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Abstract

E-commerce is a popular platform for trade of products and services through the In-
ternet. Product reviews play a vital role in e-commerce by influencing the purchasing
decision of customers. As many products have thousands of reviews, it is difficult
to explore and extract useful information from them. We need review exploration
systems to help users quickly explore and comprehend huge volumes of reviews. The
current review exploration systems lack effective means of finding relevant review
and summarizing them. In this thesis, we present three limitations of existing review
exploration systems and propose solutions to address each of the three limitations.

Existing aspect based review summarization systems do not show the semantic
relations that exist between aspects, which is required for proper exploration of re-
views. We address this limitation by showing users an aspect ontology tree, which is
created in an unsupervised manner from reviews, to show the relationship between
aspects and sub-aspects. We then allow users to navigate reviews according to the
aspects of the ontology.

Many of the existing review exploration systems summarize reviews by giving an
average star rating of the reviews, or by finding the number of positive and negative
reviews for each of the aspects. Such summarization methods do not show the ac-
tual opinion words of users, which is crucial to understand what other users like or
don’t like. We address the problem of summarizing reviews by creating informative
and readable tags. We present a novel unsupervised method to generate the top-k
opinionated tags. We also address the problem of tag generation for cold products,
which have only a limited number of reviews and that too, with very limited content.

Finally, we study the problem of stance detection in comparative reviews using
word-embeddings. Online debate sites are popular platforms for users to express and
form opinions. Comparative reviews are very popular as they give a comparison of

different aspects of two competing products. Standard aspect-based summarization

vii



approaches cannot be used for comparative reviews as we need to figure out the target
preference of each of the aspects, which is often not explicitly available in the review
text. We propose an unsupervised approach to summarize comparative reviews by

detecting the stance of users from comparative reviews.
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Chapter 1

Introduction

The rapid expansion of the Internet and internet devices have transformed business,
markets and shopping experience. It has paved the way for e-commerce by facilitat-
ing global trade of products and services. E-commerce includes all businesses that
empower sales and purchase of products or services through the Internet. It provides
a quick, convenient and low-cost marketplace, where customers can buy products and
services just by pressing a few clicks instead of physically going to the market. Ad-
vancements in technologies such as online shopping websites, social network services,
online banking, shopping cart, product tracking, etc., have aided in the success of

e-comimerce.

Over the past decade, e-commerce has grown at an average pace of 19% per
year. E-commerce accounted for 11.9% of global retail sales in 2018 [145]. Figure 1.1
shows some popular e-commerce sites such as Amazon.com, Alibaba.com, Ebay.com,
Flipkart.com, Tripadvisor.com, Netflix.com, etc., each one having millions of users

transacting on a daily basis.
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Figure 1.1: Some popular e-commerce sites.
1.1 Big Data in E-commerce

Due to the massive volume of information available in e-commerce sites, it is diffi-
cult for users to explore and find the right product. Figure 1.2 shows the big data
associated with Amazon.com, one of the most popular e-commerce sites. It has mil-
lions of users, sellers, products and accounts for over $232 billions worth of net sales.
As there are millions of products, e-commerce sites use product navigation systems
to help users find the item of their choice. Product navigation has become quite
easy [138] due to various search interfaces, such as keyword search, auto-completion,

faceted navigation and navigation by category hierarchy.

Considering the wide variety of available products and sellers, users take help of
customer reviews to make an informed decision. Customer reviews generally con-
sist of several lines of text and a numerical rating. Opinion rich reviews provide a
subjective evaluation of the product by acting as word-of-mouth marketing on the

web. Reviews play a vital role in influencing the purchasing decision of customers.
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Figure 1.2: Big Data in Amazon.com.

According to a study conducted by Forbes in 2016, over 88% of online customers
consider product review contents as significantly paramount [41]. Customer reviews
also provide market intelligence to manufacturers. It acts as valuable feedback to
manufacturers about their products and tells which components they need to pay

attention to.

1.2 Review Exploration

Although product exploratory systems are well developed, little work has been done
on review exploration. E-commerce sites provide basic review navigation mechanisms
for exploring reviews [117,179]. For example, they may allow users to sort reviews
based on rating, social interaction such as most helpful votes, or time such as most
recent reviews, etc. Since many products have thousands of reviews, it is hard to
explore all of them. We thus need review exploration systems that can summarize

enormous unstructured reviews in a succinct format and ease the process of reading



reviews.
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Figure 1.3: Aspect-based exploration in Google Products.

“Impressive panoramic feature.”

"It also record better and focus better on sunny days.”
"It has the slightest grip but it's sufficient.”

"Video zoom is choppy.”

"Even better, the battery lasts long.”

"I Love the Sony's 3" screen which | really wanted.”

Search Products

Recent works have been carried out on aspect-based review summarization [125]

where aspects and polarity information are extracted from reviews.

Aspects are

primarily the product features on which users express their opinions. Figures 1.3

and 1.4 show the aspect-based review summarization systems developed by Google

and Microsoft Bing respectively. For a given product, these systems show some

prominent aspects and the number of positive and negative reviews associated with

each aspect. A few sample sentences from reviews may also be shown for each aspect.

Although aspect-based review exploration systems exhibit product aspects and overall

polarity, they do not present the semantic relationship between the aspects.

4
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1.3 Challenges in Review Exploration

1.3.1 Lack of Semantic Relationship between Aspects

Existing systems [21, 34] assume products to have a flat entity-aspect relationship.
They do not consider the relationship between aspects and sub-aspects while creating
aspect-based review exploration system.

Users usually have diverse aspect preferences and each aspect in turn may have
multiple related aspects. For instance, a user who wants to buy a camera may be
interested in good lens quality while another user may be interested in a low-priced
camera. The first user would be interested in reviews containing the aspect lens while
the second user would like to read reviews related to price. Also, it would be helpful
for the first user to read reviews of other aspects related to lens, such as focus, zoom,
shutter and aperture. However, users may be unaware about these related aspects

and further, existing systems do not show such relationship between aspects.

1.3.2 Generating Meaningful Summary

Existing review summarization systems focus on extracting aspects and sentiments
from reviews. However, such systems fail to capture the actual opinion left by users
towards various aspects. Standard topic labeling algorithms [14,161] do not perform
well in summarizing product reviews. Although they perform well in content iden-
tification and categorization, they are not appropriate for summarizing reviews as
many products have few reviews, many of which are short. Tags obtained using topic

labeling algorithms are not easily understandable.

1.3.3 Mining Comparative Reviews

Many of the top helpful reviews are comparative in nature [2,143]. Users express

comparison between two opposing targets and opinions are expressed on either of the



targets. In such settings, it is hard to relate opinions and targets. Most of the existing
works [125,160] focus on mining simple reviews that describe a single product or a
target entity. They do not work well for comparative reviews due to the presence of

multiple targets.

1.4 Approaches

This thesis focuses on building user-friendly review exploration systems. In particular,
three types of review exploration are discussed, each addressing the challenges in the

preceding section.

1.4.1 Exploration of Reviews using Aspect Ontology

Opinion mining is the process of extracting user opinions from textual data and
determining the polarity of extracted opinions. Existing works on opinion mining
focus on sentiment classification [86], which could either focus on an entire review,
on each sentence, or each aspect mentioned in the review. Part-of-speech (POS) tags
with other NLP grammar rules [117,160] are used to extract aspects and opinion
words.

A limitation of existing approaches is that the relationship between different as-
pects remains neglected, such as synonym aspects, hierarchical relationships between
aspects, etc. Instead of the flat aspect structure assumed by extant approaches, it
would be better to present aspects in the form of an ontology. Ontology represents
the hierarchical organization of concepts.

Figure 1.5 shows an illustration of how aspects from reviews can be made un-
derstandable by representing them in the form of an ontology. We propose to build
aspect ontology based on the semantic relationship between the aspects. This would

help to comprehend the relationship between related aspects and sub-aspects. It

7
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Figure 1.5: Aspect arrangement in the form of an ontology.

would also narrow down review search for desired aspects and users can find specific
reviews based on a selected aspect. Such representation would also help users gain a
better understanding of aspects and sub-aspects of a product.

In this thesis, we propose a novel unsupervised approach to create aspect ontology
from reviews. We then use this ontology to create an exploratory search interface
where users can access reviews using the product aspects. Users can view reviews
that talk about an aspect, including its sub-aspects by clicking on any aspect shown

in the Aspect Exploration panel.

1.4.2 Exploration of Reviews using Opinionated Tags

Current review summarization methods, such as star rating, sentiment prediction,
and aspect summary give a quantitative evaluation of the product, but do not show
the fine-grained relationships between aspects and relevant opinion words. Aspects
and opinion words are the key ingredients of a review content.

In this thesis, we propose to generate opinionated tags to summarize product

reviews. User-created tags are popularly used for organizing and summarizing user-



generated contents due to their simplicity in indexing and ease of user participa-
tion. Tags are used in social networking sites, such as Facebook [33], Twitter [153],
YouTube [174], etc., for identifying the content topic, summarizing content, increas-
ing visibility [23], and connecting people with a common interest. However, users do

not provide tags when they write reviews.

Tags generated by existing topic labeling approaches [14,161] are not appropriate
for summarizing reviews as many products have few reviews, a number of which are
short. Tags generated using topic labeling algorithms are not easily understandable.
The generated tags do not show aspect and opinion relationship. We extend conven-
tional topic labeling approaches to generate opinionated tags from reviews and use

the tags to summarize customer reviews.

Existing tags from Amazon.com Proposed approach

Lens Cheap quality lens
Photo Great photo
Camera Small camera
Slow Slow focus
Battery life Long battery life
Level DSLR Entry level DSLR
WiFi No WiFi

Table 1.1: Comparisons of tags generated from Amazon.com and our proposed
approach.

Table 1.1 shows the comparisons of tags shown by Amazon.com and our proposed
approach for a camera. We can see that the tags generated by Amazon.com are
mostly aspects (e.g., lens, photo) and do not provide meaningful information. On the
other hand, the tags generated by our proposed approach (e.g., cheap quality lens,

slow focus) are more informative and readable.

9



1.4.3 Unsupervised Stance Detection in Comparative Re-

views

Many of the top helpful reviews are comparative in nature, where a product is com-
pared with another rival product. Comparative reviews have two opposing targets and
opinions expressed on the targets. Knowing the stance of users can influence people’s
opinions and play an important role in forming public opinion, discourse analysis and
text summarization. However, in such settings, it is hard to relate opinions and tar-
gets. Figure 1.6 shows a comparative review comparing two rival products: Windows

vs. Mac.

Windows vs. Mac

“Everyone knows that Windows is the better operating system
because it has more softwares, more dev support, more everything.
Mac is like the retarded little brother who is too much pampered. It
has Wi-Fi connection problem and lacks gaming support.”

Figure 1.6: An example of a comparative review: Windows vs Mac.

Here, the user expresses her support for Windows and talks about the flaws of
Mac. Since the user writes about both the targets, it is difficult to figure out which
target each aspect supports. Aspects such as operating system, software, dev support
are associated with Windows, while aspects such as Wi-Fi connection and gaming
support are associated with Mac.

It would be useful to summarize such comparative reviews by determining the
stance of each user. In this thesis, we propose an unsupervised approach to find the

stance of users in comparative reviews through the use of word embeddings [99].

1.5 Thesis Contributions

The main contributions of the dissertation is summarized as follows:
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o We propose an unsupervised approach to extract aspects from reviews and
organize the aspects in the form of an ontology tree based on semantic relation
between the aspects. A review exploration system is then built by aggregating
the reviews based on the aspects of the ontology tree. By using this aspect
ontology-based review exploration system, users can smoothly go through the
desired reviews without getting overwhelmed by the volume of reviews. The
aspect ontology also helps users gain domain knowledge in case they are new

to the product.

« We propose a novel approach to generate a meaningful summary of reviews by
means of opinionated tags and rank them based on relevance. We choose top-k
tags that cover a maximum of the reviews and that are easily readable by users.
The top-k tags present a bird’s eye view of the reviews and help users get an
instant feel about the product. We further refine the generated tags using NLP
syntactic rules to make them more informative. We also address the problem of
tag generation for cold products, which have only a limited number of reviews

and that too with very short content.

o We summarize comparative reviews by determining the stance of users in their
review posts. We propose a novel unsupervised approach to find the target pref-
erence of each aspect in comparative reviews, which in turn helps to determine
the stance of the users. We propose the use of word embeddings to address the
problem of identifying the preferred target of each aspect. Our approach does

not depend on any external corpus and hence is domain independent.

1.6 Research Overview

The research overview of this dissertation is shown in Figure 1.7. We broadly divide

product reviews into single entity reviews and comparative reviews. For single entity
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Figure 1.7: Research Overview.

tags. For comparative reviews, we summarize the reviews by determining the stance

of users.

1.7 Organization of the Thesis
The rest of the thesis is organized as follows:

» Chapter 2 presents the background of data exploration in e-commerce and Nat-

ural Language Processing (NLP).
o Chapter 3 presents the related work on review exploration and summarization.

o Chapter 4 discusses a novel aspect ontology based review exploration system

that allows users to view reviews based on desired aspects.

o Chapter 5 addresses the problem of summarizing reviews by means of informa-

tive and readable tags.

12



o Chapter 6 addresses the problem of summarizing comparative reviews by de-

termining the stance of the users.

o Chapter 7 concludes the thesis and discusses scope for future work.

13



Chapter 2

Existing Systems and Background

In this chapter, we explain some background concepts used in all our works. We start
with the basic concept of data exploration in e-commerce followed by basic Natural

Language Processing (NLP) we use for opinion mining.

2.1 Data Exploration

Two important components of data exploration in e-commerce are product exploration
and review exploration. The goal of product exploration is to enable users to access
the products easily. Most users have limited knowledge of the product database,
and thus, they often end up browsing endlessly through the database without getting
what they want. To help users with product exploration, e-commerce sites provide
easy to use query and navigation techniques, such as keyword search, auto-suggestion,
faceted navigation, category search, result ranking, etc.

Figure 2.1 is a screenshot of standard product navigation by category from Ama-
zom.com. It organizes the products in the form of a category hierarchy. Users can
browse through the category hierarchy to find products. Category search helps find

related products and products that are frequently bought together.
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Figure 2.1: Category navigation in Amazon.com.

Figure 2.2 shows another product exploration interface from Amazon.com for
browsing a database of cameras. It provides users with options for keyword search
as well as faceted navigation to find their desired items. Keyword search is mainly
useful when users have specific knowledge of the product they want to buy.

Faceted navigation is a cataloging technique that is used to arrange items in a
database based on certain facets or keys. Facets are characteristics of products such
as category, relevance, review ratings, etc. When users lack detailed knowledge of the
products they desire, they can choose facet values using faceted navigation interface
to find products. Facet values are used as preference criteria. Users have the option
to select facet values through options such as checkboxes, sliders and input values.
Once the facet values are set, products having the facet values are shown tho the
user. Faceted navigation has the advantage that users can make additional queries
through facets to probe further when a search query gives a broad range of products.

Unlike product exploration, review exploration systems are not well-developed.

Although reviews play an important role in influencing the purchasing behavior of
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users, many of the existing review exploration systems struggle to present easy to
digest information to users. Existing systems summarize reviews by giving an average
star rating of the reviews, or by finding the frequency of positive and negative reviews

for individual aspects.

Digital Camera 1:
Canon EOS 1300D 18MP Digital SLR Aspect: GENERAL
Camera (Black) with 18-55mm ISII Positive: 105
Lens, 16GB Card and Carry Case Negative: 12
by Canon
: g Aspect: Picture quali
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(a) Star rating. (b) Aspect polarity. (c) Aspect frequency.

Figure 2.3: Examples of review summarization systems.

Figure 2.3 shows some existing review summarization systems. Figure 2.3a uses
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average star rating to summarize reviews. It shows the number of users who have
provided a rating score and the percentage of users that belong to each of the rating
score. By clicking at a rating score, users can read reviews that have a particular
star rating. Figure 2.3b is a screenshot from Opinion Observer [87], where aspects
are extracted from reviews and the polarity scales of each aspect are presented. Such
representation helps in aspect-level polarity analysis of products. Figure 2.3c presents
aspect-frequency based review summarization that shows the number of positive and
negative reviews associated with each aspect. For example, the aspect Battery life
is present in 59 reviews, out of which 50 reviews talks positive about the aspect.
This is particularly useful to find popular aspects among users. Such summarization
methods do not show the actual opinion of users, which is crucial to understand what
other users like or do not like.

It is hard for users to find reviews related to a particular aspect. To help under-
stand the problem, consider a user looking to buy a camera with a good lens. Camera
has many aspects and sub-aspects such as lens quality, battery life, size and price.
Although the user is interested in reading reviews that talk about lens quality, there

is no review search mechanism to narrow down the reviews.

2.2 Preliminaries

2.2.1 Review Types

To make the task of opinion mining easier, reviews are divided into single entity
reviews and comparative reviews based on the number of entities associated with the
review. A single entity review talks about single target/item (e.g., camera product)
and opinions are expressed on its aspects (e.g., lens, screen). On the other hand, a
comparative review contains a comparison of two targets/items (e.g., Windows vs.

Mac) and the aspects are associated with either of the targets (e.g., game — Windows,
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OS — Mac).

2.2.2 Pre-processing

Unlike structured data or formal text, reviews are hard to deal with as they are mostly
free text. As grammatical rules are generally not followed while writing reviews,
reviews contain many noisy texts such as stopwords, repeated sequence characters,

acronyms, slangs and spelling mistakes.

Canon camera
“This is the besttt camera for me. The batery is sg. Canon is knwn
forits long battery life.”

Figure 2.4: An example of a single entity review.

One such example can be seen from a Canon camera review shown in Figure 2.4.
The review has typos (besttt, batery, knwn) and text-speaks (sg). Such faulty words
make the opinion mining process difficult. We clean the reviews using the following

pre-processing steps:

Stop word removal: Stop words are non-semantic words such as articles, preposi-
tions, pronouns, conjunctions, etc. that are used to while writing sentences.
They occur frequently in text (e.g., what and an), but they are of little value in
determining opinion about the targets. We remove stop words by using NLTK’s

English stop word corpus.

