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Abstract: The effective method of extracting huge amount of expressions & emotions from the 
consumers is the SA. Achieving the visions into emotions to change the factors of personal 
improvement are the crucial components aimed at holistic improvement and SA might be very 
useful for such procedure. The substantial improvement of SA in AI acts as important role in 
polarity detection procedure. It delivers an important opportunity regarding the sentiments 
capturing of customers, common public relating to diverse parameters such as political 
movements, product choices, social events and many more. It will be one of existing solutions in 
the procedure of processing the natural language. The emergence of social media & ICT 
networks turned to be best platform for allowing the fast exchange of expressions, viewpoints. 
And there is a remarkable improvement in field of SA & affective computing which provides 
leverage regarding interaction of human-system, signal processing of multimodal and retrieval of 
information regarding diverse amount of social-data. In this paper, the nomenclature of learning 
dimensions in SA is explored. The diverse methods utilized for SA are examined for executing 
the assessment study and evaluate the resourcefulness and effectiveness of former works in this 
field. Our contribution will also assist future researchers for understanding the contemporary 
gaps in SA literature.  

Key words: Hybrid approaches, Sentiment analysis, NLP, Machine learning model, Latent 
Dirichlet Allocation. 

1 INTRODUCTION 

The fast growth related to the text generated by the user over the internet made the automatic 
mining of maximum required information from various documents for attaining broad attraction 
from various authors in diverse sections and specifically the language processors (NLP) group. 
The work [1] presents that SA is one among them and the objective of SA is computational 
treatment that usually treats the expressions.  

The practice of opinion mining examines and classifies the subjective sentiments, 
emotions and opinions of the individual towards products, organizations, individuals and other 
types of the topics are stated in contributions [2], which are represented in the text such as tweets 
in the form of reviews [5], blogs [7], points out [3], news [6], forums [4]. The work [8] presents 
that the end users credible information will be estimated by the SA.  
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Over past several years, in this domain, the research has become familiar both in 
academia and industry. The causes behind the occurrence might got in diverse groups of 
implementations intended for detecting opinions from diverse sources [9], [10] like emotional 
responses of the social media users for emerging novel stories [11]. Basically, the opinion 
mining delivers both users and researchers with the opportunity of evaluating voluminous data 
chunks in the form which is highly effective & also precise. Nevertheless, simplistic methods 
such as comparing happenings of positive & negative related to text that were in specifically 
insufficient because of contrast in the resulting keywords driven managers of data where the 
word incidence always provides high evidence related to specified document [1] topicality. This 
will be brought by fact that internet users might be creative in expressing their emotions and 
opinions.  

The work [12] presents that it is remarkable that diverse types of parameters are 
impacting the SA. They usually involve typical amount of the words, which is a typical confine 
of blog posts & tweets, the domain framework and language.  

The work [13] presents that the SA possess 3 tasks that generally involves feature 
extraction, classification, feature selection. The feature extraction usually generates different 
depiction of plain documents of text referred as features. Moreover, the feature selection besides 
chooses the features filtering to achieve highly related features for the specified topic. Lastly, the 
classifier called machine learning utilizes the attributes for classifying the sources of data.  

The work [1], [2] presents that several researchers established that comparing of other 
categorization of text activities such as classification of topic, the categorization of sentiment is 
challenging highly. And this brought by fact that the sentiments were expressed always in 
several indirect ways such as irony [14]. The work [15] presents that other limitation contains 
dependence of domain and this will be brought by fact that different expression of sentiments are 
deployed often in diverse environments. Subsequently, the model learning from one environment 
can have weak performance when compared with other environments because of sentiment 
expressions uniqueness and ambiguity related to the trained and targeted domains.  

Contemporarily, there were several reviews [16], [2] that are connected to fusion of 
information, opinion mining and SA. In contrast, the SA content is usually not comprehensive 
highly. The work [4] presents that existing reviews usually looked into contributions of research 
that are connected towards classification of sentiment by the machine learning & sentiment 
lexicons models.  

