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Abstract: Activities that take place or are influenced as a result of decisions being made are influenced by opinions at the root level. Analysis of opinions 
or sentiment analysis plays a vital role in trying to make as close approximation as possible. This is an extremely important aspect given that carefully 
planned and executed sentiment analyses can yield better and more accurate forecasts in politics as well as in business. At the base level, sentiment 
analysis stems from opinions shared or expressed by individuals and users. In the Internet space that permeates almost every known sphere and area 
of human activity on our planet, data in millions of bytes are posted and shared by individuals on social networking platforms, blogs, product review sites, 
and various other web forums. The potential to harvest such information and analyse the data can yield vital insights into how products, services, political 
personalities, companies, governments, etc. are perceived and viewed. Sentiment Analysis can engage multiple challenges such as accuracy-related 
issues, binary classification problem, data sparsity problem and polarity shift. While there have been various methods that have been postulated and 
developed for sentiment analysis, there yet remains to be an efficient approach in extracting and producing accurate sentiment analysis on a consistent 
basis. Although machine learning algorithms have come a long way, with Naïve Bayes, Support Vector Machine and Maximum Entropy being the 
significant ones to feature prominently in research and mainstream use, sentiment classification by category involving positive and negative sentiments, 
is a topic of research interest in its own right. This paper presents a survey on prominent Sentiment Analysis approaches and methodologies and seeks 
to submit a clear evaluation report upon which grounds for further research can be based. 
 
Index Terms: Machine Learning, Naïve Bayes, Natural Language Processing (NLP), Neural Network, Opinion Mining (OM), Sentiment Analysis (SA), 
Social Media, Support Vector Machine (SVM).   
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1 INTRODUCTION                           
By nature, humans are said to be subjective and often biased 
with preconceived notions. Modern human societies are 
largely influenced by opinions in almost all spheres and 
domain of human civilization. Sentiment Analysis of opinions 
can, therefore, be viewed as an integral tool to analyse the 
mood and prevalent disposition of any sample group of 
individuals concerning any particular product, service, event or 
topic expressed in text form and published on social media 
platforms, blog posts, comments, web reviews, etc. With the 
proliferation of Internet and smart phones even in rural regions 
in underdeveloped countries around the world, opinions and 
reviews can be posted with ease. From the point of view of 
mining such data and opinionated text material, the challenge 
of examining all posts and reviews and assimilating such into 
meaningful orientation can be quite considerable. The idea of 
Sentiment Analysis (SA) has been, therefore, to table a 
summary of opinions segregated into positive, neutral and 
negative reviews based on analyses of texts posted by users 
in assorted digital platforms on the Internet [1] [2]. As an 
investigative approach to individual assessment and 
disposition of individuals towards events, topics, products, 
services, people and organizations, SA ranks as an important 
tool in this field [3].  
 
 
 
 
 
 
 
 
 
 
 
 
 