Removal of repeated character sequence: Users write repeated sequence of a
character to emphasize sentiment (e.g., Nikon is the besttttt). In order to capture
such opinion words, we discard any extra letters that occur more than twice in

a row, as suggested in Go et al. [43].

URL filtering: Users frequently provide URLs (e.g., www.nikon.com) to some other

pages for reference or more detailed information. Such URLs are only pointers
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and do not contribute to the sentiment of posts. So, URLs are identified and

removed from reviews.

Acronym expansion: Users frequently use acronyms while writing reviews to save
keystroke. Understanding the meaning of acronyms is important as they contain
sentiments about the targets. We identify and replace the acronyms with their

actual words using an acronym dictionary [62].

Contraction substitution: Contractions are commonly occurring short form of
words formed by combining a noun or a pronoun with a verb; or a verb and
not (e.g., would’ve, I'm, and hasn’t). We create a list of contraction dictionary
and replace contractions with the expanded words. For instance, would ve is

replaced by would have.

Emoticon substitution: Emoticons are often used at the end of a sentence to ex-
press sentiments towards a target. For example, ‘i)’ indicates happiness, while
“:(” indicates sadness. We employ an emoticon dictionary [51] to identify and
replace each emoticon with one of the polarity scores: -1, 0 or +1 (e.g., )" —

+1; < — -1).

Spelling correction: Spelling mistake is one of the most common problems in cus-
tomer reviews. For instance, a customer may misspell the word ezcellent as
excelent. This may result in different variations of the same tag. In order to

correct the spelling mistakes, we employ an NLP based spelling corrector [110].

Lemmatization: Lemmatization is performed to substitute the inflectional form of
words with corresponding lemmas (e.g. cars — car, saw — see, etc.). This

prevents multiple occurrences of the same aspect.
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2.2.3 Part-Of-Speech (POS) Tagging

Part-Of-Speech (POS) plays an important role in detecting aspects and opinions
from reviews. Aspects are generally nouns or noun phrases while opinions are mostly

adjectives or adverbs.

Canon |NNP is| VBZ a|DT very |RB good|JJ camera | NN

Figure 2.5: An example of a POS tagged sentence.

For instance, consider the review text shown in Figure 2.5. After applying POS
tagging, we find that the aspects camera and Canon are a noun (NN) and a noun
phrase (NNP) respectively. The opinion good is an adjective (JJ) and the adverb (RB)
very act as an intensifier of the opinion. POS tags are also used to identify patterns
and rules in identifying text structures. We use the Stanford POS parser [70] for POS

tagging and to extract aspects, opinions as well as relations between them.
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Chapter 3

Related Work

This chapter gives a background of existing approaches of opinion mining and dis-

cusses the related work in addressing the challenges of review exploration.

3.1 Sentiment Analysis

Sentiment analysis or opinion mining focuses on determining the polarity of text con-
tent such as tweets, product reviews, and social media post [79,109,121,139]. Senti-
ment analysis of text documents has been studied extensively [15,18,34,86,169, 176].
Existing works on sentiment analysis focus on classifying the sentiment of a con-
tent [86], which could be carried out at the document level [12,26, 104, 111, 151],
sentence level [4,5,77,163], or aspect level [54,106,115,131,158,166]. There are many
supervised and unsupervised methods to solve the above problems. Supervised meth-
ods [179,182] rely on training data for sentiment classification, while unsupervised
approaches [25,54] use syntactic rules and lexical resources for polarity mining.
Pang et al. [111] explore various machine learning methods to analyze movie re-
views. [12] uses discourse structure and Rhetorical Structure Theory (RST) to improve
sentiment classification of documents. Document-level sentiment analysis assumes

that all the opinions are associated with a single target. They fail to find sentiments
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when the document contains more than one target. Sentence level sentiment analysis
is performed by separating subjective sentences from objective ones and then deter-
mining the polarity of subjective sentence only [77]. However, objective sentences
also may express an opinion. For example, the sentence ‘The camera battery lasts
for 10 hours’ is objective, but suggests that the camera has a long battery life. The
above two approaches do not give fine-grained information about which features the

user likes or does not like.

Although sentiment classification of whole review is an interesting problem, the
research done on aspect level sentiment analysis is considered more important. The
reason is that one is more interested in knowing what specifically the users liked or
disliked compared to just knowing whether their overall opinion is positive, negative or
neutral. Aspects are the objects associated with a sentiment. Aspect level sentiment
analysis find users opinion on each aspect of a target [54]. It is useful for contents

where the user talks about pros and cons of the target product in terms of it aspects.

3.2 Opinion Words in Sentiment Analysis

Opinion words or sentiment words are the most valuable component of a sentence
that indicates users’ sentiment. They indicate either a positive or negative sentiment
towards the target. For instance, the opinion words excellent, speedy, easy to use,
etc., indicate positive sentiment, while the opinion words slow, worst, flaw, etc., show
negative sentiment. Researchers [49, 64] have worked on extracting opinion words
from documents to identify sentiment polarity. Semantic orientation of adjectives is
used to determine polarity in [49]. [64] uses WordNet [37] to compute the semantic
distance of an opinion word from bad and good, and polarity classification is made
based on the semantic distance. Turney [151] generalize this method by using Point-

wise Mutual Information (PMI) to compute the semantic distance between words.
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Later, Turney and Littman [152] showed that applying cosine distance in the Latent
Semantic Analysis (LSA) space can capture the degree of semantic orientation with

better accuracy.

3.3 Sentiment Lexicon in Sentiment Analysis

Considering the significance of opinion words in sentiment analysis, investigators [28,
57,103, 105] have proposed many methods for creating opinion lexicons. Apart from
manually compiled lexicons, there are two other approaches for compiling opinion
lexicons: dictionary-based approach and corpus-based approach. Dictionary-based
approach [13,69,101,154,164] uses a collection of opinion words with known polarity as
labeled information. The collection is then used to bootstrap and expand by searching
for their synonyms and antonyms in a dictionary, such as WordNet. Dictionary-based
approaches do not work well in finding the sentiment of context-dependent words.
For example, for cameras, if it has a small size, it is usually positive as it is portable.
However, for a car, if it is small, it is negative as it is less spacious. The corpus-based
approaches [29,63,65] overcome this ambiguity by finding the sentiment orientation

of words based on the context, which is derived from the corpus.

3.4 Aspect-based Sentiment Analysis

Aspect-based summarization approaches deal with finding the opinions of aspects
present in reviews and summarizing reviews based on the aspects. Aspect-based
summarization process may be divided into three parts: aspect extraction, polarity
identification, and aspect summary generation. Aspect extraction is used to mine
relevant aspect from documents, polarity identification finds the sentiment associated
with the extracted aspects, and aspect summary generation presents a summary of

the aspects and their overall orientation.
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3.5 Aspect Extraction

Aspect extraction finds relevant aspects from text documents. For instance, some of
the prominent aspects of camera are resolution, picture quality and flash. Much work
has been done in the area of aspect extraction for opinion mining [54, 87,130, 166].
Most of the works fall into two categories, namely NLP based and frequent term-based

approaches.

3.5.1 NLP based Aspect Extraction

NLP-based methods [54,95,116] are popularly used to extract aspects from texts. As
aspects are mostly noun or noun phrases, POS tagging along with syntax tree parsing
is used to identify aspects. NLP syntactic rules are applied to extract aspects and
sentiments. Aspect summarization from short comments based on NLP rules was
studied by [95]. Wu et al. [166] utilized dependency parser to extract noun phrases
and verb phrases from reviews as candidate aspects. Scaffidi et al. [130] applied a
language model method to develop an aspect-based product search interface that

extracts product aspects and assigns scores to each product aspect.

Liu et al. [87] propose a language pattern mining method to extract aspects from
pros and cons reviews. KnowItAll information extraction system [32] is used in [116]
to detect aspects from product reviews. The system recursively identifies aspects from
noun phrases extracted from reviews by separating aspect and sub-aspect from the
noun phrases. For example the noun phrase camera size contains the aspect camera
and the sub-aspect size. NLP based approaches fail to identify aspects that are not

nouns.
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3.5.2 Frequent Term-based Aspect Extraction

Term-based approaches use frequency to extract aspects. Using frequent term mining
for aspect extraction helps to overcome the weakness of NLP-based approaches. By
introducing measures like support, confidence and frequency patterns to determine
aspects, term-based approaches are not restricted to specific word patterns that occur
in NLP-based approaches. Such approaches also help to prune out irrelevant aspects
by means of redundancy and compactness pruning.

Most of the term-based approaches analyze contents present in documents and
parts of documents for aspect extraction. [54] is one of the pioneering work that
used association rule mining of documents to extract frequent nouns and noun phrases
as aspects. [56] proposed a similar work to extract aspects from car and movie re-
views. [183] used aspect lexicon and regular expressions to detect candidate aspects
from movie reviews. Among the candidate aspects, the terms with high frequency
are considered as aspects. [71,76] consider term occurrence in documents as well as
paragraphs for aspect extraction. Unlike traditional approaches, they consider word
frequency within paragraphs as well as across paragraphs to give more refined re-
sults. However, term-based approaches do not work well on a small corpus and their

performance may vary across different domains.

3.5.3 Limitation of Aspect-based Summarization

The main limitation of existing aspect-based opinion mining approaches is that they
fail to extract the hierarchical relationships between aspects. For example, lens is
a sub-entity of camera and the aspects, such as focus, lens cap, and zoom are sub-
aspects of lens and not of camera directly. Existing works [55,115] do not consider
this relationship of entities and sub-entities while performing opinion mining and
summarization. For simplicity, they treat all sub-entities and aspects within a broader

frame ‘aspects’. This often leads to erroneous opinion mining. For example, consider
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the sentence: ‘The casing of this camera is very ugly’. Here the opinion ugly is for

the appearance aspect of casing and not the appearance aspect of the camera.

3.6 Review visualization

In this section, we present related work on review visualization. As information vi-
sualization plays a complementary role in understanding data, researchers [6,27,162]
have proposed various techniques for enhancing review summary by means of informa-
tion graphics. The use of content visualization as an effective means of summarizing
reviews is studied in [20,36,45,175]. The work in [20] uses Treemaps [135] for visu-
alizing aspect hierarchy. Using Treemap, they represent aspect nodes as rectangles
and uses nested rectangles to show sub-aspects. The rectangles are color-coded to
represent the scale of polarity and size of the rectangles vary based on the importance

of the aspect. However, the nested rectangles make the structure complicated.

Ontology is popularly used an effective means of visualizing topical information of
documents, enabling interoperability of data and enhancing information retrieval [9,
39,68, 132,180]. The use of ontology for knowledge representation [35,66, 72,82, 83]
has gained popularity in the last decade. The use of ontology to help in solving the
heterogeneity problem of representations and terminologies in e-commerce is explored
in [96]. The work in [83] focuses on building an operational ontology system to
represent product information. They follow a three-level metamodeling approach and
implement ontology using Web Ontology Language (OWL). However, this approach
is hard to train and implement. [82] work on developing an enterprise-scale ontology
management system and propose an approach to represent ontologies in the form
of relational database tables. [150] use concept hierarchies of ontology to discover
keywords in patent documents. These approaches make use of an already existing

ontology to perform their respective tasks.
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Due to the usefulness of ontology, a lot of work has been done for efficient con-
struction of ontology. [35] uses NLP and information extraction techniques to acquire
and classify ontology instances. [66] create ontology by extracting key concepts from
text using NLP, statistical knowledge and domain knowledge. Lu and Zhai [94] use
semi-supervised topic models to build ontology with integrated opinion. They assume
the documents to be structured and well-written with explicit and implicit aspect in-
formation, which is not the case with reviews and feedback. Sauper and Barzilay [129]
follow a supervised approach to construct topic ontology from Wikipedia articles us-
ing titles and section names of documents. These methods require a large number of

training documents to create an ontology.

Ontology has been popularly used in visualizing and summarizing movie reviews.
Formal Concept Analysis (FCA) with manual input is used in [133] for constructing
aspect ontology for movie reviews. [181] use ontology to tackle the sentiment analysis
problem. They start with a top-down approach of ontology construction based on the
IMDb [58] movie metadata taxonomy such as title, cast, crew, locations, etc. Texts
from movie reviews are divided into segments and each segment gets assigned to a
node of the ontology. They aggregate the sentiment of text segments to determine

the polarity of each node.

Extant ontology construction methods require manual input in some form for the
creation of an ontology tree. Some of the methods are domain-specific, while others
require pre-defined ontology rules or structures. In contrast to the aforementioned
works, we propose an automatic approach to generate the aspect ontology tree using
similarity techniques that work across domains. In this thesis, we work on automatic

creation of aspect ontology to complement sentiment analysis.
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3.7 Tag Generation

Because of the nature of review data, opinion summarization differs from general text
summarization. Text summarization [52] deals with extracting prominent topics from
content and combining them to produce a summary of the entire content. On the
other hand, opinion words and their polarity form a crucial component of opinion
summary.

Researchers have studied the problem of tag recommendation for various appli-
cations. Existing approaches of tag recommendation can be broadly classified into
two categories: supervised [100, 136, 165] and unsupervised [124, 141, 159]. Majority
of the work falls into the supervised approach where the given object or item already
has some tags, and the task is to expand the tags or predict tags of similar items.
Supervised approaches may be further classified into three sub-categories based on
how they work: (1) co-occurrence based approaches, (2) Matrix-based approaches,
and (3) graph-based approaches.

On the other hand, unsupervised approaches do not require any tag to work.
They extract information from the content and its associated features to recommend
tags. In this thesis, we work on extracting tags from contents that do not have tags

associated with them.

3.7.1 Supervised Tag Recommendation

Supervised approaches can be used where some tagged data is available in the form of
training data. For recommendation systems, such data form ternary relations between
users, items and tags. For news posts, blog posts, etc., it is in the form of binary
relation between items and tags. Related work on various supervised approaches are

discussed below:

Co-occurrence based approaches utilize tags assigned to a collection of objects
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to recommend tags of a new object using association rules. Given some existing tags
associated with a target object, this approach expands the tag collection based on the
co-occurrence pattern of the candidate tag with the initial tags [42,50,75,97,137,165].
[42] propose an interactive way of recommending relevant tags whenever a user selects
a new tag by considering the user’s tag usage history. The co-occurrence based
approaches are dependent on the availability of some initial tags assigned to the target
objects. These approaches require a lot of tagged data as they use tag co-occurrence

to recommend tags for the target object.

Matrix factorization approaches work well for data that have information on
users, tags and items. They represent the tag assignment to items in the form of a
matrix and factorize the matrix into smaller ones to discover latent features between
different entities. Reducing the dimension of the matrix makes it easier to find the
relationships between users, objects and tags. [126] used matrix factorization and
TensorFlow [1] to model the pairwise relationship between users, tags and items.
Although this exploits the benefits of dimensionality reduction, matrix factorization
work well only for dense data and involves expensive operations that are not so

scalable [11].

Graph-based approaches follow a graph representation of the system, where the
nodes are the objects, and the edges denote the similarity relationship between the
objects. They exploit the textual features and neighborhood similarity information to
find candidate tags [53,60,92]. The social connection between users is exploited in [89]
to build a graph-based tag recommendation system. Tag propagation between objects
with similar textual content is proposed in [92,177]. [38] modeled the folksonomy
as a heterogeneous graph containing tags, users, and objects as nodes. Graph-based

approaches do not perform well when the data has noisy content like user reviews.
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3.7.2 Unsupervised Tag Generation

Unsupervised methods are suitable for items where only the content is available with-
out any tags. They are generally used to find relevant topics from documents such
as social media posts [124], community question answering sites [78] and scientific
publications [80,127]. They leverage contextual information such as patterns, simi-
larities and syntactic rules to generate topical tags. Topic modeling has been used
to extract topical words from texts and to suggest relevant tags to characterize the
contents [124]. [141] followed a graph-partitioning method to find the most repre-
sentative topics from a document. The performance of the aforementioned methods
highly relies on the assumption of a dense set of data upon which the model is built.
[127] use content-based unsupervised tag recommendations as a mechanism for expert
profiling in the scientific domain. They showed that keywords are the most effective

content to generate tags compared to titles and abstracts.

Our approach differs from the existing methods in that (1) We focus on tag-
ging opinionated documents, such as product reviews and debates, (2) We focus on
generating tags that capture the semantic objects from reviews. Existing works on
unsupervised tag recommendation focus on extracting topical tags that has objec-
tive information. Extracting only topical tags are not helpful to understand product
reviews. Reviews contain lots of subjective information from the reviewer. We in-
corporate NLP rules to associate semantic words to the tags. (3) Product reviews
are harder to deal with compared to the scientific documents. Reviews are relatively
short compared to other documents and do not have well-defined components, such
as title, abstract and keywords, that complement tag generation. While scientific
documents are well structured, reviews are generally unstructured, which makes it
hard to process.

We give more focus on extracting tags that also have sentiment. Unlike existing

works [8,24,67,149] that focus on extracting aspects and polarity, we use sentiment
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analysis to improve the tag generation by adding prominent sentiment words related
to the tags. Adding dominant sentiment words make the tags more informative. We
combine the contextual and syntactic information from the reviews to generate tags

that help understand product quality.

3.8 Mining Comparative Reviews

Although finding users’ sentiment in comparative reviews is closely related to aspect-
based opinion mining and opinion summarization, it represents a more complex prob-
lem. To solve this problem, one needs to precisely find the targets of opinions [86].
This problem is slightly easier for product reviews compared to other types of opinion
data, such as debates, blogs, etc. [140]. The reason is that most of the product reviews
are about one entity, and the opinions are expressed on different aspects of that one
entity. However, due to the presence of multiple entities and other noisy information
in other data, it is difficult to precisely map the opinions to the respective entity and

aspect.

