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Abstract:
The emerging field of opinion mining was investigated by Natural Language Processing (NLP)
community for nearly two decades. The growth in this research field has materialized various sub
areas wherein each sub area deals with a different level of research question. This survey is inclined to
feature level opinion mining of online reviews, in which the main purpose is to identify and extract
product features and opinions mentioned in them and to determine the sentiment of each feature.
Special attention is paid towards the significance of ontology towards product recommendations as
future research is focused on utilizing the constructs of the feature concepts and corresponding
relationships from the ontology. The comparative results among different feature extraction
techniques and sentiment classifiers are also provided in order to learn the best performer on the
corpus. Finally, the gaps in the surveyed literature are preseneted and a direction for filling the gaps
are suggested towards making better purchase decisions from E-commerce websites.
Keywords: opinion mining, product features, opinion orientation, sentiment, ontology, better product
recommendations.
1. Introduction
Over the last two decades, the amount of web information has exploded in a rapid way in all
formats of data. The web content is growing at a lightning fast speed. The need for sharing
information among the web users is also increased. The term web 2.0 is coined by Tim O’ Reilly [67]
has this social web as a part of it. Popular web 2.0 online shopping websites like Amazon, Flipkart
and etc., which utilize E-commerce Business-to-Consumer (B2C) business model for conducting
online transactions are contributing to the content development over the web.
The size of the reviews database is getting scaled from time to time due to the E-commerce
websites providing a facility to script consumer opinions. These reviews are regularly fed into the
system and are not useful for certain cross section of people for finding the relevant sources of review
information, and it seems to be a formidable task. This phenomenon paved the way for opinion
mining. The available feature extraction approaches in the literature [6][37][68][70] were extracted
either based on explicit product features or implicit features. Few works [34][69] concentrated on
extracting both kinds of features.
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The current opinion mining approaches are slowed down by major problems such as the
nonexistence of connecting concepts of semantic associations in feature search process. The
researchers [68] have expounded the need of ontology for the extraction of automatic product features
as it is engineered by using product reviews domain which is taken into consideration. The obtained
product features are determined for their sentiments with ontology analysis towards better product
recommendations.
The objective of this work is to study the various opinion mining algorithms and techniques on
product reviews available in current literature with their merits, demerits, and limitations and also to
know about the various performance measures and provide the direction to fill the identified gaps in
the literature.
2. Review based Opinion Mining
Bing Liu defined [1] opinion mining as “given a set of evaluative text documents D that contains
opinions about an object, opinion mining aims to extract components and their corresponding
attributes (features) of the product that were commented on in each document d ∈ D and to determine
whether the comments are positive, negative or neutral”. Opinion mining on online product reviews is
understood as the enhanced information retrieval as it involves learning the features and sentiments by
the machine from the review sentences following the rules of the natural language [1].
2.1 Implications of online reviews in E-commerce field
Online reviews are essential for businesses because more customers rely on the opinions of
others when making their purchase decisions. Reviews also help the business organizations to
perfectly understand the views and opinions of the customers so that they can assess the customer
mind and are successful in serving them. The web applications built on opinion oriented information
access present two major concerns that are to be dealt with. The first is the privacy of the content
gathered in order to know the preferences of the people. These preferences must be kept in mind by
the web application developers as algorithms that are running in the background of web application
personalize the content without the concern of the content holder. This is called as Filter Bubble [3].
Manipulation of online reviews is another dire issue which needs serious concern because mining for
opinions from these kind of reviews often lead to biased results.
3. Review on various explored techniques on opinion mining
Many different algorithms on opinion mining of product reviews were developed in the past
but it remains a complex and challenging task. It is very hard to achieve a generic opinion mining
method that is universally applicable for a broad range of problem domains. A large number of books
and journal publications are available on opinion mining. Exclusive book chapter and book [4, 10],
surveys and review articles [5, 6] are available in the literature.
The standard taxonomy for feature level opinion mining [7] is illustrated in Figure 1 below.
This survey is initially aimed at exploring the impact of statistical methods that are used in natural
language processing approaches, in which supervised approaches and in unsupervised learning
approaches are to extract the product features and opinion words in order to classify the opinions. The
purpose of the survey also encompasses the delineation of using ontology and mining it for automated
and meaningful extraction of product features. Finally it is ended with studying the influence of
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sentiments in recommending the products to the customer and exploiting the constructs of ontology
for providing better recommendations to the customer.