As a computational study into human attitudes, opinions and 
emotions, Sentiment Analysis (SA) or Opinion Mining (OM) 
ranks as being significant insofar as such human feelings are 
expressed in terms of any entity. An entity can be said to 
represent events, individuals or even topics. To extract 
sentiment, SA uses three terms. These are object and feature, 
opinion holder, and opinion and orientation. Natural Language 
Processing (NLP), text analyses and computational methods 
to automatically extract and classify sentiments from reviews 
posted online form the chief pillars on which SA is based [4]. 
The task of undertaking SA is not easy with several technical 
hurdles that can be thrown in the way. These hurdles can 
range from identifying objects, opinion orientation classification 
through to feature extraction. SA is usually carried out either 
by supervised learning or unsupervised learning techniques. 
Unsupervised learning techniques involve Naïve Bayes, 
Neural Networks and Support Vector Machine design 
approaches. Among these, SVM is considered most 
appropriate for carrying out SA. Assumption investigation, that 
is considered a part of SA, is needed to be carried out at three 
levels involving the aspect level, document level and sentence 
level [4]. SA is also known as opinion extraction, opinion 
mining, effect analysis, sentiment mining, emotion analysis, 
review mining, etc. [5]. Although the terms are synonymous, 
depending on the nature of tasks, their intrinsic meanings and 
definitions may vary ever so slightly [5]. Although, SA and OM 
are terms that are often deemed as interchangeable given 
their inherently common definition root and applicability in the 
real world of studying human attitudes and opinions, some 
researchers are of the view that these are not quite exactly the 
same [6]. Such group of researchers have opined that while 
OM extracts and then helps in analysing human opinions on 
any topic, person, organization, product, service, etc., SA goes 
beyond merely identifying sentiments expressed in text form 
by analysing text extracted. Thus, such select group of 
researchers postulate that the purpose of SA is to detect 
opinions, isolate and identify underlying sentiments and then 
go on to classify polarity of the opinions examined. SA has 
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found global acceptance as an important tool in analysing data 
to help predict election results [7], forecast stock market 
positions of businesses [8] and help estimate sales of products 
across diverse market conditions [9]. In conducting SA, it is 
often assumed that the data analysed would have opinions 
expressed explicitly. In most cases, however, only facts and, 
as such, objective information only is presented in documents 
that are being analysed. A case in point would be news items. 
In other cases, documents that are assumed to contain 
opinions or sentiments may also include sentences that 
present facts. It becomes clear as such, that the most 
significant feature of SA would be to first identify nature and 
type of sentences in text that is being analysed. Classifying 
sentences in text as either objective or subjective is a key task 
that needs to be performed while conducting a SA. 

 
2   CLASSIFICATION LEVELS 
Sentiment Analysis (SA) is considered a three-layered 
approach. The first of the layers is document based. The 
second being sentence based. The third is the aspect level, 
also considered as word or phrase based. 

 
2.1 Document Level 
In SA, the first level is considered the document level. At this 
level, an entire document is considered as a whole for SA. In 
this treatment for conducting SA, the one making an opinion is 
considered a single source or an individual entity [10]. A 
different aspect of SA at this level has been observed to be 
sentiment regression [11], [12]-[15]. To gauge the extent of 
positive or negative outlook, many researchers have turned to 
using supervised learning to estimate ratings of a document 
[11]. In another study, researchers have proposed a linear-
based combination approach based on polarities observed in 
text documents [10][16]. A major problem observed while 
dealing at document level is at this layer not all sentences 
involving expression of opinions can be deemed as subjective 
sentences. Hence, accuracy of results is dependent on how 
closely each sentence is extracted and analysed individually. 
This method, therefore, promotes the rate at which subjective 
sentences can be extracted for the purpose of SA over 
objective sentences that can be set aside. Research in SA 
techniques often place major thrust and emphasis at the 
sentence level. 
 
2.2 Sentence Level 
Research studies abound on classifying and analysing each 
sentence in a document or piece of text as either objective or 
subjective ones. In one example, the authors [17] propose 
conducting SA on subjective sentences alone following 
classification. As a tool for detecting subjective sentences, 
machine learning has been an asset for researchers and 
scholars in this field. In one study [18], the authors have 
proposed a model based on logarithmic probability rate and a 
number of root terms to form the basis of scorecard for 
categorization of each subjective sentence classified. In 
another paper [19], research scholars have postulated a model 
that takes into account sentiments of all terms in each 
sentence to formulate an overall sentiment for a sentence that 
is under consideration. SA at sentiment level is not without its 
own shortcomings. There may be objective sentences that 
may actually have sentiments not detected. An example of 
such a sentence could be: ―I bought a table from a reputed 
online store only to find that its legs are not stable enough.‖ 

This is a typical example of what a review could be like posted 
on any of the prominent online retail websites. While the 
sentence presents certain facts or observations, it also infuses 
a sentiment indirectly. The reviewer or poster of the comment 
has aired a negative outlook. To offset such kind of SA 
challenges, analyses at word or phrase level need to be 
conducted. 
 