Opinion mining in comparative reviews is closely related to stance detection of
online debates. Existing work on debate stance classification can be broadly cate-
gorized into two settings, viz. (1) congressional floor debates [2,157,172], and (2)
social debates [46-48,73,108,143]. The congressional floor debates are the more pro-
fessional debates, whereas the social debates are informal. Stance classification in
social debates is more challenging compared to congressional floor debates due to
the expressive language, such as slangs, lack of grammar, abbreviations, etc., used
in the social discussions [3,122,156]. Stance classification of congressional floor de-
bates investigates the political orientation of users on issues such as political reforms,
controversial policies, and candidate preference [7,17,147]. Stance detection of social

debates aim at detecting the users’ stance towards topics in informal settings such as
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online public forums and debate websites! [17,140,147]. In this thesis, we perform
stance detection for social debates, where the post length is long compared to tweets.

Our work is an extension of the work of Somasundaran et al. [140]. We employ
word embedding techniques in various steps of stance detection. This approach speeds
up the stance classification process and gives more accurate result compared to the
earlier approach that requires crawling of external information related to the targets
to find aspect-target preference information. Researchers have used word embeddings
for opinion mining due to its ability to capture semantic similarities [91,112,168]. Liu
et al. [91] used word vectors trained from a large corpus of product reviews for opinion
aspect extraction. Xu et al. [168] used word embeddings as feature representation
for a joint opinion relation detection. Pavlopoulos and Androutsopoulos [112] used
word vectors trained on English Wikipedia to extract aspect terms for sentiment
analysis. Mikolov et al. [99] developed word2vec model for creating neural-embedded
word representations. Various researches have shown that word2vec model captures
relational and semantic similarities better than other methods [84,85].

Our work is also related to the aspect extraction step of opinion mining. Recent
works have used word embeddings for aspect extraction [118,173]. Nevertheless, iden-
tifying the target-related aspects from a comparative review post is a more challenging
task as there are more than one targets involved in a debate post. Somasundaran
and Wiebe [140] used syntactic rules to extract aspect from debate posts. However,
many of the extracted aspects are irrelevant to the debate targets. In this thesis, we
propose a novel word embedding based method to train a supervised aspect classifier
to prune aspects irrelevant to the targets. The classifier can be used for transfer

learning to find target related aspects across multiple domains.

Thttp://www.convinceme.net, http://www.createdebate.com, and http://www.debate.org are
some of the popular social debate sites
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Chapter 4

Exploration of Reviews using

Aspect Ontology

4.1 Introduction

Users make extensive use of online portals and e-commerce sites to purchase goods
and services. After using products, customers often write reviews and give feedback
expressing their opinions on various product aspects. This results in an enormous
number of reviews left on the web by customers. Mining and extracting opinions

from these reviews could help customers in making informed purchase decisions.

Many of the existing opinion mining systems do not focus on high-precision aspect
extraction as they do not explain the extracted aspects to users. In this chapter,
we present an exploratory search interface where users can view aspects mined from
reviews with high precision, along with the semantic relationship between the aspects.
By using our interface, users can easily access all snippets of the reviews that talk
about a preferred aspect and all the sub-aspects thereof. To build the system, we
mine the ontological relationship between aspects using product reviews and semantic

knowledge from external sources.
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Our primary focus is on the automatic creation of aspect ontology using semantic
knowledge between the aspects. The whole process may be divided into the following
subtasks: (1) extract aspects from product reviews; (2) construct an ontology tree of

extracted aspects; and (3) summarize reviews based on the aspect ontology tree.

Aspect Exploration Panel Review Panel
© Canon -
+ you can have different kind of lens if you want + flashes , et

o Digicam the lens is visible in the viewfinder when the lens is set to the wide angle , but

since | use the lcd most of the time | this is not really much of a bother to me

o Exposure

rated it a four is because of that dam diopter adjustment dial. its

ment ( for those

of you who do n't know what a diopter adju it is to adjust the focus
o Flash o Focus of the viewfinder to your eyesight
ou can move the focus range to almost anywhere in the scene with the pust
Camera O Lens Lens you ca ve the us range al anywhes the scene with the push
o of a button , and it has an on-s al focus mode that would be really
cap helpful # shooting a scene that is tough to automatically focus
o Zoom the only two min have with the camera are the lens cap ( it is not

verv snua and ca off too easilv ) and the lens itself ( it partiallv

Figure 4.1: Screenshot of the ontology-based review exploration system.

Figure 4.1 shows a screenshot of our proposed ontology-based review exploration
system. Here, we take the example of browsing through a digital camera reviews.
The interface consists of two panels, namely the aspect exploration panel and the
review snippet panel. When the user clicks on the aspect lens in the aspect panel, the
sub-aspects, such as focus, lens cap and zoom pop out. Also, review snippets related
to lens and all its sub-aspects are shown in the review snippet panel.

Such a summary is useful to users in many ways. First, the user does not need
to go through all the reviews while looking for information on some specific aspects.
Using this interface, the user can click on the aspects of interest, and focus only on
the aspect relevant review snippets that are shown on the review panel. Second, and
more importantly, if the user is new to the product, the relationship between various
aspects and sub-aspects of the product can be understood using our proposed review

exploration system. Our system integrates aspects with the reviews.
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Unlike any other review summarization methods [54, 183], the summarization
method described is unique in a number of ways. First, we arrange the aspects
using a semantic ontology tree rather than presenting them randomly in a flat aspect
structure. This aids in better understanding of the product. Second, we allow users
to view review snippets at different degree of details, starting from generalized to
fine-grained levels by exploring the various levels of the aspect ontology tree.

The main contributions of this chapter are as follow:

o We identify popular aspects that are mentioned by many users and use these

aspects for creating aspect ontology.

o Based on aspect relationship, we propose to arrange the aspects present in

reviews in the form of an ontology.

o We aggregate reviews at different granularity levels based on aspects present in

the ontology.
« We propose two unsupervised approaches to generate aspect ontology.

e Qur best approach can generate ontology, which is closely similar to the man-

ually created gold standard ontology.

The remaining chapter is organized as follows. Section 4.2 includes a detailed de-
scription of our review exploration system. The experimental evaluations and results
are presented in Section 4.3. Section 4.4 contains the conclusion and future scope of

the study.

4.2 Proposed Approach

In this section, we formally introduce our aspect-based review exploration system.

The architectural overview of the system is given in Figure 4.2.

35



Customer Semantic Relationship Semantic Similarity
Reviews Knowledge Base Knowledge Base

! !

Extract Relations Candidate Ontology
Tree
Preprocessing 1
1 Tree Balancing

Candidate Aspect
Generation

I— SemR Ontology Tree SemS Ontology Tree
| |

Aspect, Review Aspect, Review
Snippet Dictionary Snippet Dictionary

Aspect Based Review Aspect Based Review
Exploration Exploration

Figure 4.2: System architecture of the aspect-based review exploration system.

The system takes product reviews as input and generates output as an aspect-
based review summary, where aspects are presented in the form of an ontology tree.
We primarily focus on the automatic creation of aspect ontology, negating the need

for any prior domain knowledge. Table 4.1 contains the list of notations used.

Algorithm 1 gives an overview of the Aspect-based Review Explorer (ARExplorer)
system. ARExplorer has four main steps: (1) extract candidate aspects from reviews;
(2) extract popular aspects; (3) create aspect ontology tree using semantic knowledge

base; and (4) create aspect-based review exploration system.

Given a review corpus Dg and a product domain P, Step 1 parses and extracts all
the candidate aspects Ac from the reviews. From the list of extracted aspects, only
popular aspects (Ap) are selected using Step 2, for further processing. The system
then uses Step 3 to build the aspect ontology tree (T'o) from Ap using semantic
knowledge base. In this step, some more aspects which might be popular but have

little semantic relationship with the product also get pruned. Two approaches are
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Notation Description

Ac Candidate aspects extracted from the reviews

Ap Frequent product aspects present in the reviews

Ar Subset of Ap closely related to the product

D Dictionary containing counts of aspects in Ap

R Relation list obtained from ConceptNet

BDR Bidirectional relations obtained from ConceptNet

BUR Buttom-Up relations obtained from ConceptNet

TBR Top-to-Bottom relations obtained from ConceptNet

F Functional relations obtained from ConceptNet

H Hierarchical relations obtained from ConceptNet

S Synonym relations obtained from ConceptNet

Ksg Semantic knowledge base obtained using LSA

SemR Algorithm for ontology creation using semantic relationship
SemS Algorithm for ontology creation using semantic similarity
To Aspect ontology tree

Table 4.1: Notations used.
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Algorithm 1 ARExplorer(Dg, P, Kg)

Input: Dgr: Review dataset
P: Product domain
Kg: Semantic knowledge base

Output: T: Aspect-based review exploration system
Method:

Ac < EXTRACTCANDIDATEASPECT(Dg, P)
Ap < EXTRACTPOPULARASPECT(Dg, Ac)
To, At < CREATEONTOLOGYTREE(Ap, Kg)
Dar < ASPECTREVIEWDICTIONARY (A7, Dg)
T+ ARESYS(T(), DAR)

examined for creating the ontology tree, one using a semantic relatedness knowledge
base and the other using a semantic similarity knowledge base. In Step 4, the aspects
Ar in the ontology tree are mapped to related review snippets. After that, Step 5
creates an interactive aspect-based review search interface. Users can explore product
reviews by clicking on the aspects. In addition, users also have the option to view
the sub-aspects and their related reviews. New reviews can be easily added to the
system. With the addition of new reviews, we only need to index those reviews using
the aspects present in the ontology. However, only if a new aspect becomes popular
in the new reviews and was not popular in the previous reviews, such aspect might be
added to the ontology tree. Our main contribution is the automatic creation of the
ontology tree for better aspect-based review exploration. We next discuss the steps

in detail.

4.2.1 Candidate Aspect Set Generation

The purpose of this step is to extract the candidate aspects from reviews. Aspects
are usually represented by nouns or noun phrases in reviews. Part-of-speech (POS)
tagging and dependency tree parsing are the commonly used techniques for extracting
aspects. Many other methods for aspect extraction have been explored [21,26, 30,54,

91,111,119].These techniques may also give a broad range of aspects and sub-aspects
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as some users comment on specific aspects that might fall outside common interest
of other users. For our aspect ontology tree, too many aspects might cause aspect
overload and confuse users during aspect exploration. To tackle this problem, we
attempt to filter aspects to get only the more popular ones.

We define popular aspects as those aspects which appear in more than a threshold
(T'p) number of review. This approach also helps in pruning out the irrelevant nouns,
which are wrongly detected as aspects. Typos, text-speaks, or Martian languages
also gets filtered in this step as they occur a few times, compared to popular aspects.
However, there may be popular aspects which have a low semantic relationship with
the product like camera and software. We prune out such unrelated aspects using

semantic knowledge during aspect ontology tree generation.

4.2.2 Schematic Interface

The schematic design of our aspect-based review exploratory system consists of an
interface (as shown in Figure 4.1) that enables the user to browse through various
product aspects and go through the related review snippets. The interface supports
multiple levels of review abstraction with the help of the aspect exploration panel
on the left side and the review panel on the right side of the screen. The aspect
exploration panel displays aspect ontology of the product, and the review panel shows
review snippets. Initially, the review panel consists of overall reviews of the product
if no product aspect is selected. Whenever a user clicks on an aspect, related sub-
aspects pop out and the review panel displays review snippets related to the aspect.
The sub-aspects are kept hidden until the user clicks on the related parent aspect.
This way, the user does not have to go through distracting irrelevant aspects. The
added feature of this interface is that it is interactive. It makes it easy for the end-
user to identify product aspects of interest, and focus on reviews that contain relevant

aspect information.
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4.2.3 Aspect Ontology Tree Generation

Ontologies represent the concepts in a domain as well as the relations among them
in the form of a hierarchical tree structure. As the aspects and sub-aspects have a
hierarchical relationship, we use a tree structure to represent the aspect ontology.
Aspect ontology tree illustrates the relations among aspects of a product and helps
in conceptualizing product specific information by adding semantic relationship to
various aspects. In an aspect ontology tree, aspects are represented as nodes while
edges outline the semantic relationship between the aspects.

An aspect ontology tree exhibits aspect information at different granularity levels.
For example, focus and zoom are kept as a more fine-grained sub-aspects of lens. This
helps resolve the aspect overload problem by displaying a group of aspects at various
fine-grained levels. The sub-aspects can be viewed at a finer level by following the
path of higher level aspects. This way, users are able to comprehend the relationship
among aspects and sub-aspects better. Here, we propose two approaches for building
the aspect ontology tree using semantic relationship and semantic similarity. We fur-
ther explore generating the aspect ontology from automatically extracted aspects, as
manually labeled aspects are not always readily available. The semantic relationship
method misses out some of the aspects as the semantic relationship knowledge base is
too big to build manually. On the other hand, the semantic similarity method is able

to cover more aspects as aspects usually co-occur with the product in documents.

Ontology using Semantic Relationship (SemR)

A semantic relationship between two aspects can be used to convey the association
between the two. For example, the sentence ‘Camera has a lens’ shows the connec-
tion that lens is-part-of camera. We find semantically related aspects using knowledge
graph. Knowledge graph contains a huge database of common sense knowledge that

links concepts (nodes) with semantic relations (edges). Concepts are real-world ob-
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jects. We use ConceptNet [88] knowledge graph to find the semantic relationship
between the extracted aspects.

ConceptNet consists of a wide range of common sense knowledge, which are opti-
mized for making practical context-based inferences over real-world texts. The com-
mon sense knowledge contains basic facts and understanding between concepts. For

example, consider the following sentences:
Example 1 ‘Camera has a lens’
Example 2 ‘Camera is used for taking pictures’

The above sentences provide a basic understanding about a camera. The sentences
contain relationship of concepts such as has a and used for. ConceptNet can be
used to find semantic relationships between concept pairs. Such knowledge contains

relationship between concepts, for instance, has a and used for in the above example.

o) Flash
@ Relateqy, — ©2

Shutter gfrizlra
Speed
CapableOf UsedFor Take
Camera ISA Picture
Partof
Ha taking picture
HasA @ A4

O
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© o
i
@ Telephoto
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Figure 4.3: A snippet from ConceptNet’s semantic network, showing various
concepts related to the entity camera.
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Figure 4.3 shows an instance of actual knowledge in ConceptNet concerning the
concept camera. Each node represents a concept, and each directed edge represents
a semantic relationship between the concepts. We leverage these relations between
aspects to build the aspect ontology tree.

ConceptNet has 24 common relations such as PartOf, MadeOf, AtLocation, etc.,
to describe how concepts are related through common sense knowledge. These rela-
tions can be leveraged to find a connection between concepts that are not directly

connected. To understand consider the following ConceptNet instances:

Example 3 ‘camera is RelatedTo lens’
Example 4 ‘lens is UsedFor focus’

From Examples 3 and 4, we find that the concept camera has relation with the concept
lens, and lens has relation with focus. Hence, it is evident that camera and focus are
related through transitive relation. However, there may be one-to-many relations
between various concepts. Linking multiple concepts may lead to topic drift. To

illustrate, consider the ConceptNet relations given in Figure 4.4.

HasA RelatedTo

>@ D\

Camera =» Lens = Glass =2 Window

Figure 4.4: An instance of topic drift.

From Figure 4.4, we can see that the concepts camera and window share a transi-
tive relationship as per ConceptNet but window doesn’t belong to the camera domain,
resulting causes topic drift. To control topic drift, as in [107], we use three classes of
relations: Hierarchical relations (H), Synonym relations (S), and Functional relations

(F), with the assigned priority order of H>S >F. We use these relation classes and
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the priority order to choose the proper relation in case multiple possible relationships
exist between two aspects. When there are two or more possible relations between
concepts, the relation classes help to choose the relation that has a higher priority

order. H > S > F priority order is followed to resolve the conflict.

\/\. Glass

Aperture

RelatedTo (S)

Lens °

HasA (H)

Figure 4.5: Using relation class to resolve topic drift.

For example, Figure 4.5 shows a case where there are two possible relations from
the concept lens to glass and aperture. Using the relation class, lens and aperture
has a Hierarchical relation (H), which has higher priority over the Synonym relation
(S) that exist between lens and glass. Based on this precedence, we conclude that
there is a relation between lens and aperture and ignore the relationship between lens
and glass, which would have caused topic drift. Accordingly, we add an edge from
lens to aperture (lens — aperture). Also, to cluster all the relevant synonyms at a
single respective aspect, we set inner priority order within the synonym relation class,
as mentioned in Table 4.2. In case of conflicting relations, an edge is added to the
ontology tree for a higher priority relation, and we ignore the lower priority relation
edge. Finally, we merge all the synonyms to remove the redundant information from
the tree.

After manual inspection, we consider only 12 types of relations that highlight the
aspects related to a concept (e.g., HasA, PartOf, etc.) and discard others which are
not useful for building the ontology tree (such as ExternalURL, MotivatedByGoal,
ObstructedBy, etc.). The relations along with relation class and priority order are

shown in Table 4.2.
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Relational Class Relation Priority

Hierarchical Relations (H) HasA, PartOf, MadeOf, LocatedNear 1
Synonym Relations (S) Synonym, DefinedAs > DerivedFrom > IsA, RelatedTo 2
Functional Relations (F) UsedFor, CapableOf, HasProperty 3

Table 4.2: ConceptNet relations used for building the ontology tree along with their
relational class and priority order. ‘>’ shows inner class priority order.

The relations between concepts are represented using undirected edges between
concepts. For example, ‘lens is PartOf camera’ will result in an undirected edge
between lens and camera in the ontology tree. Directionality of the edge is required
to differentiate aspects and sub-aspects. Due to the undirected edge, it is hard to
find out the parent and child aspect. However, the correct parent-child relationship
is necessary to identify aspects and sub-aspects. To resolve this, we introduce the
concept of edge-type to identify parent and child aspects, which is in turn used to
determine the direction of relations. We classify relations into three edge types: Top-
to-Bottom Relation (TBR), Bottom Up Relation (BUR) and Bidirectional Relation

(BDR). Relations belonging to these edge types are given in Table 4.3.

Edge Type Relations

Top to Buttom Relations (TBR) CapableOf, HasA, HasProperty, LocatedNear, MadeOf, UsedFor
Bottom Up Relation (BUR) DerivedFrom, PartOf

Bidirectional Relation (BDR) DefinedAs, IsA, RelatedTo, Synonym

Table 4.3: Edge types and relation list.