Figure. 1. Standard Taxonomy for feature level opinion mining[7]
The considered taxonomy for this survey is slightly updated according to the requirements of
this thesis. The updated taxonomy for feature level opinion mining is illustrated in Figure 2 below.
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Figure. 2. Considered Taxonomy for feature level opinion mining

3.1 Pre-processing of online reviews
Opinion mining of online reviews starts with the basic and important task of pre-processing.
In the perspective of online reviews, pre-processing involves logical restructuring of the unstructured
reviews. The important pieces of data available in online reviews are product features and opinions. In
order to identify these processing tokens [8] initially the review is tokenized into individual words.
Once the processing tokens were determined, stop words that are compiled from the reviews are
applied to remove the semantically less significant words and frequently occurring articles that have
no value in the feature search. The words after the application of stop list are given to the stemming
algorithm to obtain the standard semantic representation of the word. Once the words are obtained
after optional stemming operation, Parts-of-Speech (PoS) tagging is carried out. This is performed to
identify the word uniquely at the time of extracting the product features and opinions. Stanford LogLinear Maximum Entropy Part-of-Speech tagger framework [9] is utilized to carry out this task. The
PoS tagged words are given as input to the process of feature extraction and opinion extraction. The
research conducted by Liu [10] in 2007 specified that 60% to 70% of the product features are explicit
nouns that are available from the reviews. Pang et al. [11] in 2002 achieved an accuracy of 82.8% in
movie review domains using only adjectives in them. From these findings it is clear that explicit
nouns and adjectives are useful in the feature extraction and opinion extraction.
3.2 Feature Extraction Approaches
Feature (aspect) level opinion mining aims at obtaining the features from the unstructured
reviews and finding the opinion orientation of the feature. This analysis reveals the impressions of the
users about the product whether they are enchanted by the product or otherwise. Based on the
literature [6] available, feature extraction approaches are primarily divided into three ways. These are
namely developing natural language rules, using sequence models and using topic models.
3.2.1 Developing natural language rules
Natural language rule based methods have an extensive history of practice in information
extraction. The rules are based on background patterns which confine to various properties of one or
more terms and their relations in the sentences. The natural language rules are further classified into
two categories. These are specifically frequency based methods and relation based methods.
Frequency based methods
A feature is expressed either by a noun, adjective, verb or adverb. In reviews, people tend to
talk about features which suggest that features are frequent nouns but all frequent nouns are not
features. Hu and Liu used [12] Apriori algorithm to extract product features using nouns & noun
phrases. Some of the infrequent features were also identified. Blair-Goldensohn et al. improved [13]
the Hu and Liu [12] approach by considering those noun phrases that are in sentiment bearing
sentences. WordNet is used [14] to build sentiment lexicon and orientation is based on Maximum
Entropy [15] (ME) classifier. Popescu et al. developed [2] OPINE tool to extract common patterns to
identify potential features from online reviews. The potential features are the explicit features
identified by OPINE. OPINE uses information system named KnowItAll to find frequent noun
phrases that contain the product features in them. The idea of mining frequent nouns and noun
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phrases as product features is simple and more effective. The limitations with frequency based
techniques are those which produce too many non-features and avoid low frequency features which
are the actual features.
Relation based methods
The relationship patterns among the product features and the corresponding sentiments are