2.3 Aspect Level 
Aspect Level SA aims at addressing the shortcomings of 
document and sentence levels of SA. Fine-grained control can 
be exercise with the help of SA. The target focus of aspect 
level SA is to examine opinion in critically and exclusively. 
Aspect level SA assumes that an opinion can only be one 
among positive, neutral, negative or an outright objective 
sentiment expressed [20][21]. If one were to consider the 
sentence ―Telephone call quality of Sony phones are 
remarkable save and except for the quality of battery‖, two 
statements are immediately apparent. The first being that the 
call quality of Sony phones is good, while that of battery is not 
so much. This approach, therefore, enables turning 
unstructured content into organized form of information that 
can be subjected to a range of subjective and quantitative 
experiments. Such finer degree of SA is mostly beyond the 
scope of document and sentence level analyses. 

 
3 SENTIMENT CLASSIFICATION TECHNIQUES 
Sentiment classification techniques can be segregated into 
three categories (Fig. 1.). These are machine learning, 
lexicon-based and hybrid approaches [22]. The first of these 
techniques involve popular machine learning (ML) algorithms 
and involves using linguistic features. The second involves 
analyses through a collection of sentiment terms that are 
precompiled into sentiment lexicon. This is further divided into 
dictionary- and corpus-based approaches that use semantic or 
statistical methods to gauge the extent of polarity of sentiment. 
The hybrid approach involves combining ML and lexicon-
based approaches. The following illustration aims at providing 
an insight into more popular algorithms used in sentiment 
classification techniques. 
 
3.1 Machine Learning Approach 
In machine learning approach, machine learning (ML) 
algorithms are used almost exclusively and extensively to 
conduct SA. ML algorithms are used on conjunction with 
linguistic and syntactic features [23, 24, 25, 26].  

 
3.1.1 Supervised Learning 
Supervised Learning involves datasets that are clearly 
labelled. Such datasets are share with assorted supervised 
learning models [23, 24, 25, 27]. 
 
3.1.1.1 Decision Tree Classifiers 
This type of classifier extends a hierarchical breakdown of 
training data space in which attribute values are used for data 
segregation [28]. This method is predicated or based upon the 
absence or presence of one or more words and is conducted 
recursively until a minimum number of records are registered 
with lead nodes that are used for classification.  
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Fig 1. Sentiment classification techniques. 
 
3.1.1.2 Linear Classification 
Linear classification models involve support vector machine 
(SVM). This is a form of classifier that is focused on 
segregating and isolating direct separators between different 
classes. It also involves neural system [29]. SVM is a form of 
supervised learning model and works chiefly on the principle 
of decision boundaries setup by decision planes. A decision 
plane is defined as a set of objects that are part of a range of 
class memberships.  
 
3.1.1.2.1 Support Vector Machines Classifiers (SVM) 
SVMs have been designed to fundamentally identify and 
isolate linear separators in search space for the purpose of 
categorizing assorted classes. Ideally, text data is considered 
suitable for SVM classification in view of sparse nature 
accorded by text. Since, only a select number of features are 
irrelevant notwithstanding the tendency to be correlated and 
organized into linear distinguishing buckets, text data is often 
considered an ideal candidate for SVM [33]. With the help of 
SVM, a non-linear decision surface can be constructed out of 
original feature space. This can be achieved through mapping 
of data instances in a non-linear fashion to an inner product 
space where classes can be linearly segregated using 
hyperplane [34]. 
 
3.1.1.2.2 Neural Network (NN) 
Neural Networks are constituted of, as the term suggests, by 
neurons as the basic fundamental building block. Inputs to 
neurons are depicted using a vector and denoting word 
frequencies in a document across a line. A set of weights are 
considered for each neuron to enable computation of a 
function of the inputs involved. For boundaries that are non-
linear, multilayer neural networks are employed. These 
multiple layers are used in conjunction with multiple pieces of 
linear boundaries used for approximation of enclosed regions 
involving particular class.  Neuron outputs generated in 
previous layers are used to feed the neurons in subsequent 
layers. The training process, therefore, becomes progressively 
complex as errors are reversing propagated across all layers 
[35, 36]. As shown by the authors [37], SVM and NN can also 
be deployed for classifying relationships that are of personal 
nature in biographical texts. In their research, relations were 
marked as being positive, neutral or unknown between two 
individuals. The case study involved historical information on 

