, the social media model for digital governance is also emerging to utilize
the high volume of unstructured data (Kumar & Joshi, 2017). Although, there are no fixed model
for digital governance. Rather, they are customized by investigating and research, conducive to
cater the needs of a nation or society. Some generic models being practiced are: critical flow
model, comparative analysis model, broadcasting model, e-advocacy model and interactive
service model (Nath, 2003).
The idea is to look for models that enrich the big data analytic solution architecture, tools and
technologies for creating awareness and opportunities that make big data and its analytics in
government domain. Amongst all, e-advocacy and lobbying is most frequently used model as it
motivates the personal and people participation in decision making process of organizations and
government officials. Some of the projects based on e-advocacy model are: Greenpeace CyberActivist Community, Independent Media Centre, Panchayats, Drop the Debt Campaign, PRS
Legislative Research, IGC Internet etc. (The Digital Governance Initiative, n.d.), (Nath, 2003).
"Advocacy is an activity by an individual or group which aims to influence decisions within
political, economic, and social systems and institutions. Advocacy can include many activities
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that a person or organization undertakes including media campaigns, public speaking,
commissioning and publishing research or conducting exit poll or the filing of an amicus brief."
(Wikipedia contributors, 2017).
The purpose of advocacy is to notify information and communicate facts to politicians and to
their deputies or officers about emotional and mental constitution of public mind and its
pertinence in governance. Legislators work for public welfare and they want views, outlook,
facts, and insights to figure out realism. Now here public participation is critical and their
reaction, inferences, viewpoint shared on social media could be mined (by the use of opinion
mining) in order to provide the information/news required by officials/lawmakers. Therefore,
inducement of opinion mining in advocacy will go a long way and continue a long innings in the
scope of advocacy.

Figure 2. Evolution of Web Based Digital Governance

Systematic Review Phases
The Systematic Literature Review(SLR) comprise of three phases represented in figure 3 and its
outline is planned, executed and organized as discussed by Kitchenham and Charters
(Kitchenham et al., 2009). However, the core architecture of the phases is restructured to make
them more classified and understandable.
Review Planning, being the first phase of SLR is crucial to identify and capture the existing and
relevant research work done in the area. The information gathered is further examined and
evaluated for the development of SLRS (Systematic Literature Review Specification) document.
The second phase is Review Conduct, which provides a collective and comprehensive review of
existing literature. Review Reporting is the last phase of SLR in which various findings,
observations and results are inspected and reported.
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Review Planning
Review planning is the most important and fundamental stage of SLR. It leads
o To explore and understand the motivation behind the survey; and
o To make out the need of review.
Next step is to define research objectives with the help of questions as per the aim of SLR. A
well formed/designed question can help in taking key decisions related to research. Thereafter,
all the possible and relevant reviews/research work are captured/extracted for the development of
review protocol which includes following steps: Review Elicitation, Review Analysis, Review
Validation and Review Documentation. Detailed review planning phase is represented in figure 4
and discussed below.

Figure 3. Systematic Review Stages

Identify the Need
A huge amount of work has been done in the area of opinion mining of big data. Social web
statistics reveals that more than
o 3 billion people across world are online and use Internet for exchanging information and
ideas, sharing, searching facts, publishing amongst others; and
o 2 billion people worldwide maintaining social accounts (Twitter, Facebook, etc.) (Kumar &
Sharma, 2016).
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Gamut of social networking sites has offered a platform for citizens to publically vocalize their
ideas in distinct areas which increases the significance of any issue/discussion very swiftly.
Hence, the necessity of incorporating public opinion and interest in the process of decision
making has grown exponentially throughout the years. And the fact that it is vitally important in
governance has been observed across literature studies.
Opinion mining is the key underpin of synergetic policymaking. It helps in listening to the
problem rather than asking it and hence ensures a detailed and precise speculation/impression of
verity (Osimo & Mureddu, 2012). It helps in concluding thousands of inferences by considering
various opinion, ideas, discussions and feedback from citizens and covers many spheres like
advisory, decision making, advocacy, early warning system detection etc.
The serviceability of collective and interactive aspect of social web by extracting and analyzing
sentiments can proffer a significant, incomparable platform for enormous association of citizens
in governance measures in order to make it smart and intelligent.
Analytics on the unstructured data can transform the governance model into a social governance
model, as an integration of social media and S-governance. In view of this, the need is to further
research and study this area to gain insights into public opinion by mining user generated data on
social web for empowering digital governance.
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Figure 4. Review Planning Activities
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Identify Research Questions
This review paper aims to explore opinion mining techniques in the field of advocacy in order to
develop, deepen and broaden the understanding of S-governance. Research questions (RQs) have
been formulated according to ensure complete coverage of existing research on the topic and the
scope of opinion mining to evolve in the area of advocacy. Table 1 enlists the research questions
identified for this SLR.
Table 1. Identified Research Questions

RQ#
RQ1
RQ2
RQ3
RQ4

Research Questions
What are the different application areas and techniques of
opinion mining?
How much work has been done in the area of government
intelligence using opinion mining?
Which (big) data sets are used for opinion mining in government
intelligence?
Which techniques of opinion mining have been used in advocacy
so far?