In this paper, the important contribution involves taxonomy of different dimensions of 
learning and lexicon utilization schemes in association to context & objectives of contemporary 
contributions when comes to the SA. Moreover, the paper usually explores open issues and 
challenges when comes to SA. The paper introduces methods for different ranges and opinion 
mining settings and other updated topics. And the paper also delivers some contemporary 
contribution such as deep learning aimed at the opinion mining.  
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2 NOMENCLATURE 

The contribution which has been depicted in [2] represented the opinion as five folds. They 
include:  

a. Entity (E) [17] like an organization, an individual, a product, an event, a service, or a 
concept, 

b. Entity aspect (A) such as the efficiency of the given product, person or that of a given 
organization, service quality or the result of a given event,  

c. The sentiment (S) like negative, positive, rated, neutral, or ranked linked to the entity’s 
aspect  

d. Representatives like a reviewer, a customer, or decision maker holding the opinion (H) 
e. Opinion articulated time (T) which is denoting the period of time when the opinion is 

presented. 

Regarding this definition, it is highly significant to point out that sentiment analysis’ main 
objective generally discovers the five folds that further categorize in order to depict the general 
opinion of the representatives that are target. A huge chunk of the approaches of sentiment 
analysis which are depicted in the contemporary literature are generally machine-learning 
approaches that emphasized on the first four of the quintuple (fivefold) description that has been 
provided above.  

2.1 Sentiment Analysis Perspective 
Sentiment analysis may be carried out at three levels of the corpus. They include document, 
sentence, as well as the aspect level as pointed out by [2]. It is also worth pointing out that the 
document-stage generally classifies the entire opinion document which expresses a negative or a 
positive sentiment. At the same time, the sentence level classification is beneficial to conclude 
the state of the opinion is positive, negative or neutral. But, aspect level classification process 
generally focuses on every sentiment expression which is present in a given document, as well as 
the dimension to that it is referring. In the course of this research, concentration has generally 
been made on the document-stage sentiment. 

It is worth pointing out that the context of Documents in opinion mining, which generally 
involves the job of mining total sentiment polarities of particular files, like feedback of products, 
reviews of movies, tweets, as well as blogs. With respect to text classification point of view, 
opinion-mining in the context of documents may be deemed to be a specific condition which 
takes into consideration sentiments instead of the topics. On the contrary, whereas topic-based 
classification has generally attained high levels of accuracy, the opinion mining in the context of 
documents generally meets a situation which is highly complicated as pointed out by [18]. 

Opinion mining in the pretext of phrases and sentences is almost same as the sequence of 
opinion mining in the context of documents, which is due to the fact that sentences might be 
deemed as individual documents. It is worth pointing out that subjectivity categorization is 
generally the other major problem which is encountered at the binary classification of sentences 
as subjective or objective. 
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The document, as well as opinion mining in the context of sentences, offer highly useful 
information in several application scenes. On the contrary, highly comprehensive information is 
vital for the other applications which are generally deemed to be highly progressive. Aspect-
based opinion mining has generally been suggested to determine different details in texts which 
are highly opinionated. 

The context of aspects in opinion mining largely as certain the first three elements which 
include: aspect, entity, as well as sentiment. For the online product reviews, entities are explicit 
and numerous facets of the entity with the alike opinions have to be revealed. The major 
objectives of opinion mining under context of aspects involve the discovery of precise targets 
with similar sentiment polarities. As a result, it is generally grouped into two sub-tasks: 
sentiment classification as well as target extraction. Complications when it comes to the context 
of aspects in sentiment analysis comprise intricate expression of the opinion, as well as aspects 
with no annotated corpora. The former needs highly sophisticated tools while the latter generally 
resorts to unsupervised approaches as well as semi-unsupervised tools.  

2.2 Various Methods of Sentiment Analysis  
Sentiment analysis approaches at any of the levels is falling into one of the two groups referred 
to as corpus-based approaches as well as lexicon based approaches. 

It is worth pointing out that a sentiment lexicon entails some phrases and words, which 
are capable of expressing negative or positive sentiments, however, sentiment lexicons alone are 
not adequate as they are reflecting ambiguity, which since, the positive sentiment lexicons often 
used as sarcasm in negative opinions. The scores point out whether the sentiment phrases are 
either negative or positive, the intensity, as well as the emotional orientations of the sentiment 
phrases.  

According to [19], a corpus-based technique generally offers training to classifiers on 
labelled corpus. In the corpus-based technique which always denotes as ML technique-based 
approach, texts are assessed as bags of words, transformed into numerous features, as well as a 
ML tool such as SVM, NB algorithm, and the Decision Tree (DT) is used when the classification 
is being done as pointed out by [20]. Classifiers require training for the establishment of the 
polarities of the approaching texts. On the other hand, the needs of the presented database are not 
easily satisfied.  