learned from the training data. The learned templates are applied on the test data to extract the product
features from the reviews. Dependency relations are the grammatical relations in a sentence. These
relations are used to relate the features and the opinions in a review sentence. Zhuang et al. worked
[16] on the idea of dependency relation to extract the features from online movie reviews. The typed
dependencies used for feature extraction in this work are specified by Marie-Catherine and
Christopher Manning [17]. The unigram words in the review sentences are merely identified. Wu et
al. improved [18] the work of Zhuang et al. [16] wherein the phrases in the review sentences were
related instead of considering the relations to the word level. This method never considered the
association between the features and opinion words. Wang and Wang proposed [34] an algorithm to
identify and to extract the product features and opinion words in the simultaneous manner. They used
seed opinion words to bootstrap the feature extraction process from the collection of reviews. The
idea of modifying the orientation of the product features using opinion words was not concentrated in
that work. Qiu et al. suggested [21] an algorithm which is the improvement over Wang and Wang [34]
approach. The suggested algorithm is termed as Double Propagation. It works on the piece of
information that opinion words are used to modify the orientation of the product feature. The ability
to find low frequency product features that are the actual features is the potential advantage of the
relation based methods. The major drawback of these methods is that they produce many non-features
which would match up with learned patterns.
3.2.2 Sequence models
Sequence models were extensively used in information extraction tasks. The feature
extraction task is deemed to be a sequence labeling task because the features and opinion words are
often dependent on each other and occur in a sequence in the review.
There are two sequence
models namely Hidden Markov Model (HMM) [22] and Conditional Random Fields (CRF) [23]. Jin
et al. extended [24] basic HMM. They added Part of Speech (PoS) data to the observations to extract
the hidden word as a component or a function or an entity which is understood as the product feature.
Low precision was achieved due to the need for more ground truth data for training. Jakob and
Gurevych utilized [25] the concept of linear chain CRF and extracted features from sentences. They
considered the following things for identifying the hidden state: the word or the token, PoS tag, short
dependency path and the word distance from Inside-Outside-Beginning (IOB) labeling scheme. This
approach is not worked well for long distance dependencies having conjunctions in the review
sentences. Fangtao et al. proposed [26] Skip-Tree CRF approach to overcome the problem faced in
Jakob and Gurevych [25] work. This method skips the conjunctions using the conjunction structure
and syntax tree structure information from training sequence of data to extract product features. The
strength of the supervised learning techniques is that they overcome the frequency based limitations
by learning the model parameters from the training data. The only limitation in these approaches is
that they require huge manually labeled (ground truth) data for training.
3.2.3 Topic models
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Supervised learning requires manually annotated huge size corpus for learning the model
from the algorithm. In unsupervised learning, no prior learning takes place on the corpus. The preprocessed corpus is provided directly as an input to the algorithm and it generates the clusters. Topic
Modeling is an unsupervised learning method that generates topic clusters containing the mixture of
words in the documents.
There are two most important and basic topic models: Probabilistic Latent Semantic Analysis
[27] (PLSA) and Latent Dirichlet Allocation [28] (LDA). PLSA and LDA both use bag-of-words
notation of documents. LDA generates the topics better than PLSA. This is because the LDA
describes about generating topic allocation for the unseen document. Lu et al. proposed [29] a method
for feature detection and grouping in short comments using PLSA Algorithm. In this work, the