Develop Review Protocol
This phase takes input as research questions, processes them with various sequential steps and
finally generates output as Systematic Literature Review Specification (SLRS) document. We
divide the activity of development of review protocol into four steps: Review Elicitation, Review
Analysis, Review Validation and Review Documentation as represented in Figure 5.
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Research Question(s)

Review Elicitation

Develop
Review

Review Analysis

Protocol
Review Validation
Review Documentation

SLRS

Figure 5. Steps of Developing Review Protocol

Review Elicitation
Decomposition of Research Questions into individual and small units has been done for the
formation of search terms. Following were the search terms identified: opinion mining, big data,
and opinion mining applications. Identified search terms then get refined by incorporating
alternative terms and synonyms.
These equivalent terms were: sentiment analysis, sentiment extraction, and social web data.
Different permutation and combination of basic and refined terms was then applied with OR,
AND logistics for search of relevant studies.
Search of Available Primary Studies has been done considering the following digital four
libraries: Science Direct, Springer, ACM Digital Library and IEEE Transactions. The search
terms were explored in titles, keywords and abstracts. This step results all the available primary
studies put together in contemplation of answering research questions.
Review Analysis
Inclusion/Exclusion (I/E) Criteria is based to limit the scope of research to find fitting answers to
the RQs. The collected primary studies were input to this step and inclusion/exclusion criteria
was incorporated to select or reject the studies based on their relevancy.
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http://www.webology.org/2017/v14n2/a156.pdf

Inclusion Criteria
o Journal Papers of Science Direct, Springer, ACM Digital Library and IEEE
o Papers from year 2011-2017
o Opinion mining and its applications
o Techniques of opinion mining
o Secondary studies of opinion mining
o Survey of opinion mining techniques in its various application areas
Exclusion Criteria
o
o
o
o

Conference papers of: Science Direct, Springer, ACM Digital Library and IEEE
Non textual representation of opinions/sentiments
Big data process optimization and its survey
Task classification of opinion mining.

Classification of Papers has been done based on the above mentioned inclusion/exclusion
criteria. Owing to the theoretical limitations and feasibility, we considered only journal papers
from selective digital databases, thus limiting the scope of our study. Table 2 depicts the process
of paper classification in different phases. Total 194 papers were selected as the outcome of this
step.
Table 2. Paper Classification Stats
Elicitation Phase
Science Direct
Springer Journals
ACM Digital Library
IEEE Transactions

Selected Papers
240 primary papers

Analysis Phase
Inclusion/exclusion
criteria (40)
Redundant papers (4)

Selected Papers
194 final papers

Review Validation
Data Extraction and Synthesis accomplishes the appropriate analysis from the 257 final studies
for the extraction of relevant information required to answer the research queries. Selected
papers were referred for the extraction of information, such as year of publication, contributing
author(s), application areas, existing techniques, datasets used for assessment of performance,
etc. All such information is tabulated in order to get simplify the data synthesis process for
review. Data synthesis process summarizes the extracted information in the form of tables
(representation of categorized information) and diagrams like graphs and charts (representation
of measurable information). Table 3 and 6; Figure 6, 7, 8, 9, 10 and 11 were taken as output of
this step.
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Review Documentation
Review Documentation results in a document call up as Systematic Literature Review
Specification (SLRS) document. It is a detailed description of relevant studies and their
systematic compilation and presentation in order to answer the research objectives in the
projected research area. Section 6 covers this step.
Review Conduct
Review conduct executes the proposal offered in planning phase. The actual process
implementation of studies elicitation and their analysis based on inclusion/exclusion criteria is
performed here by employing Search Strategy. The subsequent step is to explicate the
comprehensive Literature Survey by incorporating the diagrams, tabulations and answers of the
identified research questions.
Search Strategy
In this step, we see how much work is ongoing in this field. An extensive search of relevant
primary studies is done to capture the mounting interest. The chart in Figure 7 represents the year
wise number of papers published in different application areas, reflecting the attention. This area
is gaining from researchers. Some of the popular journals and conference in which the primary
studies have been published is listed in Table 3.

Figure 7. Year wise studies distribution
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Table 3. Some popular journals of primary studies of this SLR

Publication Name
Decision Support Systems
Expert Systems with Applications
Knowledge-Based Systems
Computers & Security
IEEE Transactions on cybernetics
Procedia Computer Science
IEEE Intelligent Systems
Information Processing &Management
Applied Intelligence
Quality & Quantity
IEEE Transactions on Knowledge and Data Engineering
ICT Express
Applied Soft Computing
Procedia Engineering
Journal of Intelligent Information Systems
Procedia Computer Science
Computers in Human Behavior
IEEE Transactions on Multimedia

Type
Journal
Journal
Journal
Journal
Journal
Journal
Journal
Journal
Journal
Journal
Journal
Journal
Journal
Journal
Journal
Journal
Journal
Journal