The computer aided methods of opinion mining are considerably fall in to machine 
learning category such as such as Maximum Entropy Naive Bayes [21], and Support VMs [22]. 
These methods initially perform learning to acquire the knowledge of the significant associations 
and patterns of the target features in regard to the labels assigned to the records given as input the 
corresponding training phase. The information that is gained is saved and it is subsequently used 
in unseen text in the testing phase or in the application phase so as to establish the category 
which is the most appropriate. 

Supervised learning based techniques are capable of adapting to newer cases, delivering 
very high performance; it however illustrates various constraints like cost of labelling data, as 
well as the time which is needed in building the model. 
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2.3 Database Oriented or ML Technique Oriented Sentiment Analysis 
The methods classified into database based training methods are widely classified into three 
groups which include: unsupervised, supervised, as well as semi-supervised strategies of 
learning.  

2.3.1 Supervised Learning Methods 
Learning from the features of the given labelled records is the process of the supervised learning. 
At the same time, it is generally trained to be in a position to gain a highly reasonable output 
which is beneficial when decisions are being made as pointed out by [23]. 

Supervised learning techniques general rely on existence of the categorized learning documents. 
Supervised learning techniques are broadly falling into various types which include: Linear 
learning, Probabilistic training, tree-based training as well as Rule-based learning. 

It is worth pointing out that probabilistic classification models utilize hybrid approaches 
when classifying. The hybrid approach presents that the given labelled data is used train more 
than one classifier and performs predictive analysis on the dataset of unlabelled records given as 
input, which is further concludes the label of each record of the given dataset using novel 
standard of statistics on the results of the all classifiers combined under hybrid approach. This 
hybridization of multiple classifiers to perform classification process often termed as generative 
classification approaches. 

It should also be noted that the linear learning makes it easy for classification decision by 
combining the features in linear format. The features of an object are also referred to as feature 
values and they are generally presented to the machine in a vector referred to as feature vector. 

The method Tree-based learning [23] generally permits categorized breakdown of 
learning information based on the covariance of the feature value is utilized for the division of 
data. The predicate or condition is the absence or the presence of one or additional words. Data 
space is being divided in to a hierarchy, such that the records placed in last level referred as leaf 
nodes. This hierarchy is further used in classification process. 

Rule-based training plays a role in modelling data space as a group of multiple rules. In 
the formulae, the LHS denotes a situation on an attribute group that is presented in disjunctive 
original structure whereas the RHS denotes the class-label based on the presence and absence of 
the certain terms selected as features. However, this strategy is not perceptive due to the fact that 
it is not highly informative in scarce data. 

2.3.2 Unsupervised Learning 
The major aim of the classification of text entails ensuring the classification of documents into a 
given number of categories which are predefined. For that to be effectively accomplished, huge 
numbers of labelled training documents are employed for the learning which is supervised as 
indicated previously. When it comes to text mining , often the given documents as input data are 
unlabelled. Hence the unsupervised learning methods are frequent in regard to text mining. 
Numerous research works have been presented in this area. 
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The contribution that groups the sentences collected from the given input documents, 
which is based on the set of keywords defined [24]. Further, the associability between the 
sentences and the emerged groups will be refined by sentence similarity measure. 

Different from supervised learning, it is worth pointing out that unsupervised learning 
generally does not offer any label data that is quite hard for the whole process. For this kind of 
problem to be solved, different clustering algorithm is always taken into consideration. 
Unsupervised learning is having a very long history as pointed out by A huge chunk of early 
research into the modern deep learning was not only developed but also validated through the 
use of this approach. It is worth pointing out that the appropriate partitioning of the given data by 
the covariance of the values projected for the features is done by the method of unsupervised 
learning. The advantage also forms part of its difficulty. Whereas supervised approaches are 
having clear objectives which can be optimized directly, whereas, the unsupervised learning 
methods relies on proxy activities like density estimation, generation or reconstruction that are 
not directly encouraging highly useful representations for precise tasks. Hence, it is obvious to 
argue that there is considerable scope to contribute novel unsupervised methods, which would be 
aimed at enabling training of highly useful representations. 

It is also worth pointing out that unsupervised learning-based techniques generally learns 
from data without the annotated training data, and performs very well in collaborative learning 
models. On the contrary, it often illustrates Low performance when application is done 
individually. 