researchers implemented both unstructured PLSA and structured PLSA on the phrases in the reviews.
They found that a good number of extracted features were extracted from structured PLSA. Blei et al.
proposed [28] a model to generate latent topics from the underlying document collection (LDA). The
problem with LDA is that it cannot generate local topics. Titov et al. modified [30] the already
proposed model of Blei [28] and extracted the features by sampling the words which are specific to
global and local topics. The researchers named the modified model as Multi-grain Latent Dirichlet
Allocation (MG-LDA). This model lacks the correspondence between features and topics. Titov et al.
extended [31] their MG-LDA model by constructing more coherent model which is named as
MultiAspect Sentiment (MAS) for feature extraction. Owing to low feature rating value, MAS could
not extract some local features. Lin et al. identified [32] features by considering feature distributions
for each sentiment word in their Joint Sentiment/Topic (JST) model. This model never worked for
feature specific sentiment words. Yohan et al. extended [33] JST and identified the product features
of related sentiment word. The researchers named the model as Aspect and Sentiment Unification
Model (ASUM). Topic models require manually labeled data for training. These models perform both
feature extraction and clustering at the same time in an unsupervised manner.
Least percentage of online reviews were expressed in terms of the product feature in the
indirect manner. These features are called as implicit features. The feature indicators which are
present in these reviews help to identify the implied product feature. Wang and Wang identified [34]
implicit features from online reviews by using the property of context association between product
features and opinions. They used a statistical measure named as Revised Mutual Information (RMI)
and deduced the implicit features by learning the property. Qi et al. utilized [35] COP-KMeans
clustering algorithm to cluster and link the compatible product feature and opinion words. The
implicit features were identified from the clusters by finding out the unlinked feature words in the
product feature cluster. Ivan et al. extracted [36] implicit product features by identifying the implicit
feature indicators using CRF classifier first and then extracted the implicit feature using SenticNet
[37] knowledge base service.
3.3 Opinion word extraction approaches
Extracting features from the online reviews is the first part of the opinion mining task. The
second part is to extract the opinion words associated with the extracted features. The task of opinion
extraction is performed by Yi et al. [38]. They collected opinionated words from one of the various
sentiment lexicons namely General Inquirer (GI) [20, 39], Dictionary of Affect of Language (DAL)
[40], and WordNet [16]. They refined the opinion patterns obtained from training dataset by learning
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dependencies among the words in a sentence. The obtained opinion words were added to the
sentiment lexicon. They applied the expanded sentiment lexicon to the extracted subjective sentences
to extract the actual opinion words.
3.4 Opinion word orientation approaches
The third part is to analyze the orientation of the extracted opinion word. This helps in
identifying the number of positive and negative opinions for the features. Opinion orientation or
sentiment classification at feature (word) level were carried out in two ways namely dictionary based
models and corpus based models.
3.4.1 Dictionary based models
Minqing Hu and Bing Liu exploited [41] WordNet bipolar adjective structure to find out the
orientation of the adjectives from the online reviews. Esuli and Sebastiani used [42] the glossary
definitions to learn the opinion bearing word orientation. Esuli and Sebastiani developed [43] a lexical
resource for opinion mining called SentiWordNet 1.0. Baccianella et al. improved [44] the opinion
mining lexical resource and called it as SentiWordNet 3.0. The disadvantage with dictionary based
models is that these dictionaries are not able to find opinion words with domain and context specific
orientations.