Literature Survey
In this phase, a state-of-art literature survey is carried to review the substantial research in the
area of opinion mining and its application area. The preliminary study from pertinent literature is
summarized in Table 4.
In the area of business intelligence, Tsai et al. (2011) proposed an algorithm for novel business
blogs detection by applying machine learning techniques. Chung et al. (2012) developed a new
framework based on ML techniques for extracting relation of customer rating and reviews. Jang
et al. (2013) proposed a method for reviewers' attitude extraction and their traits identification.
Zitnik et al. (2012) used ML techniques to enhance business process operations. In 2013, Pai et
al. proposed a ML based method to aid customers in better decision making and to support
organization for better understanding of product/service appraisals. Wu et al. (2014) and Li et al.
(2014) used ML techniques for stock markets prediction of automatic trading decisions and
market movements.
In the area of government intelligence, Cao et al., Katakis et al., Mohammad et al. in years 2011,
2014 and 2015 respectively worked in the field of voting advisory with use of machine learning
techniques. Tools are developed for providing voting advice to application users and political
parties are also facilitated by social media sites by making public opinion available to them.
Automation of manual processes has been done.
20
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Panasyuk et al. in 2014, Cheng et al., Adedoyin-Olowe et al. and Gull et al. in 2016, worked in
the area of politics using machine learning techniques. Various requirements like public opinion
analysis system, identification of conflicting communities, trend prediction of elections etc. have
been fulfilled. Haselmeyer et al. in 2016 contributed in politics domain with the use of lexicon
based techniques. Objectives were to find sentiment polarity of user comments to provide
political portal recommendation and usage of sentiment dictionary in negative campaigning of
parties. De Fortuny et al. in 2012, Xianghua et al. in 2013, Makazhanov et al. in 2014, Kagan et
al. in 2015 use hybrid techniques in politics. They emphasizes over the automation of manual
process of opinion analysis over social communication channels and how political preference
prediction has been done on Twitter. In 2014, Rill et al. used concept level ontology based
technique to conclude that twitter detection of any topic is much faster than other communication
channels.
O'Leary, D. E in 2016 and Singh et al. in 2017 worked in the area of advocacy and policy making
using machine learning techniques. They aim to analyze public sentiments against government
policy. ElTayeby et al. in 2014 and Tayal et al. in 2016 applied machine learning techniques in
campaigning and developed tools to estimate their success. Also, clustering of similar opinions
has been performed to study the impact of media.
In the area of information and security analysis, Bhargava et al. in 2016 used lexicon based
techniques for opinion summarization. Framework has been proposed for entity based topic
oriented summarization. Proposed graph based technique summarizes redundant opinions.
He and Zhou, Liu et al. and Fan et al. in 2011, Zhai et al., Balahur et al., Cruz et al., Lane et al.
and Wang et al. in 2012, Bagheri et al., and Haddi et al. in 2013, Wu et al., Kansal and
Toshniwal, Dařena et al., Zheng et al., and Dehkharghani et al. in 2014, Wang and Liu, Kurian
and Asokan in 2015, Li et al. and Qiang et al. in 2016 and Rout et al. in 2017 applied various
machine learning algorithms for analyzing information like in summarization systems and their
automation and in security analysis like spam detection etc.
In the sub component technology domain, Rosa et al. in 2015 used lexicon based techniques. The
studies done by them presents recommendation systems for restaurant reviews and music. In
2016, Lei et al. and Dong et al. and in 2017, X Ma et al. applied hybrid techniques to develop
recommender system for products and rating prediction. Qiao et al. and Bridge and Healy in
2011, Anooj in 2012, Kardan and Ebrahimi, Geva and Zahavi, García-Cumbreras et al., Chen
and Wang, Peleja et al., Scharkow in 2013, Sun et al. in 2014, Capdevila et al., Coussement et
al., Colace et al., Wei et al., Alahmadi and Zeng, Sohail et al. in 2015, Pröllochs et al., Li et al.,
Zhang et al., and Bilici & Saygın in 2016 and Gurini et al., Ma et al. in 2017 used machine
learning techniques in citation analysis, recommender systems etc.
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In the area of smart society services, Zakzouk and Mathkour, Cambria et al. in 2012, Valsamidis
et al., Huh et al., Lu in 2013, Yan et al., de Oña et al., Bogdanova et al., Chen et al., Cheng et al.,
Cao et al., Wiley et al., Küçük et al. in 2014, İskender & Batı, Aliandu, Bucur, Ji et al., Bobicev
et al. in 2015, Lv & El-Gohary, Hu et al., Bui et al., Rossetti et al., Yang et al., Lee et al., in 2016
and James et al., Kuflik et al., Du et al., Dai & Hao in 2017 worked over machine learning
techniques. Muller et al. and Ali et al. in 2015 make use of ontology in concept level technique
for the automation of hotel reservation system and enhancing the data related to transportation by
mining social media. Hybrid techniques were used by Cameron et al., in 2013, Nguyen et al. and
Ortigosa et al. in 2014, Shen & Kuo in 2015, Asghar et al. and Ali et al., Xue et al.in
2017.Various areas such as drug epidemiology, online depression community analysis, tourism
monitoring, e-learning in education, health related issues have been considered for analysis. A
significant amount of work has been reported in this area using lexicon based techniques i.e.
Moreo et al. in 2012, Mostafa in 2013, Lei et al. in 2014, Teodorescu, Yu & Wang in 2015 and
Neidhardt et al. in 2017.
Marketing intelligence is one of the widely used application area of opinion mining. Various
researchers have applied machine learning techniques in review analysis of products and
services, reputation monitoring, placements of ads etc. Ghose & Ipeirotis, Sanchez-Monzon et
al., Fan et al., Park & Lee, Xu et al., Bai, Chen & Tseng in 2011, Yu et al., Liu et al., Chen et al.,
Schumaker et al., Min & Park, Reyes & Rosso, Esparza et al., Kang et al. in 2012, Wöllmer et
al., Bafna & Toshniwal, Liu et al., Yaakub et al., Basari et al., Yu et al. in 2013, Wu et al., Zhang
et al., Jiang et al., Vinodhini & Chandrasekaran, 2014a, 2014b, Yang & Chao, Wang et al., Zhang
et al., Smailović et al. in 2014, Zhang et al., Parkhe & Biswas, Bastı et al., He et al., Sandoval &
Hernández, Zimmermann et al., D’Avanzo & Pilato, Amarouche et al., Nguyen et al., FernándezMartínez et al. in 2015, Yan et al., Li et al., Vinodhini & Chandrasekaran, Cosma & Acampora,
Hur et al., Luo et al., Chua & Banerjee, Jin et al., Zhang et al., Malik & Shakshuki, Djouvas et
al., Lee et al., Khan et al., Manaman et al., Nayak et al., Chen et al., Feuerriegel & Prendinger,
Anand & Naorem in 2016 and Wang, Yuan et al., Tsirakis et al., Manek et al., Gui et al., Tsai &
Wang, Chan & Chong, Ding et al., Hu et al. in 2017 are the study of work done in MI using ML
techniques. Concept level techniques are implemented in year 2014 and 2015 by Ali et al. and
Liu et al. respectively. An approach has been proposed for identification of product features and
their relevant opinions. Cataldi et al. in 2013, Kang & Park and Li et al., in 2014, Van de Kauter
et al. in 2015, Li et al. in 2016 and Law et al., Daniel et al. in 2017 implemented hybrid
techniques in MI. Moreover, lexicon based techniques are used by Mostafa in 2013 to find
sentiment polarity towards famous brands and their services ; Cho et al. in 2014 proposed a
process for automated lexicon creation of stock market and a method is proposed for revising
sentiment dictionaries to classify sentiments of product reviews. Song et al. in 2015 proposed a
framework of customer review analysis for evaluating quality of service.
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S.
No