TBR represents a parent-to-child relationship while BUR exhibit child-to-parent

relationship. BDR is a particular case that exhibits the properties of both TBR and

44



BUR. Depending on these edge types, parent and child aspects are decided. For

example, let us consider the following statements:

Example 5 ‘lens is PartOf camera’
Example 6 ‘camera is CapableOf taking pictures’
Example 7 ‘focus is RelatedTo lens’

In the Example 5, lens and camera has a BUR, indicating that lens is a child of
camera. Hence, an edge is added from camera to lens (camera — lens) in the ontology
tree. Similarly, for Examples 6 and 7, edges (camera — picture) and (focus <
lens) are added to the ontology tree as they have TBR and BDR respectively. For
bidirectional edges, we have two possibilities of adding edge (e.g. A; — Ay or Ay —
A; ). As can become sub-aspect of A; or vice-versa. To maintain tree consistency,
we direct edges only from top to bottom.

In addition to edge types, we follow Breadth First Search (BFS) exploration for our
ontology expansion. In other words, we extract relevant concepts from ConceptNet
by providing the product domain initially and connect the aspect edges based on
edge type in BFS manner. The process is repeated recursively as long as the child
concept belongs to the set of frequently occurring aspects. The benefits of using BFS
exploration is that it provides the shortest path to relevant concepts from product
domain at minimum depth. Our SemR approach is described in Algorithm 2.

SemR takes the product domain as the root of the tree. It follows Breadth First
Search (BFS) for creating the ontology. For this, a queue is maintained to store
the nodes. Steps 1-2 initialize the tree. For processing, the product domain is put
in a queue (@) and is marked as visited (Steps 3—4). For each of the relations, BFS
traversal is applied to create the ontology tree (Steps 5-29). A node (c) gets dequeued
from @ in Step 7, and in Step 8, we extract the connected nodes if the relationship

type is in R. For all the extracted aspects, Step 10 checks if it is popular and is not
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Algorithm 2 Semantic Knowledge Ontology Tree (SemR).

Input: D: Popular aspects dictionary = < Ap, f >, where
Ap: Popular aspect set = {Ap , Ap,,...Ap,}
f: Frequency of each candidate aspect = {f1, fo,...fn},
R: Relation List = [H, S, F|
P: Product domain

Output: 7Tp: Aspect ontology tree
Ar: Ontology aspects

Method:

1: Vertex set, V < &, Edge set, E < ®, Queue, ) < ¢
2: Graph G + (V, E)

3: @Q.enqueue(P)

4: visited[P] « true

5: for all relation € R do

6: while @ # ¢ do

7: Concept, ¢ < (Q).dequeue()

8: V' <~ EXTRACTCONNECTEDNODES(¢) if ey € R
9: for all v; € V' do

10: if v; € Ap and v; ¢visited then

11: if v; ¢ G then

12: V.ADD(v;)

13: if 0 € TBR or 7,0, € BDR then
14: E.ADDEDGE(c, v;)

15: else

16: E.ADDEDGE(v;, ¢)

17: end if

18: else

19: To1a < OLDRELATION(parent, c)
20: if priority(rpew) > priority(ryg) then
21: parent(v;) < ¢
22: end if
23: end if
24: Q.enqueue(v;)
25: visited[v;] <—true
26: end if
27: end for
28: end while
29: end for

30: To, Ar < MERGESYNONYMS(G)
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already present in the tree. If so, it is added as a node of the tree (Step 12). An edge
is added between parent and the new node according to the edge type (Steps 13 —18).
If the aspect is already present in the ontology, we compare whether the new relation
(Tnew) has a higher priority than the older relation (Steps 20-22). If so, ¢ is made the
parent of the new aspect. After adding the new aspect as a node, it is enqueued and
marked as visited. This process is repeated until () is empty. Finally, in Step 25, we

merge similar aspects using Wordnet [37] to avoid duplicates.

Ontology using Semantic Similarity (SemS)

Since the knowledge graph is manually created, the relations present in the knowl-
edge graph limits the semantic relationship-based approach. Aspects which are not
present in the knowledge base are not considered while creating the aspect ontology.
Moreover, strength of relation is not defined in SemR approach. To overcome this
constraint, we propose a method to identify the semantic similarity between aspects
and use the similarity score to construct the aspect ontology. This is based on the
idea that related aspects often appear together in documents. For example, in the
review: ‘The camera has a maximum lens opening of 2.8 and a maximum shutter
speed of 1/1000 sec’, the related aspects lens and shutter speed appear together. Sim-
ilarly, the two related aspects co-occur together in other documents also. Semantic
similarity is measured by considering a huge corpus of documents and finding the
co-occurrence pattern of the aspects in those documents.

We choose Latent Semantic Analysis (LSA: [81]) as a metric for measuring seman-
tic similarity. LSA works on the notion that related words occur in similar documents.
LSA uses a term-document matrix to describe the occurrence of terms in documents
and then applies Singular Value Decomposition (SVD) for dimensionality reduction.
The term-topic matrix obtained after SVD decomposition is used to represent terms

as topic vectors. Finally, terms are compared using cosine similarity between the
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term vectors. Values close to 1 represent closely related aspects, while values close
to 0 represent non-related aspects. Figure 4.6 shows how the LSA score is computed

between words.

Term T .
Documents document erm topic
matrix matrix

Cosine
SVD similarity

=‘| > > [ Simikrity score

Figure 4.6: Computing LSA score between words.

To compute the LSA score between aspects, we use SEMILAR semantic similarity
toolkit [128]. SEMILAR provides a framework for a systematic comparison of various
semantic similarity methods. It uses LSA models, developed employing the whole
of Wikipedia articles. The benefit of using this method is that we do not need any
prior relationship knowledge between the aspects. The use of a huge corpus helps
to overcome the limitations of SemR approach. The similarity score between the
terms can be used to establish the relationship between aspects. This way, we can
find more relationship between the aspects as compared to the semantic knowledge
base approach. The details of ontology tree creation using similarity score is given in
Algorithm 3.

SemS uses semantic similarity to create aspect ontology. Similar to SemR, SemS
also uses BFS exploration. The initial Steps 1-7 of SemS are similar to that of SemR.
The main difference between the two is in the method used to find aspect relationship
for ontology construction. SemS uses LSA score to create aspect ontology instead
of using ConceptNet relations. We start the algorithm by computing LSA score
(Trsa) between candidate aspects (Steps 8-16). Aspects with LSA score above a

threshold (Tps4) are considered as closely related aspects. For a particular aspect,
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Algorithm 3 Semantic Similarity Ontology Tree (SemS).

Input: D: Aspects dictionary = < Ap, f >, where
Ap: Popular aspect set = {Ap,, Ap,,...Ap, },
f: Frequency count of each candidate aspect = {f1, fa, ... fn},
Tr,s4: Threshold LSA score
P: Product domain
Output: Tp: Aspect ontology tree

Method:

1: Vertex set, V < ¢, Edge set, E < ¢, Queue, Q) < ¢
2: Graph, G « (V| E)

3: Q.enqueue(P)

4: visited[P] < true

5. while Q # ¢ do

6: V'« H

7: Concept ¢ = @.dequeue()

8: function EXTRACTSIMILARNODES(c, Ap)
9: for all v; € Ap do

10: if LSA(c,v;) > Trsa then

11: V'’ <~ APPEND(v;)

12: end if

13: end for

14: V' < sorr(V’)

15: return V'

16: end function

17: for all v; € V' do

18: if v; ¢ visited then

19: if v; ¢ G then

20: V.ADD(v;)

21: for all v; € children(c) do
22: if LsA(c,v;) > LSA(v;, v;) then
23: E.ADDEDGE(c, v;)
24: else

25: E.ADDEDGE(vj, v;)
26: end if

27: end for

28: end if

29: Q.enqueue(V;)
30: visited[v;] <—true
31: end if
32: end for

33: end while
34: To, Ar < MERGESYNONYMS(G)
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ExtractSimilarNodes(c, Ap) finds a list of related aspects (V'), whose LSA score is
above Tpga. This list (V') contains new children nodes of the tree. These nodes are
added as children of the parent such that the children aspects are sorted based on
dictionary order from left to right. Step 14 is used to maintain consistency while
creating the aspect ontology. For adding an edge between parent and a new node, we
consider all existing children nodes of the parent ¢ and compare the LSA score. In
Steps 21-26, LSA scores are compared to add an edge between the nodes. Step 22
checks if the new aspect v; is more related to the parent aspect ¢ compared to any of
the children aspects. If so, an edge is added from ¢ to v; (Step 23). Otherwise, an
edge is added from the more similar node v; to v; (Step 25). This ensures that the
paths in the ontology tree are of comparable lengths. After adding a new node, it is

enqueued and marked as visited for further processing (Steps 29-30).

We observe that in lower levels, the sub-aspects become less relevant to the
product domain even though they are related to their respective parents. The as-
pects’ relatedness tends to deviate away from the original product domain as we
go down the ontology tree. For instance, consider the branch of the ontology
camera — flash — shot — noise.

Here, the aspect noise deviates from the camera domain even though it is related to
the aspect shot. This is due to topic drift as we go down the tree levels. To prevent
topic drift from happening, we propose to increase T sa at every level down the tree
so that the relationship constraint becomes more stringent. We formulate the new

Tisa as follows:

Tisa =+ 5([ - 1) (41)

where, « is the initial value of similarity threshold used to find the first level nodes.
[ represents the level of the ontology tree, and ¢ act as a damping factor for topic
drift. We increase its value by a factor § at each level down the tree. This makes the

relationship constraint more stringent and ensures that only closely related aspects
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are preserved when we go down the tree.
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Figure 4.7: Number of topic drift observed by varying the values of o and ¢.

Topic Topic Topic Topic

a 5 f;ngl E"r drift in 1%521 2‘” drift in f;ﬁl zor drift in drift

L level I, 2 level Ly 3 level Ly Total
0.1 0.01 0.1 2 0.11 5 0.12 7 14
0.1 0.03 0.1 2 0.13 5 0.16 7 14
0.1 0.05 0.1 2 0.15 5 0.2 6 13
0.1 0.07 0.1 2 0.17 5 0.24 6 13
0.2 0.01 0.2 1 0.21 5 0.22 6 12
0.2 0.03 0.2 1 0.23 3 0.26 6 10
0.2 0.05 0.2 1 0.25 3 0.3 4 8
0.2 0.07 0.2 1 0.27 2 0.34 4 7
0.3 0.01 0.3 0 0.31 2 0.32 4 6
0.3 0.03 0.3 0 0.33 0 0.36 2 2
0.3 0.05 0.3 0 0.35 0 0.4 0 0
0.3 0.07 0.3 0 0.37 0 0.44 0 0
0.4 0.01 0.4 0 0.41 0 0.42 0 0
0.4 0.03 0.4 0 0.43 0 0.46 0 0
04 0.05 0.4 0 0.45 0 0.5 0 0
0.4 0.07 0.4 0 0.47 0 0.54 0 0
0.5 0.01 0.5 0 0.51 0 0.52 0 0
0.5 0.03 0.5 0 0.53 0 0.56 0 0
0.5 0.05 0.5 0 0.55 0 0.6 0 0
0.5 0.07 0.5 0 0.57 0 0.64 0 0

Table 4.4: Values of threshold T g4 for each tree level with varying values of
threshold (o) and damping factor (0).

The values of a and ¢ are determined empirically. To tune the values of a and ¢,
we tested Eq. 4.1 using different values of o (= {0.10,0.20,0.30, 0.40,0.50}) and ¢
(0= {0.01,0.03,0.05,0.07}). Figure 4.7 and Table 4.4 respectively show the various
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values of topic drift and threshold LSA (T1s54) with varying values of a and 4. From

Figure 4.7, we observe that the values a = 0.30, 6 =

No of nodes

0.05 give the best result.
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Figure 4.8: Number of nodes in the ontology with varying values o and 9.

Increasing Tr g4 further may affect the ontology by eliminating actual aspects.

Figure 4.8 shows the number of nodes present in the ontology with varying values

of a and . We observe that initially as the values of a and § increase, irrelevant

aspects get removed one after another. But, when we increase the values of a and ¢

beyond the minimal topic drift values (o =0.3, § =0.05), correct aspects start getting

removed, thereby decreasing the number of nodes.

T 44 =0.30 (5 = 0.05)

=1

T, 4, =0.35 (8 = 0.05)

1=2

T ¢4 =0.40 (5 = 0.05)

=3

Camera

|

Lens (0.53)

7 T

Focus (0.54) Optics (0.66) Shape (0.33)  Shutter (0.69)

/N __— N\

Ability  Category Selection Aperture Exposure Object
(041)  (0.38)  (0.37) (0.78) (0.46) (0.34)

Figure 4.9: Topic drift examples.

Some examples of topic drift removed using modified T g4 are given in Figure 4.9.
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As shown in Figure 4.9, using Eq 4.1 preserves closely related aspects and discards
irrelevant aspects such as category, selection, shape, and object. We found this new

definition of T g4 to be quite effective in avoiding topic drift.

4.3 FEvaluation

In this section, we present the detailed experimental evaluation of the proposed ap-

proach.

4.3.1 Experimental Setup

We perform our experiments on the dataset created by [54]. This dataset is commonly
used for the evaluation of different aspect extraction methods [90,119]. The dataset
consists of customer reviews of four electronic products, namely digital camera, mobile
phone, DVD player, and mp3 player. Table 4.5 presents a summary of the dataset

used for evaluation.

Product #Sentences F# Aspects

Digital Camera 597 85
Mobile Phone 346 100
DVD Player 740 97
Jukebox 1716 162

Table 4.5: Statistics of the product review dataset.

Due to brevity of space, we present results for the camera product only. Similar
results are achieved with other products. In the camera product review, there are

597 sentences and 285 manually annotated aspects.
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In order to prepare a clean dataset, we perform two types of pre-processing, namely
spelling correction and aspect grouping. Spelling error is the most common problem
in user reviews. For example, a user may misspell words, such as camera as canera,
aperture as aperature, etc. Due to such spelling errors, we get an ontology tree that has
wrong aspect names. Thus our first pre-processing step is the spelling correction. To
perform spelling correction, we use NLP based auto correction technique developed
by [110]. In the reviews, aspects may be mentioned in many synonymous forms.
For example, photo, picture, photograph, and image are all synonymous aspects. In
this case, we identify and merge all such synonyms using the WordNet synsets [37].
From the synonyms, we select the most frequently used aspect in the reviews, for the
ontology tree creation. This step reduces the number of manually annotated aspects,

and also gives the actual frequency count of aspects.

4.3.2 Ontology Evaluation Metric

The primary contribution of this chapter is the automatic construction of aspect
ontology. The evaluation of an ontology tree is done by comparing it with a gold-
standard ontology. In existing works, often the comparison is made manually by
domain experts. We use two metrics, namely, accuracy measure and edit distance,
to evaluate the created ontologies. The accuracy metric involves standard precision
and recall. We also use a tree edit distance based measure to compare the aspects

arrangement in the constructed ontology with that of the gold-standard ontology.

Gold-Standard Ontology

To create the reference gold-standard ontology, we asked five Ph.D. students from
Computer Science background to construct aspect ontology. All the five Ph.D. stu-
dents work in the area of data mining, and are aware of sentiment analysis and opinion

mining of product reviews. Specifically, three of them have in-depth knowledge about
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camera specifications and reviews, while the remaining two have a reasonable idea
about camera domain. The students were given a list of all manually marked aspects
extracted from the dataset and the reviews. Each student had to create an ontol-
ogy utilizing these two information. Since our algorithm uses reviews to mine the
relationship between aspects, we asked the students to utilize the aspect relationship
information present in reviews. After each student came up with their own ontology,
they resolved their ontology disagreement together. To maintain consistency, we re-
quired the sub-aspects to be placed alphabetically from left to right at each level of

the ontology. The obtained gold-standard ontology is shown in Figure 4.10.

Camera

T

Battery Flash Lens Picture  Ease of Use Viewfinder

N\

Button Noise Shot Speed Focus Optics Zoom Shutter Quality

/ N

Dial Aperture Exposure

Figure 4.10: Gold-standard aspect ontology tree for camera.

Although there were 85 manually annotated aspects in the dataset, the volunteers
agreed on using only 19 aspects for creating the ontology. This means that only 22%
of the annotated aspects are frequent and unique. The unused manually annotated
aspects were either synonymous or very less related to the product. For example,
picture and image are synonymous, and the aspects such as feel, casing, strap, tiff
format, import, depth, lever have weak relationship with camera.

There were some challenges in creating the gold-standard ontology. When users
provide reviews, they do not follow a standard naming convention for aspects, which
leads to creation of synonymous aspects. Another challenge is to deal with redundant

aspects. For example, the aspects battery, battery life, and battery charging are three
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different aspects related to one aspect battery. To overcome this problem, redundancy
pruning [54] is applied. In redundancy pruning, we find the support for each aspect,
where the support of an aspect is the number of sentences that includes the particular
aspect. The aspects having support lower than a minimum support value (7},;,) are

pruned out as redundant aspects.