3.4.2 Corpus based models
Hatzivassiloglou and Weibe analyzed [45] the conjunctions between adjectives using a log
linear classifier and created adjective clusters of similar orientation for learning opinion word
orientations. Turney classified [46] the sentiment of the reviews using the Semantic Orientation (SO)
of the phrase using Pointwise Mutual Information (PMI) [47]. Turney and Littmann classified [48]
the word level sentiments by calculating the SO of the word using PMI. The
disadvantage
with
corpus based models is that it is hard to prepare a huge corpus to cover all English words.
3.5 Ontology supported feature level sentiment classification – A semantic data mining
approach
Sentiment Classification is a text categorization problem. Text Categorization as given by
Fabrizio Sebastiani [50] is the task of assigning a Boolean value to each pair <dj,ci> Є D * C, where D
is a domain of documents and C is a set of predefined categories. A value of ‘T’ assigned to <d j,ci>
indicates a decision to a file dj under ci , and ‘F’ if not. The review documents are to be categorized for
learning the orientation of the opinion. Ontology based feature level opinion mining allows the
machine to automatically identify the product features and sentiment words. However, the purpose of
ontology in opinion mining is beyond this level of convention requiring it to categorize the reviews
based on the sentiments of the extracted features. This is towards developing the better
recommendation systems. Machine learning algorithms are to be improved in this direction. Ontology
contains abundance of knowledge about a particular domain with the instance data. The mined
knowledge from the improved machine learning algorithms extracts set of rules that are useful for
learning the target concepts. This is called Semantic Data Mining [51]. Semantic Data Mining helps in
target concept learning
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Colace .F et al. provided [52] an approach to automatically extract positive and negative
sentiments with ontological filtering. The word synsets were not considered in the ontology
development. Alberto Salguero and Macarena Espinilla applied [53] an ontology based Description
Logic (DL) class expression learner on the review documents to classify their sentiments. The work
never concentrated on the feature level sentiment classification.
3.6 Recommender Systems in E-Commerce
The recommender systems (RS) are the information filtering systems which deal with the
large amount of information that is dynamically generated based on users preferences, interests and
observed behaviours. These traditional recommender systems fall into three categories. They are;
collaborative filtering based RS, content based RS and knowledge based RS.
The collaborative recommender systems are the most popular and widely implemented
systems. It identifies the users who are similar with the user from whom recommendations are to be
provided. Resnick et al. developed [54] a system called GroupLens to help people to find articles they
are most interested in. Anna Stavrianou and Caroline Brun developed [55] an application to
recommend products based on the opinions and suggestions written in the online product reviews.
The content based recommender systems learns the user profile based on the product feature where
the user has targeted. Lang developed [56] a system called NewsWeeder which uses the words of the
text as the features. Jia Zhou and Tiejian Luo developed [57] a content based recommender system
that views customer shopping history to recommend the similar products based on the similarity
between the product features. The knowledge based recommender systems provide the entity
suggestions based on the deductions from users needs and preferences. The user profile is also
required to provide good product recommendations to the user. Case based reasoning (CBR) is a kind
of knowledge based recommender system. Kolodner used [58] CBR to recommend the restaurants
based on the user’s choice of features. Robin Burke used [59] the FindMe system to recommend the
online products.
3.6.1 Sentiments based product recommendations
Sentiment based product recommendations have gained research importance in the recent
times. Li Chen and Feng Wang proposed [60] a novel explanation interface that fuses the feature
sentiment information into the recommendation content. They also provided the support for multiple
products comparison with respect to similarity using the common feature sentiments. Gurini et al.
proposed [61] friends recommendation technique in Twitter using a novel weighting function which is
called Sentiment-Volume-Objectivity (SVO) that considers both the user interests and sentiments.
Finally, Dong et al. developed [63] a product recommendation strategy that combines both similarity
and sentiments to suggest products.
3.6.2 Ontologies utilization for better product recommendations
The utilization of ontologies for better product recommendations is an emerging research
area. Uzun and Christian developed [64] a semantic extension to FOKUS recommender system. This
extension is capable of integrating contextual and semantic information in the recommendations. Hadi
and Mohammadali introduced [65] a semantic recommendation procedure using ontology on online
products based on the usage patterns of the customers.
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4. Evaluation techniques in opinion mining
Evaluating the review at feature level by a machine is a difficult task because of the diverse
natures of written reviews in the review sites. In this section the metrics used to evaluate the
performance of opinion mining systems and classifiers are discussed.
4.1 Measures in Opinion Mining
Precision
Precision is defined as the fraction of number of retrieved items which are relevant to the
query to the total number of retrieved items.
Precision =