Table 4. Literature work in application area of opinion mining
Application Technique
Year
Paper
References
Area
Used
Count
2011
1
(Tsai & Kwee, 2011)

1

Business
Intelligence

Machine
Learning

2012
2013
2014

2
2
2

(Chung & Seng, 2012), (Zitnik, 2012)
(Jang et al., 2013), (Pai et al., 2013)
(Wu et al., 2014), (Li et al., 2014)

Concept
level

2014

1

(Rill et al., 2014)

2012
2013
2014
2015
2016
2011
2014

1
1
1
1
1
1
3

Machine
Learning

2015
2016

1
5

Lexicon

2017
2016

1
1

(De Fortuny et al., 2012)
(Xianghua et al., 2013)
( Makazhanov et al., 2014)
(Kagan et al., 2015)
(Haselmayer & Jenny, 2016)
(Cao et al., 2011)
(Katakis et al., 2014), (ElTayeby et al., 2014),
(Panasyuk et al., 2014)
(Mohammad et al., 2015)
(Cheng et al., 2016), (Tayal & Yadav, 2016),
(Adedoyin-Olowe et al., 2016), (Gull et al.,
2016), (O'Leary, 2016)
(Singh et al., 2017)
(Bhargava et al., 2016)

2011

3

2012

5

2013
2014

2
5

2015

2

2016
2017
2014
2015
2013
2014
2015
2016
2017
2013

2
1
1
1
1
2
1
1
2
1

Hybrid

Government
Intelligence

2

Lexicon

Information
and Security Machine
Analysis
Learning

3

Concept
level
Market
Intelligence

4

Hybrid

Lexicon
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(He & Zhou, 2011), (Liu et al., 2011), (Fan &
Wu, 2011)
(Zhai et al., 2012), (Balahur et al., 2012),
(Cruz et al., 2012), (Lane et al., 2012), (Wang
et al., 2012)
( Bagheri et al., 2013),( Haddi et al., 2013)
(Wu et al., 2014), (Kansal & Toshniwal,
2014), (Dařena et al., 2014), (Zheng et al.,
2014), (Dehkharghani et al., 2014)
(Wang & Liu, 2015), (Kurian & Asokan,
2015)
(Li et al., 2016), (Qiang et al., 2016)
(Rout et al., 2017)
(Ali et al., 2014)
(Liu et al., 2015)
(Cataldi et al., 2013)
(Kang & Park, 2014), (Li et al., 2014)
(Van de Kauter et al., 2015)
(Li et al., 2016)
(Law et al., 2017), (Daniel et al., 2017)
(Mostafa, 2013)
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2014
2015
2011

1
1
7

2012

8

2013

6

2014

9

2015

10

2016

19

2017

9

2016

2

(Cho et al., 2014)
(Song et al., 2015)
(Ghose & Ipeirotis, 2011), (Sanchez-Monzon
et al., 2011), (Fan et al., 2011), (Park & Lee,
2011), (Xu et al., 2011), (Bai, 2011), (Chen &
Tseng, 2011)
(Yu et al., 2012), (Liu et al., 2012), (Chen et
al., 2012), (Schumaker et al., 2012), (Min &
Park, 2012), (Reyes & Rosso, 2012), (Esparza
et al., 2012), (Kang et al., 2012)
(Wöllmer et al., 2013), (Bafna & Toshniwal,
2013), (Liu et al., 2013), (Yaakub et al., 2013),
(Basari et al. 2013), (Yu et al., 2013)
(Wu et al., 2014), (Zhang et al., 2014), (Jiang
et al., 2014), (Vinodhini & Chandrasekaran,
2014a, 2014b), (Yang & Chao, 2014), (Wang
et al., 2014), (Zhang et al., 2014), (Smailović
et al., 2014)
(Zhang et al., 2015), ( Parkhe & Biswas,
2015), (Bastı et al., 2015), (He et al., 2015),
(Sandoval
&
Hernández,
2015),
(Zimmermann et al., 2015), (D’Avanzo &
Pilato, 2015), (Amarouche et al., 2015),
(Nguyen et al., 2015), (Fernández-Martínez et
al., 2015)
(Yan et al., 2016), (Manek et al., 2017), (Li et
al., 2016), (Vinodhini & Chandrasekaran,
2016), (Cosma & Acampora, 2016), (Hur et
al., 2016), (Luo et al., 2016), (Chua &
Banerjee, 2016), (Jin et al., 2016), (Zhang et
al., 2016), (Malik & Shakshuki, 2016),
(Djouvas et al., 2016), (Lee et al., 2016),
(Khan et al., 2016), (Manaman et al., 2016),
(Nayak et al., 2016), (Anand & Naorem,
2016), (Chen et al., 2016), (Feuerriegel &
Prendinger, 2016)
(Wang, 2017), (Yuan et al., 2017), (Guo et al.,
2017), (Tsirakis et al., 2017), (Gui et al.,
2017), (Tsai & Wang, 2017), (Chan & Chong,
2017), (Ding et al., 2017), (Hu et al., 2017b)
(Lei et al., 2016), (Dong et al., 2016)