Accuracy Measures

The aspect accuracy of the ontologies generated by applying our proposed approaches
is measured using precision, recall, and F'1 score. Precision gives the percentage of
correct aspects that are present in the generated aspect ontology tree while recall gives
the percentage of correct aspects out of the total number of correct aspects present in
the gold standard aspect ontology. Precision is defined as the ratio of correct aspects
that are present out of the total number of aspects in the generated aspect ontology
while recall is defined as the ratio of the number of correct aspects in the generated
ontology and the number of gold standard aspects. Let T be the number of aspects
present in the generated ontology tree and C be the total number of correct aspects
present in the gold standard aspect ontology. Then, T'P (true positive) is |[T'NC|, F'P
(false positive) is |T\C|, FN (false negative) is |C\T'|. We can formulate precision

and recall as follows:

TP
Precision, P = ————— 4.2
recision, TP FP (4.2)
TP
R€CCL”, R = m—m (43)
2« Px R
Fi=——— 4.4
" P+R (44)

Tree Edit Distance

We evaluate the similarity of the created ontology compared to the gold-standard

ontology by using tree edit distance as a metric [113]. Tree edit distance between two
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ordered labeled trees is defined as the minimal-cost sequence of node edit operations
that transforms one tree into another using three node edit operations: delete, insert
and rename. Each node edit operation has an associated cost. The cost of an edit
sequence is the sum of the costs of its edit operations. If the created ontology tree
and the gold-standard ontology tree have two aspects that are synonymous, then we
rename the aspect in the created ontology using the gold-standard ontology aspect
name. Thus to compute edit distance, we only count the delete and insert operations.
Let d and 7 be the number of delete and insert operations respectively, and n be the
number of possible ways to transform the created ontology to gold standard aspect

ontology. Then, tree edit distance, F is defined as follows:

E =min{C;}; C;={d;+i;}, 1=1,2,3,...,n (4.5)

where C; is the cost of j way to transform to the gold standard ontology.

4.3.3 Ontology Evaluation

In this section, we compare the ontology created by our two proposed ontology cre-
ation algorithms, namely SemR and SemS, with the gold-standard ontology. SemR
uses semantic relationships, whereas SemS uses semantic similarity to construct on-
tology. The process of constructing ontology is independent of how the aspects are
extracted. While creating ontology, we only need to consider how to place the as-
pects in the ontology tree. In our dataset, the aspects are manually labeled. We
apply our SemR and SemS algorithms on these aspects and compare them with the
gold-standard ontology. Since it is difficult to get a manually labeled aspect review
dataset, we use the algorithm proposed by [55] to automatically extract the aspects.
We then apply SemR and SemS algorithms on these automatically extracted aspects

to create ontologies and compare them with the gold-standard ontology. In both
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cases, we find that SemS gives significantly better ontology compared to SemR. The

result of the comparison is given in Table 4.6 and Table 4.7.

Manually Labeled Aspects | Automatically Extracted Aspects
Algorithms
(MLA) (AEA)
Precision | Recall Fi Precision | Recall F1
SemR 66.66 73.68 69.99 56 73.68 63.63
SemS 93.75 78.94 85.71 78.94 78.94 78.94

Table 4.6: Precision and recall of the proposed approaches w.r.t. gold-standard
aspect ontology.

Ontology #Aspects Height Edit Distance #Leaf Nodes
Gold Standard 19 4 0 14
SemR on MLA 21 3 16 17
SemS on MLA 16 4 5 9
SemR on AEA 25 3 16 20
SemS on AEA 19 4 7 10

Table 4.7: Similarity between created ontology trees and gold-standard ontology.

Ontology Using Manually Labeled Aspects

As can be seen in Table 4.6, SemS has higher precision, recall, and F1 score than

SemR. Compared to SemR, precision, recall, and F1 score of SemS are higher by

27.09%, 5.26%, 15.72% respectively. SemR is based on manually assigned relationship
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between the concepts. Since it is hard to define all possible relations between concepts,
SemR is limited by the number of relations present in the knowledge base. In SemR,
some of the relations are less relevant to a given ontology concept. Since SemR does
not consider intensity of association between concepts, the ontology generated by
SemR contains some unrelated aspects having a weak association with camera, such
as function, software, and color. On the contrary, SemS is based on the principle
that related aspects tend to occur together in reviews. SemS uses LSA to assign
a qualitative similarity score to aspect associations, and so is not limited by the
relatedness knowledge base. As a result, it can achieve higher accuracy and efficiently
prune out aspects that have weak association with the product. Figures 4.11 and 4.12
show the ontology obtained using SemR and SemS approach with manually labeled
aspects.

Camera

T

Aperture Battery Canon Exposure Flash Lens Megapixel Picture Shutter Viewfinder

Button Function Software Focus Lens Cap Zoom Color Noise Quality Optics

Figure 4.11: Aspect ontology tree created using the SemR approach.

Camera
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Flash Lens Picture Viewfinder
7"\ SN T N
Button Noise Shot Speed Focus Optics Shutter Quality Control
/ AN
Dial Aperture

Figure 4.12: Aspect ontology tree created using the SemS approach.

In terms of tree edit distance, from Table 4.7, we observe that SemS approach
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gives an edit distance of 5 and has 71% fewer edit operations compared to SemR
approach. This shows that the resulting aspect ontology is able to capture most of
the popular aspects present in the gold standard aspect ontology. SemR ontology has
some aspects that are present at different locations compared to the gold standard
aspect ontology. This is due to the limitations of its knowledge base. For example,
aperture and shutter appear as children of camera using SemR approach, while they
appear as children of lens in the gold standard aspect ontology. In addition to this,
some more unrelated aspects are present such as software, function, and color. The
lower precision of SemR also affects the tree edit distance as more delete operations
are required to remove the unrelated aspects.

Another key observation is the height of the generated aspect ontology trees.
From Table 4.7, we find that the height of the ontology trees obtained using SemR
and SemS approaches are 3 and 4 respectively, which is very close to that of the gold
standard ontology. The shallow height implies that the nodes of the aspect ontology
are distributed equally at all levels. This results in a well-balanced structure of the
aspect ontology. Increasing the ontology height accelerate the chance of topic drift
and domain concept dilution [107]. To give an illustration, the concepts aperture and
crack are related. Increasing the aspect ontology height by putting crack as a sub-
aspect of aperture in Figure 4.12 would lead to topic drift as crack is not a sub-aspect

of camera.

Ontology using Automatically Extracted Aspects

Figure 4.13 and 4.14 shows the aspect ontology generated by SemR and SemS respec-
tively on the automatically extracted aspects (AEA). From Table 4.6, we observe that
the automatic methods give comparable results as that of the ontology trees obtained
using manually labeled aspects (MLA). The recall of the AEA methods is same as

that of MLA methods for both SemR and SemS approaches. This is because once

60



the aspects are extracted, our algorithms accurately capture associations between the
aspects. However, there is a slight decrease in precision of AEA methods compared
to MLA methods. The precision of SemR with AEA drops by 10%, while SemS with
AEA drops by 15% when compared to the corresponding MLA methods. This slight
decrease in precision is due to the inability of AEA methods to detect implicit aspects
such as ease-of-use as well as due to the presence of aspects that are not related to
the ontology domain. Some of the unrelated aspects include ability, photography, and
metering. The presence of such unrelated aspects also results in a slight increase of

tree edit distance for AEA methods.

Camera

T

Aperture Battery Canon Exposure Flash Lens Megapixel Picture Shutter Viewfinder

Button Function Software Focus Lens Cap Zoom Color Noise Quality Optics

Figure 4.13: Aspect ontology tree created using SemR approach on automatically
extracted aspects.
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Figure 4.14: Aspect ontology tree created using SemS approach on automatically
extracted aspects.
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4.4 Conclusion

In this chapter, we introduce two novel approaches to create an aspect ontology tree
by finding the relationship between aspects of a product. One can use this aspect
ontology tree to explore reviews. We construct the aspect ontology tree using semantic
knowledge base and semantic similarity. Our results are quite promising, showing
that our approach can create aspect ontology with high F'1 score. We find that SemS
approach gives higher F'1 score compared to SemR approach, both for manually
labeled aspects and automatically labeled aspects. By incorporating ontology trees,
we can make review exploration simpler and provide insight about aspects relationship
while summarizing product reviews. Our method is ideally suited for product review
summarization. Our approach is also extendable to summarize blogs, debates and

online forum posts.
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Chapter 5

Exploration of Reviews using

Opinionated Tags

5.1 Introduction

Web 2.0 is marked by a tremendous growth of social media and user-generated con-
tent, such as texts, images and videos. Tags have lately surfaced as a convenient way
of organizing and summarizing such user-generated contents due to their simplicity
in indexing and ease of user participation. A tag is a keyword that is used to describe
the object of content, and it facilitates keyword-based classification and information
search. The unique ability of tags to group and share information has changed how
people consume information. Recently researchers [16,22] have shown that tags are
one of the most reliable sources for many Information Retrieval (IR) services, such as
content classification, searching and ranking of posts. Tags have also been used for

expert profiling [127] and document summarization [155].

Tags are employed in social networking sites and Community Question Answering
(CQA) sites, such as Yahoo! Answers [170], Stack Exchange [144] and Quora [120]

for indexing question-answers [171] and for routing questions [167] to get answers
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Figure 5.1: Some popular platforms that use tags for information identification and
categorization.

Il

from experts. Some of the popular user-generated sites that use tags for organizing
information are shown in Figure 5.1.

Although social networking sites allow users to create their own tags while posting
content, CQA sites require users to select a set of tags from the collection of tags that
are created by privileged users. For quality control, CQA sites allow only users with
at least some minimum reputation score to create new tags. The visibility of content
depends primarily on the post content and the tags associated with it. Most of the
existing tagging schemes rely mainly on their users to manually annotate content with
tags.

Manually assigning tags is laborious and is often difficult due to the enormous
number of possible tags. For example, the CQA site StackOverflow has around 50K
tags, and a user has to select between 1-5 tags that best describe their question. Few
of these sites use tag recommendation systems [40, 44, 148] to help the user select
good tags. Tag recommendation systems can only help with tag annotation, but not

with tag creation. In this chapter, we present a tag generation system for opinionated

64



contents, such as reviews and debates. Although the problem of sentiment analysis
has been widely studied for opinionated contents, to the extent of our knowledge,
there is no existing work that has addressed the problem of automatically tagging
such contents. We propose the use of tags as a mechanism to summarize product
reviews.

A recent trend of research on tag generation [127,134,142] has focused on providing
useful and relevant tag suggestion to users. Most of the existing approaches result
in unigram tags, which are sometimes not sufficiently informative. In the case of
product reviews, the generated tags should be rich enough to eliminate the need for
the customer’s prior insight into the product. To illustrate, Fig. 5.2 shows the tags

generated from reviews of a camera product by Amazon.com.

Read reviews that mention

white spots design flaw nikon coolpix easy to use pictures also
little camera great photos camera does a great camera is small
lens photo canon digital fix slow cameras

Figure 5.2: Amazon generated tags for a camera from reviews (accessed on
25.12.2018).

It can be noticed that almost half of the tags such as canon and digital do not
provide useful information about the product. Also, tags such as fix and pictures also
provide noisy information about the product. Instead, providing phrases conveys
deeper understanding than individual words. To better understand the problem,

consider the following example of a camera review:

Example 8 ‘Best picture quality for any point and shoot I have used. The lens is
excellent and the camera case is good. It has an amazing flash for the price! If you’re

just starting out, I would recommend starting out with this flash so that you have
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something good while saving up for top-notch lighting equipment. It is easy to use

even for an amateur such as myself.’

Here, summarizing the review with the unigram tags such as flash is not useful to
understand the quality of the product or its aspect flash. However, summarizing it
with the phrase tag like amazing flash makes it easy to understand the customer’s
sentiment associated with the product aspect flash. We extend conventional tag
generation approaches to generate meaningful tag phrases from the opinionated text
and use the tag phrases to summarize customer reviews.

As products generally have a considerable number of customer reviews, computing
a set of meaningful tags for review summarization is a challenging task. A product
may have many aspects and some aspects are more popular than others, thereby
having a significant impact on consumers’ decision. In Example 8, the aspect picture
quality would have more impact than the aspect camera case. Picture quality is a
primary aspect for buying a camera while camera case is an accessory and it is not
related to the performance of the camera. We address this task as a tag ranking
problem.

Often, there are cases where the grammatical structure of the reviews does not give
sufficient information for generating useful tags. In Example 8, the opinion ezcellent
is associated with the aspect lens although they do not appear adjacent. Forming
the tag phrase ezcellent lens makes more sense than the tag lens. We introduce five
Natural Language Processing (NLP) rules based on Part-of-Speech (POS) structure
that helps in making the tags meaningful. Given a product, we build a system that
assists users by providing a set of meaningful tags from the product reviews. Our
system achieves promising results when evaluated on 12 real-world product review
datasets from Amazon.com.

Following are some of the significant observations:

o The tag phrases generated by our unsupervised approach are related to the
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products and are found helpful to understand the product reviews.

» Popular (high-rated) products have a higher number of reviews than cold (low-
rated) products, suggesting that people are mainly interested in popular prod-

ucts.

o The average length of a review is much shorter for cold products compared
to popular products. This is because people tend to talk about their good
experiences for popular products and write longer reviews whereas they do not
write in length about their bad experiences of using cold products. So, cold

products suffer from the problem of generating noisy tags.

We show how tags from popular product reviews can be leveraged to find relevant

tags in cold product reviews. Our key contributions of this chapter are as follows:

o We address the problem of customer reviews summarization. We present the

problem as the tag generation problem.

o We propose a novel approach to find useful tags by ranking and refining the

generated tags.

o We investigate the performance of tag generation on reviews of 12 products.

o We categorize products into popular products and cold products and investigate

the tag generation performance.

The rest of the chapter is structured as follows. Section 5.2 details the prob-
lem definition and explains the proposed approach for unsupervised tag generation
from reviews. The dataset used, experimental setup, and evaluation is discussed in

Section 5.3. We conclude this chapter in Section 5.4.
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5.2 Tagging Product Reviews

In this section, we present our unsupervised approach to summarize product reviews
by generating top-k tags. We give the problem definition in Section 3.1 and our

solution in the remaining three subsections.

5.2.1 Problem Definition

There are many factors that determine the nature of reviews that a product gets.
For example, a popular product, which is available since a significant time, may have
many reviews, some of which could also be very detailed. On the other hand, a new
product or a low rated product may have only few reviews, most of which will be very
short. Although for popular products, the reviews may explain the pros-and-cons of
different aspects of the product; for low rated products, most of the reviews will be
short with an overall negative sentiment. To tag these different classes of product

reviews, we propose the following two tag generation problems.

Problem 1 Tagging Popular Products: Let P be a product and Rp =
{ri,m2,73, ..., 7, } be the set of customer reviews of the product P, where each re-
view r; consists of a customer’s feedback and an overall rating on the product P. Our
task is to generate top-k tags T' = {t1, s, ..., tx} for the review set Rp.

Popular products have many reviews. Many of these reviews have sizable content
and has a high rating for the product. They contain experience of users about the
product and its comparison with other products. In general, a popular product has
hundreds of reviews and the average length of each review is around 1500 characters.

Since popular products have many reviews and lot of content, if we use existing
topic labeling methods, such as LDA [14], TNG [161], etc., to generate the tags,
then we will get many topic labels, all of which we cannot show to users. Moreover,

many of these labels may not be suitable for human reading. For example, they
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would generate tags such as years ago, level camera, camera takes, etc. To reduce the
number of tags, we select top-k tags that summarize all the reviews. To make it more
presentable and informative to users, we process the top-k tags using NLP syntactic

rules, as described in Problem 3.

Problem 2 Tagging Cold Products: Let P be a product that has very few reviews
or has mostly low ratings, and Rp={r1,79,73,...., 7} be the set of customer reviews
of the product P, where each review r; consists of a customer’s feedback and an overall
rating on the product P. Our task is to generate top-k tags T = {t1,t, ..., 1} for the
review set Rp.

In contrast to popular products, there are many cold products, such as low rated
products and new products, which have less than 15 reviews with an average length
of 500 characters per review. These products suffer from the problem of cold start
due to lack of review content. In this chapter, we are not targeting new products
as many of them do not have reviews or rating information. We are targeting low
rated products that have few reviews, which are mostly negative. Low rated products
are not good quality product; thus most of the reviews contain customers’ discontent
with the product. Such reviews are generally short and may not even contain much
information about the product. Due to these reasons, it is hard to generate tags for
them.

Existing topic-generation methods do not work well when we have such a small
amount of data. For example, consider a low-rated product review: ‘It is a complete
waste of time and money’. Since the review is short and does not even contain much
of product-related information, it is hard to generate candidate tags. We propose a

tag generation method for such products by using tags from popular products.

Problem 3 Tag Refinement: Given the top-k generated tags for a product P, parse
the reviews and use NLP syntactic rules based on the POS patterns to make the tags

more readable and informative through word transformation and by including popular
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customer sentiment.

Topic modeling algorithms are effective in finding noun forms of tags. However,
such tags may not capture the sentiment terms associated the tags and thus may
not give sufficient semantic information. For example, the tag lens cap represents
an aspect only, but does not provide the opinion of customers associated with the
aspect. Providing the associated sentiment loose to form the tag loose lens cap makes
the tag more meaningful. Sometimes, the grammatical structure of the tags makes it
difficult to understand. For example, the tag focusing low light does not make much
sense. We can make it meaningful by rewriting as low light focusing. Occasionally,
the tags may fail to capture the right context. For instance, the tags good picture
and big lens are entirely different from the tags not good picture and overly big lens
respectively. We make the tags more readable by adding popular sentiment words
from the reviews and changing the grammatical structure of the tags based on NLP

syntactic rules.

5.2.2 System Architecture

Product Reviews

Popular Product

Reviews
Tag Cloud

Popular

Product
Type

Cold

Generate Candidate Tags

|

Find Top-K tags

Refine Top-K Tags

Opinion
Lexicon

Figure 5.3: System Architecture.
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Figure. 5.3 shows the architectural overview of our proposed review tagging sys-
tem. Given a product, the system takes user reviews as input and generates top-k
product relevant tags as output. The reviews undergo the following steps: (1) gener-
ating candidate tags, (2) ranking the candidate tags, and (3) refining the top-k tags
using syntactic rules. Unlike existing supervised tag recommendation systems [10,19],
this chapter presents an unsupervised method to generate tags for customer reviews.

The details are explained in the following subsections.

5.2.3 Generating Candidate Tags

User-generated reviews are generally noisy in nature with many grammatical and
spelling mistakes. Such faulty texts may generate unwanted tags and we may also
miss good tags. Since we do not want such distorted texts to hinder the tag gen-
eration process, we clean review texts using the pre-processing steps mentioned in

Section 2.2.2.