biographies of individual of a given region and year. Their 
research revealed that classifiers showed promising results in 
identifying relations. The research also revealed that training 
set that contained relationships involving surrounding 
individuals, tended to produce more accurate results than a 
training set that involved only a specific individual or an entity.  
In terms of scoring accuracy and as a benchmark of 
practicability, the authors were able to demonstrate that SVM 
and a single layer NN (1-NN) algorithm together were effective 
in attaining highest scores.  
 
3.1.1.3 Rule-based Classifiers 
Data space is modelled with a set of rules in rule-based 
classifiers. On the left-hand side, feature set is expressed in 
disjunctive normal form to denote condition of the feature set 
itself. While on the right hand side, class label is inserted. 
Conditions are usually formulated on basis of presence of 
term. The opposite, or term absence, is not normally invoked 
as it does not project informative behaviour on sparse data. 
Several criteria are used to generate rules and training phases 
create rules based on criteria chosen. The two most common 
are being confidence and support [30]. Support criterion is 
considered to be the number of instances in training data set 
relevant for the rule. Confidence criterion involves conditional 
probability and denotes that the right hand side of the rule is 
satisfactorily met only upon satisfying the left hand side. The 
authors [31] have proposed combined rule algorithms. While 
decision rules and decision trees often involve encoding rules 
in feature space, the latter attempts to reach the goal using a 
hierarchical approach. In a research [32], it was observed that 
a certain path in decision tree can be identified as being 
appropriate for classification rule in a text instance. The 
primary difference between the two is that while decision trees 
involve hierarchical partitioning of data space that is 
considered rigid, the latter is more flexible and can 
accommodate overlapping in decision space. 
 
3.1.1.4 Probabilistic Classifiers 
This type of classifier involves mixing of models to achieve 
classification. This model assumes that every class involved is 
a component of the mixture itself. Each component is a 
generative model that functions as probability sampler of any 
given term for that component. Alternatively, such kinds of 
classifiers are also known as generative classifiers. Three 
important probabilistic classifiers stand out. These are 
Bayesian Network, Naïve Byes, and Maximum Entropy [3, 5, 
39]. 
 
3.1.1.4.1 Naïve Bayes Classifier (NB) 
This form of classification is used almost extensively for 
classifying text documents and conducting SA on such form of 
documents [40][41][42][43]. The technique is founded on a 
probabilistic approach and uses cooperative probabilities of 
specific terms with a text document as an input for 
approximation of probability of a certain group. 
 
3.1.1.4.2 Bayesian Network 
The Naïve Bayes classifier assumes that each and every 
component is complete independent of the other. This enables 
BN to display an acyclic graph that is not only coordinated but 
also relates random variables with edges representing 
dependencies that are in turn conditional. BN approaches and 
examines factors and associations that exist between them. In 
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such manner, an entire probability joint distributed over each 
element can be resolved. Considering that computational 
complexity of BN is expensive in terms of text mining, it is 
sporadically used. 
 
3.1.1.4.3 Maximum Entropy Classifier (ME) 
A type of probabilistic classifier with a place among 
exponential class of models, it does not rely on the 
assumption that components are independent. On the other 
hand, ME is dependent on Principle of Maximum Entropy. It 
selects the model that has the largest entropy. ME classifiers 
find use in applications involving dialect identification, 
assumption investigation, point arrangement, etc. 
 
3.1.2 Unsupervised Techniques 
In this form of approach, classification of sentiment is achieved 
through comparison. Component comparisons take place 
involving word lexicons that are assigned sentiment values 
before use [3, 44]. The more popular forms of such group of 
techniques are hierarchical and partial clustering [45, 46]. 
 