2.3.3 Semi-supervised Learning 
A mix of unsupervised and supervised learning always defined as semi-supervised learning 
strategies that always dynamically include new labels to available group of labels or initial 
process of learning generally define labels dynamically and thereafter categorizes the 
information on the basis of labels. Semi-supervised techniques that train classifiers on the 
annotated, as well as on un-annotated datasets in different languages and environments are often 
designed in order to counter the absence of annotated corpora. It is also worth pointing out that in 
fine-tuned stage text mining, superior efforts are needed for obtaining the opinion targets along 
with their associations. It is highly challenging to obtain database comprising evaluated opinion 
data and sentiment polarities. Various unsupervised methods on the basis of LDA [25] are also 
suggested for releasing annotated corpora’s dependence. 

Semi-supervised learning based techniques can also learn from the partially labelled data. 
On the contrary, it is always a demonstration of procedure simplicity and at the same time, it 
generally builds downgraded models from the data that is unlabelled. 

2.4 Ensemble Learning 
Ensemble learning methods have been indicated to enhance machine learning accuracy through 
mixing a wide range of specialized learners. The specialized learners are always learned as 
unique classifiers through the use of different subsets of training data. They are thereafter 
combined so as to make a group of trainers which are having very high accuracy in comparison 
to any single element.  
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Ensemble methods generally play a role in increasing the classifier accuracy rates with 
trade-off of increasing computation time. At the same time, training a bigger number of learners 
may be time-consuming, mainly if the dimensionality of learning database is very high. At the 
same time, ensemble approaches are generally best suited to the domains in which calculation 
complexity is comparatively not important or in which the most probable classifier accuracy 
rates are required. 

Ensemble learning is capable of combining diverse techniques which offer high 
performance at the expense of excess time for building the approach and the large solution area. 

2.5 Domain Specific Learning 
These techniques are widely employed in order to analyse movie reviews’ sentiments [1], micro-
blogs [26] and product reviews [27] among others. In these techniques, categorized sentiment 
databases are needed for training sentiment classifiers as pointed out by [18] and [2]. On the 
contrary, sentiment categorization is widely considered as an issue that depends on the domain 
according to [15]. It is worth pointing out that the sentiment classification model learned trained 
in one environment may not show acceptable performance in other domains every domain is 
having numerous environment-specific sentiment opinions, which are often not included by other 
environments. For instance, in electronics domain, “quick” is a positive word. On the contrary, in 
the Book domain, the word is neutral. The opinion classification model learned in Book context 
does not contain the ability to correctly guess the sentiment of “quick” within Electronics 
domain. Therefore, efficiency of opinion classification models learned in other diversified 
environments is often not inadequate in the target environment as pointed out by [15]. 

One of the natural solutions which can be employed in order to effectively address the 
problem entails learning an environment-specific opinion classification model for each target 
environment via the use of labelled data in the given domain as pointed out by [1]. Nevertheless, 
because there are numerous domains which are always enjoined in internet customer-produced 
information, it is costlier, and at the same time, it also consumes so much time to annotate 
adequate samples for all of them as pointed out in [28]. Additionally, the approach does not 
include the highly essential opinion information in diverse sources. For example, even if typical 
sentiment lexicons may not possess context-specific opinion presentations in the domains that 
are targeted, they are still capable of offering sentiment understanding of the common opinion 
terms, like “worst”, “perfect” as well as “great” as pointed out by [29]. Additionally, though 
diverse domains might be having different domain-specific sentiment expressions, a number of 
same domains are also sharing a huge count of general sentiment terms. For example, “quick” 
can be a favourable term in restaurant environment and also in the Electronics context. Because 
of this, including sentiment data of other contexts into the targeted-environment opinion 
classifier training generates a number of benefits. Additionally, gathering of unlabelled data 
within the target domain can be done easily and cheaply on a large scale basis in comparison to 
the labelled data. Furthermore, to the categorized information of test environment, numerous 
other sources are able to offer highly beneficial sentiment understanding for training the 
classification model for the test domain. 
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2.6 Deep learning 
The learning strategy that reflect multiple dimensionality often referred as Deep learning, which 
is related with various stages of representative training, that has been highly prominent in 
services of computer vision, NLP and speech recognition. 

It can be acknowledged that a number of the highly efficient sentiment analysers are 
often uses neural networks based deep learning approaches [30], [31], which are able learnt from 
the features acquired from the given input. It should be noted that taking feed inputs out of the 
gaze information and utilizing it for enabling deeper training typically looks intriguing. 