After refining the reviews of noisy text, the next step is to generate candidate
tags. Customers usually do not provide any topic marker while writing reviews.
Topic modeling methods based on bag-of-words representations are commonly used
to identify key terms from text documents [31,44,155,161]. We consider each review
as a document and adopt a bag-of-words representation of the reviews by extracting
n-grams with varying sizes (n=1, 2, 3) from the corpus. Using the n-grams, we
extract candidate tags by applying three popular topic modeling techniques, namely
popularity, TF-IDF and Topical n-gram (TNG) [161]. The techniques are explained

as follows:

Popularity: Popular tags are the n-grams that frequently appear in customer re-

views. We use term frequency based popularity algorithm [155] to find candidate
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tags. Popularity is defined as follows:

fq

maxy, fr

Pop(q) = (5.1)

where ¢ is the given tag, f, is the number of times the tag ¢ appears in all reviews,
and maxy, fi, is the count of the most popular tag across all reviews. A high popularity
score indicates that the tag is highly relevant as many times it has been mentioned

in the reviews.

TF-IDF: To reduce the significance of commonly appearing tags in favor of more

unique ones, we use TF-IDF score of tags, which is defined as:

TF-IDF(q) = Pop(q) = log (ﬁ) (5.2)

Ny

where N is the total number of reviews of a product, n, is the number of reviews with
tag g in it. TF-IDF score has two terms: the first term represents the term frequency

(TF) and the second term represents the Inverse Term Frequency (IDF).

Topical n-gram (TNG): TNG [161] is a probabilistic topic modelling algorithm
that extends Latent Dirichlet Allocation (LDA) [14] to model topics from documents.
Unlike LDA, TNG can model words as well as phrases. TNG model is able to decide
whether a bigram is a phrase or not according to context. For example, the bigram
good picture carries a special meaning with respect to the topic camera, whereas the
phrase good news does not. TNG does this by adopting a joint distribution P(t,b|x)

and has the distributional presumptions:
xilxi_1,t;,b; = 1,0 ~ Discrete(6;,) (5.3)

xi|zi1,ti,b; = 0, ¢ ~ Discrete(¢y,, ;1) (5.4)
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bi|ri_1,ti_1,v ~ Bernoulli(my,_,,x;_1) (5.5)

where each document d is expressed as a mixture of latent topics ¢;’s. Each topic t is
expressed as a mixture of terms z’s determined by a multinomial distribution 6. b; is
a binary variable that indicates whether the term x is affected by the preceding term
or is the beginning of a new n-gram starting at the i position. If b; = 1, then the
term z; is not affected by the previous word and is considered to be the start of a new
n-gram. b; divides a collection into sequential non-intersecting n-grams of different

sizes. 7., and ¢, are distributions equipped with conjugate prior distributions:

Vew ~ Beta(\) (5.6)
Gr ~ Dirichlet(d) (5.7)

where v and d are some hyperparameters.

The above tag generation algorithms favor frequently occurring n-grams as candi-
date tags. Candidate tags generated by popularity and TF-IDF are mostly unigrams
as they occur more frequently than phrases. Unlike popularity and TF-IDF, TNG
takes the sequential nature of text into consideration to generate words and phrases
as topics. As phrases bear more meaningful information than words, TNG gives bet-
ter tags compared to popularity and TF-IDF. We consider the tags generated from
TNG as candidate tags for further processing.

Due to the limited availability of reviews in cold products, TNG is not able to
generate good key terms as tags. Many of the irrelevant words get generated as tags.
We do not want to show irrelevant words as tags. To find the useful tags from cold
product reviews, we leverage popular product reviews having a similar domain. We
approach this as a transfer learning problem.

Candidate tags of popular products contain useful tags that are commonly used

by customers while writing reviews such as picture quality, shutter speed, battery life,
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and touch screen. So, for products having a similar domain, the same set of frequent
aspects would be present in popular as well as cold products. Although such useful
tags are also present in cold products, TNG is not able to detect such tags due to the
sparsity of reviews. We leverage the candidate tags from reviews of popular products
to enhance the tag generation of cold products by discovering useful tags.

After applying TNG, we collect the top 50 candidate tags containing aspect in-
formation from each popular product belonging to similar domain and use it to form
a tag cloud (C). From C', we use the aspect information to find tags information for
the cold products. For a cold product, we parse through each review and find the
tags that are present in C. C' is also used to find the review-tags dictionary (RT)
for each review, which stores the tags present in each review. RT is in turn used to

obtain the top-k most useful tag set.

5.2.4 Ranking Candidate Tags

Some reviewers write long reviews, while others write short reviews. TNG gives more
importance to long reviews as they often have repeated key terms. But, in short
reviews, key terms generally appear once only and related terms are also absent.
Although useful tags may be present in short reviews, frequent tags from long reviews
tend to dominate the result of TNG. To overcome this bias, we take into consideration
the number of reviews where a tag is present and focus on finding the useful tags
instead of frequent ones. A tag that is present in many reviews is considered more
useful than a tag that is present in few reviews.

We propose a greedy approach to rank the candidate tags obtained using TNG to
find the tags that are preferred by many users. We use coverage to find useful tags,

i.e., tags that cover a maximum number of reviews. Coverage of a tag ¢ is defined as:

Cou(t) = % (5.8)
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where n; is the number of reviews that contain the tag t and N is the total number

of reviews.

Algorithm 4 Tag Usefulness Ranking TUR(P,Pp,Rp)

Input: P: Product
P,: Set of popular products belonging to domain D = {p1,p2, ..., i}
Rp: {ry,r9,...,a,} = Customer reviews of product P
Te: {te,tes, ..., te, } = Candidate tags for popular products P,
Output: C = {¢1,¢9,...,cn} = Tag cloud = set of candidate tags of P,
T: {ty,tq,...ty} = Top-k relevant tags generated from the reviews

Method:

. C «+ {},Tc <[], Max coverage tags, T' < ¢, Review-tags dictionary, RT < ||
: for all p € P, do
Tc + RANKCANDIDATETAGS(p)
for all ¢; € T do

if ¢; ¢ C' then

C.ADD(¢;)

end if
end for
: end for
. if P € P, then
for all r, € R, do

RT[r;] < EXTRACTTAGS(r;, 1)
end for
. else
for all r, € R, do

RT[r;] < EXTRACTTAGS(r;, C)
end for
. end if
: while len(T) < k or R, # ® do
t + arg mcax{|cov(ci, RT)|}
T.APPEND(t)
R; <~ ASSOCIATIONSET(t, RT')
To+—To—t
R, +— R, — R,
: end while
: return T’
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Due to the limited availability of reviews in cold products, TNG is not able to
generate good key terms as tags. Many of the irrelevant words get generated as tags.

We do not want to show irrelevant words as tags. To find the useful tags from cold
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product reviews, we leverage popular product reviews having a similar domain. We
approach this as a transfer learning problem. Candidate tags of popular products
contain useful tags that are commonly used by customers while writing reviews such
as picture quality, shutter speed, battery life, and touch screen. Although such useful
tags are also present in cold products, TNG is not able to detect such tags due to the
sparsity of reviews. We leverage the candidate tags from reviews of popular products
to enhance the tag generation of cold products by discovering useful tags. After
applying TNG, we form a tag cloud (C) by collecting the top 50 candidate tags from
each popular product belonging to the same domain. C is used to find useful tags for
cold products. For a cold product, we parse through each review and find the tags
that are present in C. C'is also used to find the review-tags dictionary (RT") for each
review, which stores the tags present in each review. RT is in turn used to obtain

the top-k most useful tag set. The tag ranking algorithm is given in Algorithm 4.

Given a product P and a set of reviews Rp, TU R follows a greedy approach to find
the most useful tags. Step 1 initializes the tag cloud C, the ranked list of candidate
tags Te, the useful tag set T" and the review-tags dictionary RT'. Steps 2-9 uses the
candidate tags of popular products to get the tag cloud C. For each product p, step 3
finds the top-50 tags that have the highest TNG topic relevance score and store it in
Teo. Then, for each tag ¢; in T, steps 4-8 adds ¢; to the tag cloud C'if it is already
not present. We leverage C' to find tags from cold product reviews. Step 10 checks
if the product P is present in the popular product set B,. P, contains a collection of
popular products obtained after analyzing the average product rating of each product.
For each review r;, steps 11-13 use the candidate tags T to extract the relevant tags
present in r; and store the tags in the Review-Tag dictionary RT. While for a cold
product review, step 15-17 uses the tag cloud C' to extract review specific tags RT.
Using the relevant tags present in RT', steps 19-25 iterate until we get either the

top-k useful tags or all the reviews are covered by the tags. At each iteration, it finds
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and appends the most helpful tag from T to T', which covers the maximum number
of uncovered reviews at that moment. Step 20 finds the tag ¢ that has maximum
coverage and adds it to the tag set T" in step 21. Step 22 computes the association
set (R;) of t to find the reviews that are covered by it. Steps 23-24 remove ¢ and the
associated reviews (R;) from T and Rp respectively. Finally, step 26 returns the list

of top-k most useful tags (T') after greedily finding the tags.

5.2.5 Refining Top-K Tags using Syntactic Rules

The previous step generates a list of core phrase tags from the reviews. Although
the generated top-k tags are useful, some of the generated tags do not give sufficient
semantic information due to missing sentiment terms. In general, popular products
are associated with positive sentiment words, while many of the cold products are
associated with neutral or negative sentiment words. To find the sentiment terms,
we analyze the Part-of-Speech (POS) patterns that are generally associated with
phrases of opinionated text using the Stanford NLP dependency parser and develop
five syntactic rules to enhance the usefulness of the tags. We apply these syntactic
rules after parsing the reviews and also finding the top-k useful tags 7. The tag
phrases obtained after applying the syntactic rules are found to be more readable

and meaningful. Table 5.1 presents the syntactic rules.

Opinion Rule

Opinion words are generally adjectives and they provide useful subjective information.
So, whenever an adjective is present before a noun tag phrase (NP), we check if it
belongs to an opinion word by using an opinion lexicon [73] and note its polarity.
When an opinion word (JJ) is present before a noun phrase tag (NP) in reviews, the
opinion word is considered as a part of the tag phrase. However, different customers

may use different opinion words of varying polarity for the same tag. Consider an
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Rule POS Pattern Description Example
amazing picture quality, good battery
Opinion Opinion word (JJ) is present | life, loose lens cap, better picture qual-
ru}tl)c JJ+NP before tag phrase (NP) in re- | ity, best camera, great optical zoom,
views powerful features, fantastic raw image
mode, small display
. Negati d (NG) i . .
Negation NGANP reeiiri:nbefwo(;; ta( %ragz not good picture, not auto focus, no tiff
rule IE)TP) & P format, never fails, no better camera
extremely flexible lens, easily operable,
Intensifier Adverb intensifier (RB) is | extremely satisfied, really long zoom,
rule RB+JP present before adjective tag | very pleased, too small display, quite
phrase (JP) bulky, very long zoom, moderately
bright flash
processing raw image — raw image
processing
focusing low light — low light focusing
ing lens — 1 ing
Gerund If a verb (VBG) is present Zoomlng. ens. o Z?omlng
transfor- | VBG+JP — before an adjective tag t.ransferrlng image — image transfer-
mation | JP+ VBG phrase(JP), then put it at ring
rule the end of the tag shooting portrait — portrait shooting
enlarging easily — easily enlarging
charging battery — battery charging
shaking less — less shaking
looking ugly — ugly looking
optical zoom works great — great op-
tical zoom
If an opinion word (JJ) is lens cap is very loose — loose lens cap
present at the end of a .
noun /adjective phrase tag camera is sharp — sharp camera
lonfc)lll?:jn NP/JP+VBZ+JJ | with a verb (VBZ) in optical zoom works great — great op-
rule — JJ+NP between, place the opinion tical zoom

word (JJ) at the beginning
of the tag and remove the
verb (VBZ)

strap is horrible — horrible strap

quality is amazing — quality

settings provides excellent — excellent
settings

Table 5.1: POS rules used to enhance the meaning of tags.
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example, where multiple customers associate the tag picture quality with different
opinion words such as amazing, excellent, good, poor, bad, etc. For a given tag,
generating multiple tag phrases with varying opinion words would lead to several
ambiguous or redundant tags such as amazing picture quality, good picture quality, and
poor picture quality. We need to find the right polarity and the accurate opinion word
associated with the tag. To this end, we count the number of positive and negative
opinion words associated with the tag and select the polarity that has maximum
count as the polarity of the tag. Among the same polarity opinion words, we choose
the most frequent word as the opinion word associated with the tag. In the above
example, the tag picture quality is associated with more positive opinions. Among
the positive opinion words, considering amazing appears in more number of reviews

compared to excellent and good, we refine the tag as amazing picture quality.

Negation Rule

Sometimes, tags are associated with negation words, thereby reversing the meaning
of the tags. For instance, the meaning of the tag phrase good picture is reversed when
the negation word not is present before it, forming the tag phrase not good picture.
Negation rule is used to handle such cases. We add negation word to a tag phrase
only if the majority of the customer talking about the tag phrase are negative about
it. If a negation word appears before a tag phrase, we count the number of times the
tag phrase is associated with negation word in the reviews. If it is more than half of
the number of occurrence of the tag phrase, we associate a negation word not with

the corresponding tag phrase.

Intensifier Rule

Adverbs (RB) intensifies an adjective phrase (JP) when present before the phrase. So,

whenever an adverb is present before an adjective phrase tag, intensifier rule is used to
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add adverbs (RB) present before an adjective phrase tag (JP). Doing so complements
the sentiment associated with the phrase tag. For example, the tags overly big lens,
and fast shutter speed conveys more information than the tags big lens, and shutter

speed respectively.

Gerund Transformation Rule

Gerunds in some of the tag phrases appear in distorted forms such as processing
raw image, focusing low light, etc. These phrases have a gerund (VBG) followed by
an adjective phrase (JP). We observe that if the gerund appears after the adjective
phrase (JP 4+ VBG), the phrases are more readable. Gerund transformation rule is
used to find the tag phrases that contain gerunds followed by adjective phrase (VBG
+ JP). Whenever such a phrase occurs, the gerund is shuffled at the end of the phrase
(JP + VBG) as shown in Table 5.1.

Opinion Inclusion Rule

In some cases, we observe that the opinion words (JJ) appear after tag phrases
(NP/JP) with a verb (VBZ) in between (NP/JP + VBZ + JJ) such as ‘lens cap
is loose’, ‘optical zoom works great’, etc. Opinion inclusion rule adds opinions words
having such a pattern to the beginning of the phrase tag and discard the verb (VBZ).

For example, the phrase ‘lens cap is loose’ is transformed into ‘loose lens cap’.

5.3 Evaluation

In this section, we present the evaluation of our proposed approach on tag recom-
mendation for product reviews. We first describe the dataset and experimental setup.

Then, we present the evaluations and interpretations of our observations.
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5.3.1 Experimental Setup
Dataset

To perform our experiments, we consider product reviews from Amazon. We use the
Amazon review dataset!, which is one of the most popular datasets in review analysis
research [61,98,178]. The dataset comprises of consumer experiences, such as review,
rating, and helpfulness votes on products along with product information, such as
descriptions, brand, price, etc., on 24 product domains for the period May 1996 -
July 2014. Every product domain has multiple sub-domains. We choose the ‘Camera
and its accessories’ domain and conduct experiments on the consumer reviews of 12
electronics products from 5 sub-domains, namely 8 digital cameras, 1 digital frame,

1 router, 1 speedlight and 1 wireless trigger.

Product Review Selection

We observe that the nature of reviews varies from popular products to cold prod-
ucts. Popular products have significantly more reviews, which are also quite detailed,
compared to the cold products. From the dataset, we identify popular products and
cold products based on the average overall rating of the product and the number
of reviews. For the experiment, a product with an average overall rating of four or
five and a huge number of reviews is considered as a popular product. On the other
hand, a product with an average overall rating of one or two and with less number of
reviews is considered a cold product. To ensure that the reviews are useful, we select
only those products that have reviews with average sentence length greater than 5
and at least two helpfulness votes. We choose the top six popular products and the
top six cold products with the highest number of reviews. The entire dataset contains
13218 sentences. The statistics of the dataset is shown in Table 5.2.

From Table 5.2, we can infer that the number of reviews for popular products is

Thttp://jmcauley.ucsd.edu/data/amazon/
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Product name No. of reviews Product type

Digital Camera 1 137 P
Digital Camera 2 137 P
Digital Camera 3 134 P
Camera Flash 403 P
Digital Frame 110 P
Router 205 P
Digital Camera 4 17 C
Digital Camera 5 15 C
Digital Camera 6 18 C
Digital Camera 7 8 C
Digital Camera 8 10 C
Wireless Trigger 14 C

Table 5.2: Dataset Statistics.

much more compared to cold products. This is because customers do not prefer to buy
low rated products and also do not spend much time to describe their bad experiences.
Also, the average number of sentences for high-rated products is much more than the
low-rated products. This indicates that while writing reviews, customers tend to
describe more about their likings of high-rated products and very little about low-

rated products.

Tag Relevance Assessment

To determine the relevance of the generated tags, we asked five Ph.D. students to label
the generated tags. All ten students have proper knowledge of electronic products.
We select a set of reviews that cover the generated tags and are provided to the
students for reference. Then, the scholars are asked to grade each of the generated

tag based on the following five-point relevance scale:
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non-relevant (score 0): The tag is distorted and has no association with the

product (e.g., view, stars, ghost hunting, awkward place).

ordinary (score 1): Although the tag is well-formed, the association with the
product is ambiguous (e.g., accessory genie, canon line) or partial (e.g., frame,

shutter).

marginally relevant (score 2): The tag is well-formed and is a secondary
product aspect without sentiment (e.g., camera settings, extra battery, wireless

feature).

relevant (score 3): The tag is well-formed and is a primary product aspect

without sentiment (e.g., white balance, viewfinder, power button, touch screen).

highly relevant (score 4): The tag is well-formed and is either a primary or
secondary feature with a sentiment (e.g., awesome video, compact design, fast

focus, flash works great).