3.2 Lexicon-based Approach 
This kind of approach involves determination of polarity by 
employing opinion words from sentiment dictionary and 
matches those with data. Such an approach marks sentiment 
scores to indicate positive, negative or objective types of 
words. Lexicon-based approaches are dependent on 
sentiment of lexicon involving a set of precompiled and known 
sentiment phrases, terms and idioms. Two forms of sub-
classifications exist for this type of approach. These are 
discussed in subsequent sections. 
 
3.2.1 Dictionary-based Approach 
In this approach, arrangement of words is made possible 
through manual approach involving a group of instructions that 
are known beforehand. The conclusion set is generated by 
looking up a notable corpus – WordNet, for appropriate words 
and antonyms relevant for the SA [14, 15]. The process is 
iterative and stops only when no new words are detected. 
Else, subsequent iterations follow when words are 
progressively appended to seed list. After the process stops, a 
manual appraisal is conducted to evaluate and correct errors. 
However, this approach is not without its flaws as it is often 
unable to detect in certain circumstances involving specific 
introductions or words with spaces [48, 49]. 
 
3.2.2 Corpus-Based 
This approach involves dictionaries specific to given domain. 
The dictionaries are produced on the basis of seeds of opinion 
terms that grow out of search for related words through use of 
statistical or semantic procedures. 
 
3.3 Combination or Hybrid Method 
Aside from involving individual ML approaches or Lexicon-
based approach that has been described earlier, there are 
select few research techniques that involve a mixture of both. 
The improved Naïve Bayes and SVM algorithms find frequent 
mention in research studies [50]. To narrow the gap between 
positive and negative, feature selections such as unigrams 
and bigrams are often used. Studies have shown that 
combination of ML and dictionary-based methods can 
significantly improve the level of classification of sentiments. 

 

 
 

Fig 2. Application of sentiment analysis. 

 
4 APPLICATION OF SENTIMENT ANALYSIS 
Applications for SA are wide-ranging. SA can be used in cases 
involving politics, product reviews, cinema reviews, social 
media posts and much more [5, 20, 39]. The fig. 2 shows the 
form of application of SA in the context of reviews of cinemas 
[20]. In a broader and more global context, SA has been thrust 
into limelight because of the potential to gauge more 
accurately and extensively data that can be harvested from 
social media platforms, e.g., Twitter, Facebook, LinkedIn, etc. 
[39]. 