Number _ Re trieved _ Re levant
Number _ Total _ Re trieved

Recall
Recall is defined as the fraction of number of retrieved items which are relevant to the query
to the number of relevant items.
Recall =

Number _ Re trieved _ Re levant
Number _ Possible _ Re levant

F1-score
The definition of F1-score is the harmonic mean of Precision and Recall.
F1-score=

2 * Pr ecision * Re call
Pr ecison  Re call

Table 1 and Table 2 tabulate the results of feature extraction techniques and sentiment classification
models.

Table 1. Comparative results among different feature extraction techniques. Bold face indicates the
best performer on the data
Feature Extraction
Results reported by
No. of reviews Precision (in %) Recall (in %)
Technique
Association Rule
Hu and Liu [14]
4254
72
80
Mining
Static and Dynamic
Blair-Goldensohn et al.
3492
85
66
Aspects learning
[15]
Dependency Grammar
Zhuang et al. [16]
1000
48.3
58.5
Graph
Phrase Dependency
Wu et al. [18]
4254
66.5
65.75
Tree
Double Propagation
Qiu et al. [21]
4334
88
83
CRF
Jacob and Gurevych [25]
2578
64
37.75
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MG-LDA
COP-KMeans
Rules based on
Dependency Grammar
& SenticNet

Ivan and Titov [30]
10000
Works on Implicit features extraction
Qi et al. [35]
18867

90

61.66

78.9

90.73

Cambria et al. [37]

93.25

94.15

4254

Table 2. Sentiment Evaluation metrics applied on various classifiers. Bold face indicates the best
performer on the data
Classifier/System
Type
Results reported by
Evaluation Metric and value in %
Log linear
Regression
Vasileios et al. [45]
Accuracy(Yes label) – 82.05
classifier
Cluster
SO-PMI
Turney and Littman [48]
Accuracy of sentiment classes – 71
Accuracy
SVMLIGHT
NB, SVM
Esuli and Sebastiani [42]
Accuracy – 88.05
The published experimental outcomes that are listed in Table 1 and Table 2 allow attempting
some considerations on the performance of the various feature extraction techniques and the sentiment
classifiers discussed. Careful interpretation of these approaches with respect to the results can help in
drawing interesting conclusions. By comparing the explicit feature extraction techniques on the basis
of the test carried out on the same collection (sub section 4.1), the best performer on the data is found
to be the Double Propagation approach [21] in terms of recall. Ivan and Titov suggested [30] that the
LDA variant is found to be the best performer on the data in terms of precision. By comparing the
techniques used in implicit feature extraction the best performer on the data is found to be Cambria et
al. [37] rule based approach. Ivan and Titov [30] and Esuli and Sebastiani used [42] the SVMLIGHT
system to learn SVM [19] classifier to classify the sentiments of the reviews. Esuli and Sebastiani
considered [42] Kamps [66] WordNet lexical relations dependent data to estimate the accuracy of the
SVM model. Esuli and Sebastiani [42] sentiment classifier works better than all others.
The present works are aimed at extracting explicit and implicit product features from online
reviews, the extraction of product features by improving the traditional topic model, the learning of
semantic rules by mining the ontology and catering the sentiments in the products recommendation
process. There is a need for intelligent discovery of sentiments of the product features by mining the
constructs of the ontology towards improving product recommendations. This helps the users to make
a faster and better decision making while purchase.
5. Conclusions
The speed at which the reviews are increasing rapidly in the review databases has called for a
need to analyze and summarize them for effective opinion visualization and retrieval. Although the
research started in opinion mining about twenty years ago, this field is still observed to be in growing
stage. This survey emphasized various feature extraction approaches using both statistical and
machine learning methods. Also, opinion word extraction and orientation of the extracted opinion
words are reviewed. Ontology support for opinion mining has been studied. The recent works in
learning the polarity of the opinion by mining the ontology is also emphasized. The influence of
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sentiments in recommending the products using recommender systems is also studied. The
suggestions that opinion mining research have provided to the field of E-commerce are highlighted.
For evaluating opinion mining, commonly used measures like precision, recall and F1- score are
frequently used in the research literature. The comparative results in learning the best performer on
the data are also presented. Finally, the problems were identified by highlighting the gaps identified in
the literature.
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