The ability of identifying the attributes from the given input is a novel property of the deep 
learning methods in regard to the sentiment analysis. In addition, they portray the richer 
representation abilities, as well as better performance in comparison to the conventional 
attribute-based techniques. The procedure of obtaining information is a major question when it 
comes to the feature-driven techniques. The long-established approaches are capable of yielding 
strong baselines.  

2.7 Sentiment Analysis through Lexicons 
Sentiment terms are engaged in different opinion categorization activities. In addition, 
favourable sentiment terms are utilized for presenting certain states which are desired, whereas 
unfavourable sentiment terms are always employed in expressing some states which are 
undesired. In addition, the combination of phrases and idioms has considered as sentiment 
lexicon. There are three major approaches that can be used in compiling or in collecting the 
opinion word list. In a number of instances, it is frequently integrated with the rest two auto-
configured models that are acting as the final check for avoiding any kind of mistake which are 
brought about by the automated methods. The following subsections provide the two automated 
approaches.  

Sentiment lexicons refer to sets of phrases and words which are linked to numeric scores 
that illustrate the words’ sentiment or emotional orientation. In certain lexicons, like Bing Liu’s 
lexicon [2], each term represents the sentiment polarity as positive or negative. Nevertheless, the 
granularity of the scores often evinced as very high. 

Lexicon approaches generally play a role in determining opinion value of the text on the 
basis of opinion lexicons such that it is non-supervised. A lexicon implies to a glossary of 
opinion sentences and words having their strengths and polarities. For every sentence or 
document, equivalent polarity is impacted by an opinion value that is computed by the presented 
terms, their opinion polarities as well as their strengths. When compared to ML methods, lexicon 
models constantly need only some resources. On the same note, an opinion lexicon can be 
incorporated in ML approaches to build sentiment associated characteristics that are beneficial 
for enhancing the level of performances. 

The methods that are using sentiment lexicons are quite easy to use. However, these 
methods have prominent challenges of the approaches are the fact that they should be built 
repetitively for each scenario. In several scenarios, they always demonstrate downgraded 
performance. 
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2.8 Obtaining Attributes 
Obtaining attributes or “Feature extraction” refers to the procedure which extracts features of 
texts, and it should not be confused with the extraction of the product characteristics. It should be 
noted that breaking down the long phrases of terms can distort the document’s original meaning. 
Altering the word’s sequence or eliminating certain words might even result into the document 
being meaningless. In a bid to compensate for the lost, several types of characteristics are always 
extracted so as to recover a huge chunk of information, like word phrases or single words. The 
classifier employs the features in their analysis. The simplest attributes are each single term 
within the text, and this is generally a general reflection referred to as Bag-Of-Words 
representation. Too much information is always lost given that every structure as well as every 
connection between the words are broken down. Because of this, phrases are incorporated as 
characteristics because they preserve some relations and structure. There are several other 
different attributes, which are explored in esteem to capture many features out of the initial text, 
like Sentiment score tags, Part of Speech tags, as well as Synonym tags. Effective attribute 
extractions are capable of retaining additional information which are contained in the text. It can 
help the classification model in building the correct judgement regarding the document’s 
sentiment. 

N-gram characteristics such as bigrams and unigrams are very common in comparison to 
tag-based features. N-gram features are characters or words. The N is representing the number of 
character or words which are making up for a given attribute. Unigram will be single term, 
whereas bigram is a pair of two words, while trigram is a phrase of 3 words and so on [13]. It 
must be prominent that features, which are based on the tag, denote to words-features that have 
been tagged similar to their Part-of-Speech (POS) [1], Senti word net [32], semantic or scores 
groups [13]. Either the tags may be serving as simple markers for selecting term attributes or the 
tags may generally behave as portion of attributes in the analysis. Numerous contributions of 
contemporary literature indicated that the N-grams generally tend to be widely used effectively 
as primary features [33]. 

3 CONCLUSION 

This paper discussed the SA procedure taxonomy and its dimensions of learning found in 
contemporary literature, particular comparison of methods utilized and potential & possible 
objectives of research for the further research. This paper shows that SA learning dimensions are 
challenging and clarifications were still constrained. The main reason is that it is the task of NLP 
that is intricate because of scarcity of the prototype for depicting the semantics. Therefore, it will 
be obvious for concluding that SA is possessing possible future research scope and one that is 
showing evolutionary computational scope or the soft computing methods. Further, hybridizing 
the methods to the feature extraction, choose for classifying sentiment is also a potential 
objective of research.  
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