 
5 LITERATURE REVIEW 
Kouloumpis et al. [51] highlighted the efficacy of existing 
lexical resources and linguistic features for conduct SA on 
Twitter messages and similar micro-blogging posts. The 
researchers postulated that micro-blogging is more relevant 
and appropriate in comparison to part-of-speech features and 
those belonging to existing sentiment lexicon. The authors 
concluded that inclusion of microblogging features is not likely 
to augment training data. Hybrid classification was also found 
to be more relevant and showed promising results in another 
research [52] involving rule-based classification and 
supervised learning processes. In the context of natural 
language processing (NLP), SA has grown in stature as one of 
the most researched topics since the turn of the century [53, 
54]. Researchers have been constantly examining sentences 
and assorted types to streamline SA methods. Concept level 
SA system (psenti) as has been postulated by Mudinas et. al. 
have been shown to be more effective than lexicon-based 
system [55]. Results obtained from their research reveal that 
hybrid approach is considerably more efficient and returned 
more accurate results. In their research [12], Tripathy et. al. 
proposed four ML algorithms for sentiment classification. 
These were Naïve Bayes, Maximum Entropy, Stochastic 
Gradient Descent and Support Vector Machine. Their research 
demonstrated that accuracy can be achieved through 
progressive classification. Their research was conducted on 
popular movie review website – IMDB. Deploying an n-gram 
approach, the authors were able to produce consistent high 
accuracy using a combination of TF-IDF and count vectorizer 
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technique. To counter the problem of words and punctuation 
symbols that although were understandable to humans, had 
no formal definition in the English lexicon, the authors 
developed a new list of such words to assist in SA. Mitchel et 
al. modeled sentiment detection in their research paper. The 
focus of their work was to show applicability of sentiment 
detection as a problem that involved sequence tagging [56]. 
Their work was expanded upon by later research work [57] 
that examined embedding of words and automated 
combination of features through neural networks. Arun et. al. 
proceeded to conduct SA on tweets involving demonetization 
in Indian economy. Their research approach [58] was to 
extract data from Twitter and convert such into text. This text 
was to act as input dataset. SA was then performed following 
removal of stop words so that determination of polarity of the 
words could be carried out and the actual tweets, therefore, 
could be identified as either positive or negative. A new 
method was postulated for SA on demonetization and its 
subsequent effects and the wave of public opinion that it had 
unleashed. Bigrams, data cleaning, polarity, sentiment scores 
and graphical methods were all used in the research. In 
conducting a comparative analysis of assorted approaches for 
SA and topic detection, researchers [59] examined a collection 
of tweets in Spanish. Lemmatizers, stemmers, n-grams, 
negations, valence shifters, Twitter hashtags and semantics 
were explored and presented in a detailed study. The authors 
opined that lack of context and extreme short nature of text 
involved, tweets are difficult to make clear assessment of. In 
another research study involving e-commerce and online 
product reviews, the authors [60] stated that public opinions 
and those of buyers of products sold on online retail platforms 
would have far-reaching significance in terms of profitability 
and economic viability. As such, entrepreneurs and 
enterprises invest in opinion mining and SA to work out ways 
to stay ahead of the competition. The authors use fuzzy rule-
based systems (FRBS) with Mamdani and Takagi Sugeno 
Kang (TSK) models deployed in FRBAS R package. The 
authors go on to compare these models with alternate 
classification techniques and grade them on the lines of 
precision, recall, f-measure, performance and accuracy. 
Exploring the feasibility and efficacy of SA in the context of 
Arabic tweets, the authors [61] have observed that there is a 
significant lack of resources to carry out SA in Arabic. The 
authors conducted their research using Jordanian Arabic 
tweets and examined such using a range of supervised ML 
approaches. Their research revealed that SVM classifier with 
TF-IDF and bigrams was comparatively better than Naïve 
Bayesian one. For their experiment, the authors had collected 
close to a couple of thousand Arabic tweets posted in 
Jordanian dialect. The two ML algorithms of SVM and NB 
were then run using a range of ngrams with varying weighting 
schemes and following application of stemming techniques. In 
conclusion, the authors observed that SVM classifier using 
stemmer and TF-IDF weighing than any other known Arabic 
SA research observations. A novel approach was adopted by 
Socher et. al. when the authors [62] proposed a semi-
supervised recursive auto-encoding approach for forecasting 
sentiment distributions without the benefit of sentiment lexica 
or rules that involved shifting of polarity. In their paper [63], the 
authors proposed recursive neural tensor network (RNTN) to 
analyse and discern phrases and sentences of varying length. 
In another paper [64], an alternative form of sentiment 
classification was proposed to analyse sentences of different 

lengths and words. While hyper parameter tuning for word 
vectors has been the research of choice [65], deep recursive 
neural network (DRNN) has been selected by the authors [66] 
for conducting sentiment classification assignments. 
Interestingly, the authors [1] postulate that for obtaining 
improved classification results, larger datasets involving crowd 
sourcing and semi-supervised learning held far greater 
potential. The authors used Naïve Bayes, Support Vector 
Machine and K-Nearest Neighbour to conduct comparison 
tests. Their experiments revealed that while SVM was most 
useful in turning in highest precision, it was KNN that achieved 
highest recall consistently. 

 
6 CONCLUSION 
Sentiment Analysis is now by and large considered to be 
critical in terms of socio-economic standpoint. Understanding 
SA and examining the methods that can help achieve 
accuracy in a wide variety of input formats is critical for 
businesses, institutions and individuals to survive and 
succeed. This survey paper presents the applications and 
challenges that lie ahead of sentiment classification in single 
and cross domains. Before SA can be conducted, subjectivity 
analysis, negation handling and polarity classification are 
required to be conducted. This paper also discusses selected 
supervised and unsupervised methods that are of significance. 
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