Lexicon

2017
2015

1
1

(Ma et al.,2017)
(Rosa et al., 2015)

Machine
Learning

2011
2012
2013

2
1
6

(Qiao et al., 2011), (Bridge & Healy, 2011)
(Anooj, 2012)
(Kardan & Ebrahimi, 2013), (Geva & Zahavi,
2013), (García-Cumbreras et al., 2013), (Chen
& Wang, 2013), (Peleja et al., 2013),

Machine
Learning

Hybrid
Sub
Component
Technology

5
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Concept
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Hybrid

Lexicon
Smart
Society
Services

6

Machine
Learning

2014
2015

1
6

2016

4

2017
2015

2
2

2013
2014
2015
2016
2017
2012
2013
2014
2015
2017
2012

1
2
1
2
1
1
1
1
2
1
2

2013

3

2014

8

2015

5

2016

6

2017

4

(Scharkow, 2013)
(Sun et al., 2014)
(Capdevila et al., 2015), (Coussement et al.,
2015), (Colace et al., 2015), (Wei et al., 2015),
(Alahmadi & Zeng, 2015), (Sohail et al.,
2015),
(Pröllochs et al., 2016), (Li et al., 2016),
(Zhang et al., 2016), (Bilici & Saygın, 2016)
(Gurini et al., 2017), (Ma et al., 2017)
(Grant-Muller et al., 2015), (Ali et al., 2015)
(Cameron et al., 2013)
(Nguyen et al., 2014), (Ortigosa et al., 2014)
(Shen & Kuo, 2015)
(Asghar et al., 2016), (Ali et al., 2016)
(Xue et al., 2017)
(Moreo et al., 2012)
(Mostafa, 2013)
(Lei et al., 2014)
(Teodorescu, 2015), (Yu & Wang, 2015)
(Neidhardt et al., 2017)
(Zakzouk & Mathkour, 2012), (Cambria et al.,
2012)
(Valsamidis et al., 2013), (Huh et al., 2013),
(Lu, 2013)
(Yan et al., 2014), (de Oña et al., 2014),
(Bogdanova et al., 2014), (Chen et al., 2014),
(Cheng et al., 2014), (Cao et al., 2014), (Wiley
et al., 2014), (Küçük et al., 2014)
(İskender & Batı, 2015), (Aliandu, 2015),
(Bucur, 2015), (Ji et al., 2015), (Bobicev et
al., 2015)
(Lv & El-Gohary, 2016), (Hu et al., 2017a),
(Bui et al., 2016), (Rossetti et al., 2016),
(Yang et al., 2016), (Lee et al., 2016)
(James et al., 2017), (Kuflik et al., 2017), (Du
et al., 2017), (Dai & Hao, 2017)

Review Reporting/Results
This section answers the research questions identified in section 4.2.
RQ1 What are the different application areas & techniques of opinion mining?
Answer Opinion mining is widely used in various real life application areas which could be
broadly classified as follows:
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o Government Intelligence (GI) exploits opinion mining in order to provide public participation
for improving the process of planning and decision making. It help governments and
organizations in resource optimization, improves democratic measures/mechanism,
revolutionize the delivery mode of public services in order to develop a citizen centric model
of governance. Government Intelligence spectrum covers Politics, Advisory Voting,
Advocacy etc.
o Sub Component Technology take advantage of opinion mining which has a significant
promising role in enabling the mechanics of other systems. Expert Finding, Recommender
Systems, Citation Analysis are some of the action areas of opinion mining in sub component
technology.
o Information and Security Analysis (ISA) utilizes opinion mining for the analysis of
information as well as security. Information could be analyzed by summarization techniques,
content analysis etc. and security analysis deals with spam detection, fraud detection etc.
Both information and security analysis are generic domain could be applied in any
application sphere of opinion mining for the sake of making results/conclusions more
organized and genuine.
o Market Intelligence (MI) deals with the process of collecting and analyzing information
associated to market analytics and research for good decision making and strategies
conceptualization. With the digitization of market intelligence, numerous data resources are
used to get an overall illustration of company's reputation monitoring and its existing market,
consumer needs and priorities, market challenges, struggle/competition, and expansion
competency for fresh and latest products and services. Trend analyzers and researches
utilizes opinion mining as a tool/technique which aids effectual and proficient assessment of
consumer/customer viewpoint. Various areas fall under the umbrella of market intelligence
such as Product/Service Reviews, Market Analysis and Decision Making, Product Service
Quality Improvement etc.
o Business Intelligence (BI) is an industrial science of gathering, analyzing, presenting,
reporting and broadcasting of business information to aid business analysts, executives and
end users with well updating of business decision and conclusions. The goal is to exploit
upcoming opportunities and executes an effective plan of action for its accomplishment.
Opinion Mining helps in strengthening the various activities of business intelligence such as
business process optimization, trend analysis etc. by considering the opinion of different
stakeholders. A new social commerce paradigm has emerged.
o Smart Society Services (SSS) is an integration of various necessities and utilities, required for
the anatomy of an innovative and sustainable society by the use of internet and
communication technologies and digital networks. These services targets to resolve the
social, environmental and economical problems of the present era in view of improving
wellbeing, quality of life, to focus on resource optimization and ultimately to meliorate the
collective intelligence of society. Opinion mining being a powerful concept/technology to
26
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grab the public sentiments, plays an important role in cultivating the foundation of smart
society by contributing the public/audience propensity towards smart services. Some key
areas of smart society services are education sector, banking, healthcare, transportation etc.
o Some examples of their respective field of action are listed in Table 5. The corresponding
field of action for the respective application areas are not limited to the one mentioned over
here. More action fields could be accommodated into the broader category of applications
which is an open scope for this SLR.
Table 5. Opinion Mining Application Areas
Application Area(s)
Field of Action(s)
Voting Advisor
Advocacy & Policy Making
Advocacy Evaluation & Monitoring
Government Intelligence Politics
Detection of Early Warning system
Campaigning
Natural Resource Protection/Environment Utility
Expert Finding
Recommender System
Argument Mapping Software
Sub Component
Technology
Detection of "flames"
Citation Analysis
Collective Intelligence
Automated Content Analysis
Buying a commodity or service
Information
and
Spam Detection
Security Analysis
Automated Summarization
Decision Making Tasks
Product/Service Reviews
Market Analysis and Decision Making
Product Service Quality Improvement
Market Intelligence
Ads Placement
Reputation Monitoring
Stock Exchange
Business Process Optimization
Business Intelligence
Automated Trading System
Trend Prediction in Sales
Banking
Education
Health Care
Smart Society Services
Sports
Tourism Industry
Resource Optimization