After the students came up with their own relevance scale, any ambiguity in tag

scoring was resolved together through discussion and mutual agreement. We observe

that around 31% of the tags are non-relevant or ordinary, 25% of the tags are either

relevant or highly relevant, and 44% of the tags are marginally relevant. The high

percentage of non-relevant and ordinary tags are expected as the baseline algorithms

generate mostly bad tags and tags at the lower position of the rankings are not much

relevant to the products. The scores of the tag relevance assessment are considered

as ground truth labels for evaluation of tag relevance and tag ranking. We observe

that, for all the products, the proportion of non-relevant and ordinary tags is lower

than that of relevant and highly relevant tags. This supports the suitability of the

chosen approaches for generating useful tags.
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Baseline Methods

We compare the performance of the proposed Tag Usefulness Ranking (TUR) algo-
rithm used in Tagging Product Review (TPR) system with the three topic modeling
techniques described in Section 5.2, namely, popularity, TF-IDF, and TNG, taken as
baselines. TPR uses Tag Usefulness Ranking (TUR) algorithm on the review datasets
to find useful tags from the product reviews. The tags are selected such so as to maxi-
mize the reach of reviews. TUR follows an iterative and greedy approach for selecting
the top k tags by choosing the tags that are present in most yet uncovered reviews

in each iteration.

5.3.2 Evaluation Metric
Effectiveness of Tag Ranking

We evaluate the effectiveness of tag ranking using the evaluation metric Normalized
Discounted Cumulative Gain at top-k (NDCG@k) [59]. NDCG@k of a ranked list of

k tags is defined as follows:

k .
1 ot _ 1
NDCGQk = .
CG - ;1: z (5.9)

cG og(1+1)

where ¢(i) is the scoring function that indicates the score assigned to the tag at the
i" location, iDCG is the DCG value of the top-k tags obtained from an ideal ranking.
The use of iDCG normalizes the value of NDCG@k within a range of [0, 1]. The value
of the scoring function ¢(7) of a tag i is obtained from the tag relevance assessment
score of the corresponding tag. NDCG@k favors the ranking that ranks the most
relevant tags at the top. In our experiments, we consider different values of k ranging

between 1 to 50.
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Accuracy of Tag Generation

The accuracy of tag refinement is measured using precision. Precision gives the
percentage of correct tags present in the generated tag list after refinement. Precision
is defined as follows:

p_ # correctly generated tag

5.10
# generated tags ( )

We use the tag relevance scores for ground truth labels. Tags with a relevance
score of 4 or 5 are considered as correct tags while the rest are considered as incorrect

tags.

5.3.3 Results
Evaluation of Tagging Popular Products

This section we present the evaluation of popular products. For cold products, it is
presented in the following subsection.

Fig. 5.4 shows the comparison between tag ranking algorithms for popular prod-
ucts using NDCG. The NDCG score of popularity and TF-IDF is comparable, with
each having an average NDCG score of 46.16% and 50.42% respectively. Compared
to them, TNG gives a higher NDCG score, with an average of 64.62%, improving the
other two baselines by over 18% and 14% respectively.

For On Camera Flash and Router, the NDCG score of popularity and TF-IDF
methods are comparatively lower than the rest of the products. As these two prod-
ucts have significantly more number of reviews compared to the other four products,
the presence of noisy tags gets amplified. However, the presence of a large corpus
complements our TUR approach in finding better coverage, giving a relatively high
NDCG score compared to other products. Digital frame has the least number of
reviews among popular products. Hence the performance of popularity, TF-IDF and

TNG are comparable due to the lesser amount of noisy text.
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Figure 5.4: Evaluation of top-k tags for popular products using the metric
NDCGG@Qk.
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For two of the products, namely Router and Digital Frame, there is a sharp rise
in NDCG score of popularity and TF-IDF methods when the value of ‘k’ increases
initially. This is because they largely rely on the frequency of tags in the corpus.
As words occur more frequently than phrases, most of the top-k tags for popularity
and TF-IDF methods are trivial words. Moreover, they segregate the corpus into
small independent components, such as unigrams, bigrams, and trigrams, and in
the process, the contextual information of the text is lost. This causes frequently
occurring unrelated words like time, and money to appear as top tags. As a result,
these two methods give very low NDCG score when the value of ‘k’ is small. As ‘k’
increases, relevant tags appear in the list, and hence NDCG score rises. Among the
three baselines, TNG gives the highest average NDCG because it uses the contextual
information of the text in the corpus to generate meaningful words and phrases as

tags. TNG’s ability to generate phrases as topics also improves its NDCG score.

Although TNG gives meaningful tags, many of the tags are irrelevant to the
product, such as poor weather, tech savvy, bottom line, bright light, etc. The presence
of such tags at the top lowers the relevance score. TPR improves the ranking of TNG
by filtering out such irrelevant tags. TPR follows an iterative and greedy approach
to find tags that cover the most number of reviews instead of depending solely on
the tag frequency in the corpus. TPR improves the relevance of generated tags by
finding tags that are most talked about by customers. Since most of the tags by
TPR are relevant, the value of NDCG does not fluctuate much with varying values
of ‘k’. Applying syntactic rules to the generated tags further improves the readability
of the tags. This, in turn, increases the tag relevance score, thereby improving the
NDCG score. For all popular products, on average TUR outperforms the popularity,
TF-IDF and TNG based approaches by over 32%, 28%, and 14% respectively. Thus
from the results, we can infer that our proposed TUR algorithm can better identify

important opinionated aspects from customer reviews compared to standard topic
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Figure 5.5: Evaluation of top-k tags for cold products using the metric NDCG@k.
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modeling algorithms.

Evaluation of Tagging Cold Products

Fig. 5.5 shows the result of tag relevance evaluation for cold products. For cold
products, our proposed TUR approach outperforms the three baseline approaches by
a huge margin. For the six cold products, the average NDCG of TUR is 85.56%
compared to the average NDCG of 38.57%, 48.57%, and 62.90% for popularity, TF-
IDF and TNG respectively. In other words, our approach outperforms the baselines
by over 47%, 37%, and 23% respectively. Our approach is very helpful compared
to baseline methods because majority of the e-commerce products have few reviews,

comparable to cold products.

The big difference in NDCG for cold products is due to the use of tag cloud-based
transfer learning. Since cold products have small review corpus, the frequency of key
terms is very less. Hence popularity and TF-IDF methods perform poorly by picking
up frequently occurring irrelevant terms such as buy, design, and money as tags. The
lack of review text also affects the performance of TNG in generating key topics. Due
to the absence of sufficient contextual information, the tags generated by TNG are
less relevant (e.g., worth noting, bottom line, etc.). Compared to popular products,

the relevance score of TNG drops considerably for low values of ‘k’.

Our proposed approach overcomes the lack of contextual information by lever-
aging transfer learning to identify good tags. The use of tag cloud from popular
products to identify tags from cold product reviews compensates the lack of contex-
tual information. Due to the lack of review text, only a few tags are present in cold
product reviews. Therefore, the relevance curve of TUR increases at the beginning

and continues as a horizontal line with increasing k.
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Product name Product type Popularity TF-IDF TNG TUR

Camera 1 P 0.32 0.36 0.84  0.96
Camera 2 P 0.34 0.32 0.84 0.90
Camera 3 P 0.34 0.42 0.82 0.90
Camera flash P 0.24 0.30 0.82 0.90
Digital frame P 0.18 0.24 0.66 0.84
Router P 0.06 0.14 0.46 0.82
Camera 4 C 0.34 0.40 0.40 0.88
Camera 5 C 0.30 0.38 0.50 0.88
Camera 6 C 0.26 0.28 0.74 0.98
Camera 7 C 0.28 0.22 0.50 1.00
Camera 8 C 0.36 0.38 0.66 0.88
Wireless trigger C 0.20 0.22 0.50 0.88

Table 5.3: Evaluation of tag refinement using the precision of top 50 tags.

Evaluation of Tag Refinement

We use precision metric to evaluate the effect of tag refinement. Due to information
overload and display constraints, e-commerce sites always show less than 10-15 tags
per product. However, to evaluate the accuracy of tag generation algorithms for
different values of k, we considered maximum k=50 tags. The effect of tag refinement
is shown in Table 5.3. From Table 5.3, it can be observed that our proposed approach
significantly outperforms the other baseline approaches both for popular and cold
products. For both the type of products, popularity and TF-IDF methods give low
accuracy of 26.83% and 30.50% respectively. TNG gives an average precision of
64.50%, which is better than that of popularity and TF-IDF. TNG performs better
for popular products compared to cold products. On average, TNG gives 25% higher
precision for popular products than cold products. This is because TNG depends

on the size of the corpus and the number of reviews for popular products is much

90



more than cold products. On the other hand, our proposed approach (TUR) gives a
consistently good result with an average precision of 90.16%, which is 25.66% higher
than TNG. By ranking the tags based on usefulness and refining the tags based on
syntactic rules, the average precision improves for both popular and cold products.
In the case of cold products, we observe that TUR gives very high precision. This
is because only a limited number of tags are present in cold product reviews. For
instance, even though Camera 7 has only 8 reviews, our approach can find 7 relevant

tags giving a precision of 100%.

5.4 Conclusion

This chapter presents a novel unsupervised approach for automatic tag generation
from product reviews. We construct a Tagging Product Review (TPR) system using
topic modeling and NLP syntactic rules. We use TNG to find and rank tag phrases
and then apply our TUR algorithm to get the important tags that cover most of
the reviews. The use of topic modeling enables us to generate tags without using
external data. We also introduce five syntactic rules to enhance the usefulness of the
tags. Generating tags for cold products is challenging due to the lack of contextual
information. We overcome this shortcoming by using tag clouds that are generated
from popular product reviews. Our evaluation of twelve datasets shows that our
approach can generate and rank tags significantly better than existing approaches,
whose tags give either partial or no information about the product. Also, we develop a
greedy approach to rank and refine candidate tags. Our approach is applicable to any
domain which has textual content such as movie reviews, community forums, social
media sites, and debate posts as it does not require any pre-trained information. In
our future work, we plan to apply our approach to social media sites for summarizing

user discussions.
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Chapter 6

Unsupervised Stance Detection in

Comparative Reviews

6.1 Introduction

Comparative reviews are becoming more and more popular with the advancement of e-
commerce technology. These reviews contain rich information that can be exploited in
various services or decision-making processes. Many users turn to a variety of online
platforms such as forums, blogs, social media sites, etc. to discuss and compare
various competing products in the form of debates. Specially, understanding the
users’ opinion and their stance from these debates can provide valuable information
in the decision-making process of governments, companies, and can help shape public
opinion towards issues.

Stance detection is the process of discovering the standpoint of users in a compar-
ative post. A debate consists of a topic of discussion, targets, and posts from various
users. A target may be a product, technical topic, political side, ideological belief,

social issue, etc. For example, consider the debate post:

“Windows supports most of the games. Mac has a lot of software compatibility issue’.
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Here, the topic of discussion is “Is Mac better than Windows?”, and the targets are
Windows and Mac. One can deduce that the author is writing favourably about

Windows and drawbacks of Mac.

Stance detection incorporates a new dimension to other related areas like infor-
mation retrieval, discourse analysis, fake news detection [114], and recommendation
system. For example, by applying stance detection on a product debate, we can find
out the product preference of users. Advertisements of related product can be dis-
played to users according to their stance. In this chapter, we study two-sided debate
posts, where there are two opposing targets. The user may write about the good

points of her preferred target or bad points about why she is against the other.

There are two main approaches for stance detection, namely: supervised and
unsupervised. Most of the existing stance detection methods follow supervised ap-
proach [3,74,123,184]. These methods are not scalable as for each domain, they
require a large dataset to be collected and annotated for training stance classifiers.
The advantage of unsupervised approaches is that they do not require any manual
data labeling [93,140,146]. These unsupervised methods can easily adapt to a variety

of domains.

Unsupervised methods typically use linguistic and syntactic dependency relations
between targets and opinions. Most of the existing unsupervised methods focus on
stance detection on tweets [74,102]. Since tweets are very short (140 characters or less)
and they contain useful target and opinion information in the form of hashtags and
emoticons, it is relatively easy to identify targets and opinions compared to online
debate posts, which are typically long and do not have markers such as hashtags.
In this chapter, we focus on unsupervised stance detection on online debate posts,
which are on average 600 characters long and have no tags. We extend the work
of Somasundaran and Weibe [140], which performs unsupervised stance detection on

long debate posts and does not require any marker information.
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Stance detection is often misunderstood as sentiment classification. Nonetheless,
stance detection is a more complex problem compared to sentiment classification,
where the task is to classify the sentiment of a piece of text as positive, negative, or
neutral. The main challenges in stance detection is to identify the referred target of
each aspect. The sentiment of the text or aspects alone is not enough to determine the
stance as debate posts do not contain sufficient information to determine the aspect-
target preference. Sometimes, a text may not contain any target, and opinions may
be expressed towards unrelated targets. To better understand the problem, consider

the following two examples, comparing a review and a debate:

Example 9 “Canon is a very good camera. It has good picture quality, clear display,

and long battery life.”

Example 10 “Fveryone knows that Windows is the better operating system because
it has more softwares, more dev support, more everything. Also, Windows gives more
freedom to users. Mac is like the retarded little brother who is too much pampered. It
has Wi-Fi connection problem and lacks gaming support. You can use a Hackintosh

if you really want Mac OS, and it will be much cheaper than buying from Apple.”

Example 9 is an extract from a review of a camera product. Here, the user
expresses her opinion about some of the aspects such as picture quality, display, and
battery life, and all the aspects refer to a single target camera. The sentiment of the
author can be summarized by aggregating the opinions about the aspects. On the
other hand, Example 10 is of a debate post on the topic Windows vs. Mac. Here, the
user writes about why she supports one target (Windows) over the other (Mac). Since
the user writes about both the targets, it is hard to figure out which target each aspect
(e.g., operating system, software, gaming, etc.) is supporting. Also, the aspect brother
is not related to the debate targets. Normal sentiment analysis approach would only

detect the sentiment of each aspects. We need to rely on some external sources, such
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as a web corpus to extract aspect-target relation. Existing approaches need to crawl
web pages related to a given debate topic to get the aspect-target relationship [140].
These approaches are computationally expensive and time-consuming. Besides, the
accuracy of such approaches is limited by the availability of domain information from
the web corpus. Even when using web search, we may have access to a limited number

of pages, many of which may not be even relevant.

In this chapter, we propose the use of word embeddings to perform unsupervised
stance detection. This enables us to do unsupervised stance detection without using
a web corpus and helps us to extract relevant aspect-target pairs with a much higher
precision compared to existing methods that use only syntactic dependency relations

between targets and opinions.

Word embedding is a neural-network language modeling method used to represent
text as dense vectors. It has been shown to encode precise semantic and syntactic
word relationships and provide useful information about words co-occurrence [99].
We utilize this property of word embeddings to find aspects that are relevant to the
debate targets. We also use it to find aspect-target preference. For example, using
word embedding, one can find that the aspect software is more closely related to
Microsoft than to Mac. This is true as Microsoft Operating Systems (OS) support

more softwares than Mac OS.

After applying existing unsupervised methods for aspect extraction on our dataset,
we found that almost 80% of the extracted aspects are irrelevant to the debate targets.
This is because there are generic aspects which appear frequently in most of the debate
posts such as anyone, anything, and example, or are not relevant to the debate targets
such as freedom, Hackintosh, and brother. We use word embeddings to prune the
aspects obtained using syntactic dependency relations. For this, we train a supervised
clagsifier that uses both the similarity and difference score of the aspects and the

target topics. The classifier gives an average accuracy of 84% on multiple datasets.
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The advantage of our proposed approach is that the classifier trained on one domain
can be used for transfer learning across multiple domains. We only need to label the
relevant and irrelevant aspects for one of the domains. Our aspect pruning method
cannot be used on datasets where only a single entity is described, such as product
reviews, as our classifier uses the similarity and difference embedding score of the
aspect and the target topics.

The remaining chapter is organized as follows: We discuss our proposed approach
in Section 6.2. Section 6.3 details the evaluations. We finally conclude the chapter in

Section 6.4.

6.2 Proposed Approach

In this section, we describe the general architecture of the proposed Debate Stance
Classification using Word Embeddings (DSCW), and then, highlight the specific areas
of the problem that we aim to solve.

The architectural overview of the proposed system is shown in Figure 6.1. It

OpWEAP
II Aspect pruning
Debate posts OpWE

Data cleansing l 1
l Aspect-polarity Aspect-target
mapping mapping
Opinion extraction | |

Opinion
lexicon

l l
Aspect-opinion pairing I~ Formulate ILP equation
| 1

Debate stance

Figure 6.1: Workflow of Debate Stance Classification using Word Embeddings.
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takes a two-sided debate post as input. The output is the standpoint of the user
in the debate post. It performs the following steps to generate the output: (1) data
cleansing, (2) extracting opinion words, (3) creating aspect-opinion pairs, (4) pruning
irrelevant aspects using word embeddings, (5) creating aspect-polarity pairs, (6) cre-
ating aspect-target preference using word embeddings, and (7) detecting debate post
stance using Integer Linear Programming (/LP). As it can been seen in Figure 6.1,
unlike the work proposed by Somasundaran and Wiebe [140], our focus is on using
word embeddings for finding aspect-target preference instead of creating a probability
preference table, which requires an external web corpus. We also introduce three ad-
ditional steps, namely, data cleansing, lexicon expansion, and aspect pruning, which

differentiate our proposed approach from the existing one.

Algorithm 5 DSCW(D,T,Op)

Input: D: {dy,ds,ds, ...,d,} = Set of debate posts

T: t,t, = Two targets of the post

Opr: Opinion lexicon
Output: S = {s1, 59, S3, ..., Sp} = Stance of the debate posts
Method:

CD < CLEANDATA(D)

O < EXTRACTOPINIONWORDS(C'S, Oy,)

AOP < CREATEASPECTOPINIONPAIRS(C'D, O)

A < PRUNEASPECTS(WE(AOP),WE(T))

AP <+ CREATEASPECTPOLARITYPARIS(A, Op)

AT < CLASSIFYASPECTTARGETPREFERENCE(W E(A), WE(T))
S <~ DETECTSTANCE(AP, AT)

return S

Algorithm 5 shows the step by step process to detect the stance of a debate post.
Given a set of debate posts D on a topic, and debate targets T={t1,¢2}, Step 1
performs pre-processing to correct incomplete, noisy and inconsistent data such as
contractions, URLSs, stop words, and repeated letters. After cleansing the data, Step 2
extracts the opinion words (O) present in the posts using an opinion lexicon (Op).