Techniques of Opinion Mining
o Opinion mining techniques can be broadly divided into following approaches:
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o Machine Learning Based Approaches which implement machine learning algorithms that
can learn from data and helps in predictive analysis. These can be classified into two
groups: supervised and unsupervised. Supervised approaches apply past learning from
training data to test new data whereas unsupervised approach itself identifies unrevealed
patterns in unlabeled data.
o Lexicon Based Approaches which are based on sentiment thesaurus, a collection of
known and precompiled sentiment terms. The two main approaches for compilation of
opinion lexicon are: dictionary based and corpus based. In dictionary based approach,
manual process is used for creation of a small set of opinion words reflecting their
orientation and gets it enhanced by searching their synonyms and antonyms. Corpus
based approach uses statistical or semantic methods for finding sentiment polarity and
determining words emotional affinity.
o Hybrid Approaches are a combination of both machine learning and lexicon based
approach, collaborated for better performance.
o Concept Based Approaches have been introduced recently & are based on huge
knowledge bases and analyzing the conceptual information associated to natural language
opinion behind the multi-word expressions. Semantic analysis is performed by the use of
web ontologies or semantic networks (Cambria et al., 2013).
Thus, approaches used in opinion mining so far are listed as under (K. Ravi & V. Ravi, 2015),
(Medhat et al., 2014):
 Machine Learning Based
 Supervised Learning
 Decision Tree Classifier
 Rule Based Classifier
 Probabilistic Classifier
 Naive Bayes
 Bayesian Network
 Maximum Entropy
 Linear Classifier
 Support Vector machine
 Neural Network
 Unsupervised Learning
 Meta Classifiers
 Lexicon Based
 Dictionary Based
 Corpus Based
 Statistical
 Semantic
 Hybrid
 Concept Based
 Ontology Based
 Context/ Non Ontology Based
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Table 6 represents opinion mining technique and their respective application area in which it is
used as observed from the selected final studies.
Table 6. Usage of Opinion Mining Techniques in its application areas
Application Area
BI
GI
ISA
MI
SCT
Techniques
Machine Learning
✓
✓
✓
✓
✓
Lexicon Based
✓
✓
✓
✓
Hybrid
✓
✓
✓
Concept Level
✓
✓

SSS

✓
✓
✓
✓

Charts in Figure 8 and 9 depict the percentage of work done in various application areas of
opinion mining and the percentage usage of its techniques/approaches in these application areas.

Figure 8. % Work done in OM Applications

Figure 9. % Work done in OM Techniques

RQ2 How much work has been done in the area of government intelligence using opinion
mining?
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Answer Following are the various field of action in government intelligence application arena
as listed in Table 7 along with their motivation, detail and scope.
Table 7. Literature work in area of Government Intelligence
S. No.

1

2

3

4

5

Author

Cao et al.

Year

2011

De Fortuny
2012
et al.

Publication

Elsevier,
Decision
Support
Systems

Xianghua et
2013
al.

Katakis et
al.

IEEE
Transactions
on
Cybernetics

Makazhano
2014
v et al.

30

Voting
ML
Advisor

Elsevier,
Expert
Politics
Systems with
Applications

Elsevier,
Knowledge
Based
Systems

2014

Technique(s) Used
Field of
Algorithm
Action Name
Used

Politics

Factor
Analysis,
User
Ordinal
Reviews
Logistic
Regression

KDD,
Hybrid Lexicon
based

News
articles

NB, KNN,
SVM,LDA,
Hybrid
Blogs
Hownet
Lexicon

Voting
ML
Advisor

Social
Network
Analysis and Politics
Mining

Dataset Used
Scope

Source

Motivation

Online user reviews
are
effective
on
product sales and
consumer
decisionmaking.
The
CNET
“helpfulness” property
Download.c of online user reviews
om
aids consumers to
manage with the huge
amount of information
available on Web and
promotes
decisionmaking.
Manual analysis of
contrasting
and
evaluating opinions for
large amount of online
All major available articles is
Flemish
troublesome
job.
newspapers Requisite
is
to
in 2011
overcome the method
by automating the
process.

2000SINA-Blog
dataset,
300-SINABlog
dataset

Preferenc
Dimensiona
e Matcher www.prefer
lity
research encematche
Reduction
Consortiu r.org
PCA
m

With the development
of
communication
technologies,
social
media
provides
a
platform
to
share
public sentiment and
ideas over any topic.
Manual analysis of
these online reviews is
becoming difficult due
to exponential rise in
their number. Hence,
objective is to make
the process convenient.
To provide voting
advice to the users of
social voting advice
applications
is
required.

To understand users
political
preference
prediction problem on
SVM Logic Twitter
Twitter network by
Regression Election
forming contextual and
Hybrid Model
Commissi Twitter API behavioral
features
Sentistrengt on of
based
prediction
h
Pakistan
models.
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Details and Scope
This paper investigates how
the features of online user
reviews effects on the number
of helpfulness votes received.
Basic, stylistic and semantic
are the three characteristics.
Latest reviews inclined to be
more precise and complete as
they
consider
previews
reviews, therefore receive
more helpfulness vote.

In this paper, newspapers are
compared on specific topics in
order to help political parties
in decision making by
proposing a framework based
on
text-mining.
Online
dashboard updates Regular
update of stats in real time by
online dashboard promote
above process. Future vision
is to apply the framework over
American presidential race.
A trained LDA model is used
for opinion mining of Chinese
social
reviews
for
identification
of
sliding
windows topic. How Net
lexicon is used to analyze the
related sentiment. Proposed
method performs better in
topic
identification
and
sentiment analysis. Future
work targets to use existing
method and compare it with
TSM, JST in different
datasets.
To compare users political
opinion and providing voting
recommendation,
a
new
online tool has been proposed
for social voting advice
application. Future areas are
data privacy and transparency
in voting advice application
recommendation engine.
Users political preference was
predicted from the knowledge
derived from the content
generated and users behavior
during
the
campaign.
Comparison concludes that
during preelection vocal users
are unenthusiastic in their
preference change than silent
users.

6

ElTayeby et
2014
al.

Elsevier,
Procedia
Computer
Science

Campaig
ML
ning

EM

User
Reviews

Twitter

7

Panasyuk et
2014
al.

Elsevier,
Procedia
Computer
Science

Politics

LDA

News
articles

Twitter

8

Rill et al.

2014

Elsevier,
Knowledge
Based
Systems

ML

Politics

Concep Ontology
t level based

Politics

SVM
classifier +
Statistical
Hybrid
sentiment
diffusion
model

9

Kagan et al. 2015

IEEE
Intelligent
Systems

10

Mohammad
2015
et al.

Elsevier,
Information & Voting
ML
Processing
Advisor
Management
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SVM

User
Reviews

Twitter,
Google
Trends

India
Election
Tweet
Database(
IET-DB)

Question
naires,
Amazon,
User
Twitter
Reviews

Social media plays a
vital role in spreading
opinions over many
diversified
subject
matters. Professionals
take advantage of this
data for publicizing
their products and
getting user feedback.
Hence, requirement is
to
group
similar
opinions in to a cluster.
Twitter
being
a
significant
social
networking
site
facilitates
the
identification
of
communities.
Objective
is
to
recognize conflicting
communities.

Social networking sites
are gaining popularity
over the past few
years.
Various
communication
channels are used for
dissemination
of
information. Aim is to
recognize that Twitter
detects the topics faster
than other information
channels.
Requirement is to
forecast the process of
spreading favor or
denial
toward
a
candidate on Twitter
by
implementing
sentiment
diffusion
forecasting.
Social media sites
facilitate the political
parties, candidates and
other stakeholders to
make
their
views
accessible to public
during
elections.
Manual analysis of
opinions is difficult to
acquire an overall
outlook of various
posts relevant to a
particular
event.
Hence, aim is to
automate the process
of analyzing opinions
in electoral tweets.
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This paper inspects effect of
media over grouping of
opinions. EM algorithm is
used for segregating opinions.
Grouping of opinion is done
specific to certain political
topics and their percentage
media impact is calculated.
Future works targets to collect
sentiment from multiple topics
and apply the proposed
framework.
This paper investigates the
usage
of
Twitter
for
determining
This paper addresses how
Twitter can be used for
identifying conflict among
communities
users.
Documents were aggregated
based on topic and community
followed by applying SA to
find
views
of
every
community on individual
topic. Ranking of topic with
opposing views has been
done. Future scope is to find
how the difference level is
used for detection of early
warning system.
PoliTwi, a system is designed
to find upcoming political
topics in Twitter. Identified
topics are broadcasted over
various channels. Results
were compared with Google
Trends and results reflects
Twitter find topics earlier than
other communication channel.

Sentiment score is calculated
for each tweet to analyze
expressed
sentiment
Automatic learning is done for
diffusion estimation model in
order to find how a
phenomenon diffuses over
network.
In this paper, automatic
classifiers
have
been
developed to identify emotion
and purpose labels in electoral
tweets
for
2012
US
presidential election.

11

12

13

14

15

16

17

Cheng et al. 2016

Haselmeyer 2016

Tayal et al. 2016

Adedoyin2016
Olowe et al.

Gull et al.

2016

Singh et al. 2017

O'Leary, D.
2016
E.
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Applied
Intelligence

Quality &
Quantity

AI & Society

Politics

Politics

ICT Express

Elsevier,
Decision
Support
Systems

Politics

Recurrent
NN

Lexico Dictionary
n
based

Campaig
ML
ning

Elsevier,
Expert
Politics
Systems with
Applications

Elsevier,
Procedia
Computer
Science

ML

ML

ML

Advocac
y&
ML
Policy
Making

Advocac
y&
ML
Policy
Making

unigrams

Requirement is to
implement sentiment
parsing based methods
in opinion polling on
Micro
Twitter Sina Chinese public figures
blogging
Weibo
using microblogs.
Websites

SentiWS
[22]

Twitter

-

Objective is to build a
negative
sentiment
dictionary by gathering
fine-grained sentiment
scores
through
crowdcoding.

A sentiment analysis
tool is required for the
estimation of success
rate of campaigns.

Huge amount of public
opinion over social
media like twitter can
Apriori,
be
utilized
for
Association
Sports
computation
of
Rule
and
Twitter
detection and tracking
Limimg,
Politics
of related topics. Aim
TRCM algo
is to apply topic
proposed
detection and tracking
methods for extraction
of valuable content..
Objective is to use
linguistic analysis and
opinion classifiers for
simplifying
opinion
User
mining approach in
NB, SVM
Twitter
Reviews
order to determine
positive, negative and
neutral sentiments for
Pakistan
political
parties.
Public opinion on
social media can act as
Statistical
a
magnitude
of
document
acceptance or rejection
classificatio User
of certain ordinances.
Twitter
n with rule- Reviews
Requirement is to
based
gauge sentiment of
filtering
public
for
the
government policy of
demonetization.
Objective is to analyze
Sept–Oct
the data of a crowd
2014 from sourcing study to
Decision
Canada's PWC's web extract Canada's digital
Trees,
Digital
site
future.
Regression
Compass http://pwcAnalysis
compass.ch
aordix.com/
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This paper uses RNN based
sequence labeling method for
opinion target labeling and
their
corresponding
sentiments. Result concludes
that
jointly
representing
opinion targets and sentiments
make more sense in sentiment
parsing of public figures in
microblogs.
In this paper a German
political language dictionary
has been created specifically
for party statements and
media reports. New sentiment
dictionary can be used in two
applications:
negative
campaigning by parties and
media tone.
In this paper a detailed
analysis of Swachh Bharat
Abhiyan has been computed
by the proposed tool which
extracts data from twitter. The
tool computes weekly and
monthly analysis of campaign
related tweets.
In this paper Transactionbased Rule Change Mining is
applied two domains- sports
(The English FA Cup 2012)
and politics (US Presidential
Elections 2012 and Super
Tuesday 2012). It
performed better on dataset in
the sports domain.

In this paper, information
from
tweets
has
been
extracted by preprocessing of
raw data. Comparison of SVM
and Naive Bayes
has been done for tweets
classification where SVM
outperforms NB.

Indian
government
has
implemented
a
demonetization policy and
opinion mining concludes the
favorable feedback of the
public for the same.

In this paper, relationship of
number of votes and number
of innovated comments has
been validated with respect to
another case study. They
found that the number of votes
is related positively with the
number
of
words
and
magnitude of idea.

The following charts in figure 10, 11 and 12 represent the percentage of work done in various
field actions of government intelligence and the percentage use of opinion mining techniques in
these action areas.

Figure 10. % work done in GI

RQ3 Which (big) data sets are used for opinion mining in government intelligence?
Answer From the above literature review following are the big data sets used for opinion mining
in government intelligence:
User Reviews from CNET, Twitter, Google News Articles from Newspapers, Twitter
Trends, Election India Tweet
Twitter API
Preference Matcher Resort Consortium
Questionnaire from Amazon, Twitter
Micro blogging sites Twitter Sina, Weibo
MyGov.in
Facebook
Citymis application
Sports and politics from Twitter

RQ4 Which techniques of opinion mining have been used in advocacy so far?
Answer Extensive literature review revealed that machine learning and hybrid techniques have
been used in the area of advocacy. Semantic Role Labelling, GATE Tool, Rule based method,
Naive Bayes, Corpus Based, Statistical document classification with rule-based filtering are
some of the approaches applied for opinion mining in advocacy so far.

33

http://www.webology.org/2017/v14n2/a156.pdf

Concept
Level
6%

Hybrid
23%

Machine
Learning
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Lexicon
based
Figure 11. % work done in GI with OM techniques
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Figure 12.2011
Year wise 2012
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Conclusion
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This paper presents a systematic, comprehensive review on the research work done in different
application areas of opinion mining during 2011-2017.The application areas are classified into
six broad domains i.e. Government Intelligence, Market Intelligence, Information and Security
Analysis, Sub Component Technology, Business Intelligence and Smart Society Services. Some
important conclusions have been drawn by answering identified research questions. From the
literature it is clear that Market Intelligence is the major application area of opinion mining while
GI and BI are the least explored ones. Machine learning techniques are mostly used in GI so far
with the maximum number of publication in GI is in the year 2016 till now. Certain research
gaps which are identified in this study are:
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o To understand public opinion and sentiments by a human or machine is a difficult job due
to intricate and ambiguous nature of their verbalization. Therefore, automation of
sentiment extraction from text is a big challenge.
o User generated content are usually briefly written and vernacular in nature with
grammatical and typo mistakes. Therefore, opinion mining in such content is
comparatively difficult than regular texts.
o Due to domain specific characteristics of data, many sentimental words are not used for
expressing opinions. An expression could be positive or neutral in nature although
negative words are used.
o Affordability of opinion mining software are only with organizations and government and
not by citizens due to which content analysis has not been democratized.
o Few efforts have been reported in leveraging big social data for intelligent opinion
mining which is a dynamic field with problems stemming either from the velocity and
volume of data or the variety in application domain.
o There is no standard model or framework exists till date which incorporates opinion
mining in any action field(s) of government intelligence.
o Detection of Early Warning Systems & Advocacy Evaluation & Monitoring are the two
action field(s) which have been least explored in the area of government intelligence.
The study has certain limitations, specifically the restriction of covering four electronic databases
with a manual search of high quality journal or conference papers only. Future study will try to
cover more papers by automating searches.
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