For each opinion word in O, the associated aspects are extracted using Step 3. This
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step generates many aspects that have little or no relevance to the debate targets.
In Step 4, word embeddings (W E) of the aspects and the targets are used to prune
unrelated aspects and find a list of relevant aspects A. After getting the relevant
aspects, Step 5 computes the aspect-polarity pairs AP from A and Op. In Step 6,
word embeddings are used to find the preferred target for each aspect (AT). The
use of word embeddings eliminates the need for collecting web corpus for aspect-
target preference. Finally, the system uses Step 7 to compute a weighted score S;; for
each aspect-target pair. The algorithm uses ILP and S;; to formulate the objective
function. In Step 8, the stance of the user is assigned to the side that maximizes the

objective function. These steps are further explained in the following subsections:

6.2.1 Data Cleansing

Users often do not follow proper grammatical rules and use short-forms while writing
online comparative reviews. The syntactic rules used in unsupervised methods will
not perform well if the sentences are not grammatically correct. Therefore, we pre-
process the comparative review posts using steps mentioned in Section 2.2.2 to make

it grammatically correct, and also clean noisy and inconsistent data.

6.2.2 Opinion Word Extraction

After cleaning and refining the post, the next step is to extract opinion words from the
cleaned post. To address this issue, researchers turn to opinion lexicons [54,57,140],
which is a compilation of opinion words along with the associated semantic polarity
(e.g. good : +1; bad : -1; really : 0). If the opinion lexicon is small, we could lose out
opinion words present in debate posts, which are in turn, used to detect aspects and
find the stance of the post. In order to increase the coverage of opinion words across
multiple domains, we combine multiple publicly available opinion lexicons [54, 103].

In addition, we also identify comparative adjectives (e.g., better) and superlative
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adjectives (e.g., best) from posts using Stanford Part Of Speech (POS) tagger! and
add them to our opinion lexicon (Op). These comparative words appear frequently
in debate posts and express sentiments. The polarity associated with these words are
obtained using SentiWordNet?. After merging all these lexicons, the size of our Oy, is

almost 1.7 times that of the opinion lexicon size used in [140].

6.2.3 Aspect-Opinion Pairing

This step identifies the aspects associated with opinion words extracted from debate
posts. We use the unsupervised rule-based method proposed by Somasundaran and
Wiebe [140] to extract aspect-opinion pairs (AOP). They leverage the property that
opinions are expressed on aspects of the targets. Their method identifies dependency
relations between aspects and opinions using syntactic dependency trees generated
by the Stanford parser®. Based on the dependency relations, they proposed five
syntactic rules (DIRECT OBJECT rule, NOMINAL SUBJECT rule, ADJECTIVAL
MODIFIER rule, PREPOSITIONAL OBJECT rule, and RECURSIVE MODIFIER

rule) to pair opinions with aspects.

6.2.4 Aspect Pruning

We observe that more than 80% of the aspects extracted using the syntactic rules are
not related to the debate topics. For instance, in Example 2, the sentence ‘ Windows
gives more freedom to users’, has the aspect freedom, which is neither related to
Windows nor Mac. Similarly, when we manually inspect the aspects extracted from
the ‘Firefox Vs Internet Explorer (IE)" debate post, we observe that out of 552 aspects
obtained using the syntactic rules, only 113 are found to be relevant to either of the

debate topics. We identify five types of irrelevant aspects that need to be pruned out

thttps:/ /nlp.stanford.edu/software /tagger.shtml
Zhttp:/ /sentiwordnet.isti.cnr.it/
3https://nlp.stanford.edu/software/lex-parser.shtml
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based on the POS patterns as such aspects do not contribute in deciding the stance

of the debate post. They are described in Table 6.1.

Sample
Class irrelevant Example debate posts

aspects

Firefox provides options to import and export bookmarks.

anyone, So, anyone can transfer all their bookmarks from one

everyone, browser to another by performing a few simple steps.

everything, = Why does Microsoft continue developing internet explorer

someone, if everyone thinks of this browser as a joke compared to
Pronouns

something, other browsers.

who, which, This argument is futile anyway since Xbox is the best next-

us, they, gen console out there.

anyway Firefox has a vast team of volunteers who are willing to

donate their time to fight new types of ads.

ALT, AOL,

W3C, Ap- Norton blocks off IE from any updates as IE is filled with

ple, IIS, IM, many ads and pop-ups.

MS, Vista, Windows does not have any uptime problem as control alt
Froper Warner, del is usually more than enough to deal with any problem.
nome Norton, Ballmer and the Windows engineering team spent almost

Yahoo, ads, two days trying to rid of worms, viruses, spyware, malware.

Warner, alt,

del, Ballmer

IE is filled with many ads and popups.

Continued on next page

100



Table 6.1 — continued from previous page

Sample
Class irrelevant Example debate posts
aspects
IE’s bloated approach to software have frequently pre-
vented it from rolling out much sought after changes and
approach,
improvements.
area, ar-
Forgot to add this in my last argument, but Windows also
Common gument,
has games, whereas Macs do not have nearly as many.
nouns in article,
I think that over time the Wii gameplay is going to get stale.
related availabil-
For example, if you look at Wii sports, there are limited
sentences ity, base,
possibilities of actual different motions you actually have to
beholder,
execute to play the game.
example

Wow, you are writing an article in support of Windows and

yet you have never even had it crash on you?

Continued on next page
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Table 6.1 — continued from previous page

Sample
Class irrelevant Example debate posts
aspects
Just because IE has 70% of market share doesn’t mean it’s
the best in terms of quality. Honda Civics out-sell BMWs
and other luxury cars 4 or 5 to 1, but I think if you drive
both cars you may find that a Civic is not a higher quality
bank, avail- car than BMW.
ability, bat- My family computer was locked down as well as it could be -
Common
tle,  beast, firewall, antivirus, antispyware once a week, latest patches.
nouns in
brother, But it got infected while using IE to browse a bank website,
unrelated
business, whose web servers were already infected.
sentences
economics, I am not so sure why lowering prices to increase sales is
cars, case a sign of failure. I am pretty sure almost every business

does that at some point, and in fact, it is a natural process
of economics.
I would settle for a Linux distro any day, but Windows will

always win the battle over Mac.

Continued on next page

102



Table 6.1 — continued from previous page

Sample
Class irrelevant Example debate posts
aspects
[E does not support the well known addage: time is money.
IE’s security holes create an opening for spyware that slows
down my computer, lost time and productivity.
addage,

Macs are often touted as being good for desigenrs, produc-
Misspelt or desigenrs,
ers and artists.

unknown wewill,
Everyone that does not like windows talks about how un-
words youhave,
stable it is, how you haveto restart from viruses all the
haveto

time.
Saying youhave never had a virus does not mean they do

not exist and that the issue is a myth.

Table 6.1: Classes of irrelevant aspects obtained after applying the syntactic rules.

It is observed that the irrelevant aspects are either pronouns, proper nouns, com-
mon nouns, or unknown words. Pronouns do not represent aspects, and most of the
proper nouns are not related to debate targets. The syntactic rules cannot distin-
guish common nouns that are actual aspects from the irrelevant ones. Also, there are
cases of common nouns present in unrelated sentences. We perform aspect pruning
using word embeddings, to filter out such irrelevant aspects before further processing.
Step 4 of Algorithm 5 uses word2vec embeddings to build word vectors for aspects
and targets. The distance between the word vectors is used to prune the aspects that

are unrelated to the targets.
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Word2vec Embedding

Word2vec model uses continuous bag-of-words and skip-gram methods to generate
word vectors. Word vectors represent text as dense vectors in low dimensional space.
Word vectors are learned from Google News dataset?, which consists of almost 100
billion words. Word2vec representation incorporates accurate word relatedness infor-
mation. Word meaning and relationship between the words are encoded spatially.
The spatial distance between the word vectors correspond to word similarity. We
therefore generate word vectors for aspects and targets using word2vec and compute
word vector similarity score. Since there are two targets in a debate, each aspect
generates a two-dimensional feature vector from the similarity scores computed using
the two targets. Once we have the feature vectors, we use them as features to build
Gaussian Naive Bayes (GNB) and Support Vector Machine (SVM) aspect classifiers.
Upon comparison, GNB is found to predict related aspects better than SVM since
the feature vectors are only two dimensional and GNB works well with continuous
values. Hence, we use GNB for aspect pruning. The details of GNB implementation

are given in the next section.

Gaussian Naive Bayes (GINB)

Initially, we consider Firefox vs. IFE debate posts to build the GNB aspect-target
classifier. There are 552 aspects present in the AOP of Firefox vs. IE debate posts.
Three research scholars manually annotate the aspects as related or not related to
either of the targets. The disagreements are resolved through mutual discussion.
After manual annotation, it is found that 114 aspects are related to either of the
targets and 438 aspects not related. Then, we perform a random split of the aspects
into 370 (66.66%) training and 182 (33.33%) testing data. The 2-D similarity score

feature vector is used to train the GNB classifier. After cross validation, the trained

4https://goo.gl/4Hzd8L
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model gives an average accuracy of 81% in classifying the aspects. This trained model
is used to classify whether a new aspect from the post is related to either of the debate
targets or not.

In general, manual labelling of aspects for each debate takes effort and is time con-
suming. We, therefore, test if transfer learning can be applied on the GNB classifier for
cross-domain classification of irrelevant aspects. For this purpose, the research schol-
ars perform manual annotation of related aspects on the remaining three datasets.
The above trained GNB classifier is applied to the remaining three datasets to re-
move irrelevant aspects. The results of the classifier are shown in Table 6.7, where

the classifier is trained on only Firefox vs. IFE debate dataset. We observe that the

Measure Firefox vs. Windows Sony Ps3 Opera vs.
IE vs. Mac vs. Wii Firefox
Classification 31 34 37 84.90

accuracy (%)

Table 6.2: Aspect pruning accuracy across all four debate datasets.

GNB classifier is able to detect target-related aspects across multiple domains with
high accuracy. This indicates that the classifier learns a function whether the aspect
is relevant or irrelevant based on the aspects similarity with the target topics. Since
this function is independent of the targets or the aspects, it can be used for transfer

learning across multiple debate topics, without lowering classification accuracy.

6.2.5 Aspect-Polarity Mapping

After getting the aspects related to debate targets, the opinion words in aspect-
opinion pairs (AOP) are substituted with the respective polarities from Oy, to form
aspect-polarity pairs (AP) (e.g., { Windows,bad} — { Windows,-1}). There is a special
case where negation words (e.g., not, no, and nor) are present before the opinion

words. In such cases, the polarity of the opinion word present in Oy, is reversed.
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Thus, we get the sentiment expressed on aspects of the post. Aspect-polarity pairs

(AP) are used to find the opinions expressed on the targets.

6.2.6 Aspect-Target Mapping

In this step, we find the target preference of each aspect. To find the target preference,
we use the word vector similarity score generated using Google word2vec. For each
aspect, we compute the word2vec similarity with both the targets. Algorithm 6 gives
the details of aspect-target mapping that determines each aspect’s preference towards

the two targets.

Algorithm 6 ATP(A,T)

Input: A: {aq,as, a3, ...,a, } = Set of relevant aspects

T: ti,t, = Two targets of the post

th: Threshold difference
Output: AT = aspect : target = Aspect-target preference dictionary
Method:

1. AT « H

2: for all ¢; € A do

3: siml < WORD2VECSIMILARITY (a;, 1)
4: sim2 <— WORD2VECSIMILARITY (a;, t2)
5: dif f < [siM1 - SIM2|

6: if dif f <th then

7: AT'[a;] < (t1,t2)

8: else if siml > sim?2 then

9: AT[CLZ] — (tl)

10: else

11: AT[a;] < (t2)

12: end if

13: end for

14: return AT

Given the debate targets T and a set of relevant aspects A obtained after aspect
pruning, Step 1 initializes the aspect-target preference dictionary AT. For each as-
pect a;, Steps 3—4 computes word2vec similarity between each relevant aspect a; and

the targets t; and t5. Step 5 computes the difference between the similarity scores.
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Steps 4-6 determines the aspect-target preference based on the similarity and differ-
ence scores. If the difference in the similarity score is less than a threshold th, we
consider that the aspect is related to both the targets. Otherwise, the aspect prefers
the target with the higher similarity score. The value of th is determined empiri-
cally using the four datasets described in Section 6.3. We tried different values of th
(0.05,0.10,0.15,0.20,0.25,0.30) and found that th=0.1 gives the best result. After
the comparisons have been made for all the relevant aspects, we get the aspect-target
preference dictionary (AT).

To illustrate, consider the debate post comparing Windows and Mac.

Example 11 “Windows supports most of the games. Mac has a lot of software

compatibility issue”.

Here the targets are Windows and Mac and the aspects are games and software.
To find the target preference of the aspects, let us consider the difference threshold
(th) as 0.10. First, we compute the similarity (sim1, sim2) of the aspect games and
both the targets. Next, we compute the difference (dif f) in similarity score. We see
that the difference in sim score is more than the threshold th. Also, the similarity
of games with Windows is more than that of games with Mac. So, the aspect games
prefers the target Windows. Similarly, we find that the aspect software prefers the
target Windows. Table 6.3 shows a few examples of target preference of some of the

aspects.

Aspect Target preference

Games Windows
Software Windows
Bookmark Firefox

Mozilla Firefox

Table 6.3: Aspect-Target (AT) preference dictionary examples
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6.2.7 Detect Stance

The next step is to deduce the stance of the user. We articulate this problem as
an Integer Linear Programming (ILP) optimization problem. ILP is a powerful op-
timization technique, which optimizes a function based on some given constraints.
We use the AT preference dictionary and the similarity information to calculate a
weighted score. This score is used to formulate the ILP equations. For calculating
the weighted score, we collect all the aspect-polarity pairs AP and the aspect-target
preference dictionary AT. Let m be the number of aspect-polarity pairs present in a

post. The weighted score for each target-aspect pair (.5;;) is computed as follows:

Sij = (AP(j) * sim(i, j) * NF(j) + dif f(stim(i,7), sim(1 —i,7)) + T;) * PT; (6.1)

where ¢ = (0, 1), represents the debate targets, j = {a1, a9, as, ..., a,, } represents the
relevant aspects present in the post, AP(j) = {—1,0,1} is the polarity of aspect j
in the post, sim(i,j) is a continuous valued word2vec similarity score between the
target ¢ and the aspect j, and dif f(sim(i, j), sim(1 — i, 7)) is the absolute difference
of the similarity scores of aspect j with each of the targets. The difference score is
used to penalize those aspects that are common to both the targets and reward those
aspects that are unique towards a target. T; is a preference value that rewards when
the aspect is also the target. This happens when a the post contains a target along
with an associated opinion, such as “ Windows is obviously better than Mac”. NF(j)
is the normalized frequency of the aspect j. It is used to give more weightage to those
aspects that are present more frequently in the post corpus. This is because frequent
aspects are generally more popular and well known. N F'(j) is computed as the ratio

of the frequency of aspect j in the corpus to the frequency of all the aspects in the
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corpus. It is defined as follows:

Nﬂﬂ:f%%ﬁ( (6.2)

PTj is the value of aspect preference over the target. If the aspect does not prefer the
target, it gives a score of 0, thus ignoring the weighted score when the aspect prefers
the opposite target. If the aspect prefers the target, then PTj gets a value of 1. The

preference information is obtained from AT dictionary. It is formulated as follows:

1, if (j € AT[j))
PT; = (6.3)

0, otherwise
ILP formulation

The stance of the post is determined by the side that maximizes the I LP objective
function. Given all the aspect-target instances of a post, the objective function is

formulated as follows:

> (Sojp; + Sua5) (6.4)
j=1
and it’s constraints are,
Pj,q; € 0, 1, V] (65)
pit+q =1V (6.6)
p; —pji—1=0,7 € {2...m} (6.7)
¢ — qji—1=0,j € {2...m} (6.8)

where, p;, g; are boolean variables. p; supports the first target when its value is 1
while ¢; supports the second target when its value is 1. Equation 6.6 makes sure that

the variables are mutually exclusive so that each aspect instance can prefer only one
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target. Equations 6.7 and 6.8 make sure that the user supports only one side and
writes in support of that side for all aspects. This is based on the assumption that in
a debate, the user is consistent about her stance of supporting single target and its
aspects. So, for a particular post, all the values of p; (or g;) are made identical. This
is a unique condition for debate posts unlike others such as forum posts, reviews, and
tweets, where the user writes both good and bad points about a target.

To make the constraints understand better, reconsider Example 11, from Windows
vs Mac debate post “Windows supports most of the games. Mac has a lot of software

compatibility issues”.

Aspect Target Polarity (+/-) p q

Games  Windows + 1 0
Software Mac - 1 0

Table 6.4: ILP implementation example

As can be seen from Table 6.4, the targets are Windows and Mac. The aspect
games has a positive opinion about Windows while the aspect software has negative
opinion about Mac. In other words, a negative opinion about mac means this aspect
software is also preferring Windows. As the author is writing in favor of Windows,
the aspects are supporting the target Windows. Equations 6.5 and 6.6 states that
both p and ¢ are boolean and mutually exclusive. This is reflected in the table where
the values of p’s are all 1 and ¢’s are all 0. Equations 6.7 and 6.8 are reflected in the

fact that all the aspects support only the target Windows.

6.3 Evaluation

In this section, we describe our dataset and evaluation metrics. We compare the
performance of our proposed system, Debate Stance Classification using Word Em-

beddings (DSCW) with existing unsupervised debate classification approaches, and
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show that our method can detect stance side more accurately.

6.3.1 Dataset

We consider the debate side annotated corpora used in [140]. This corpora consists
of posts from four debate topics Firefox vs. Internet Explorer (IE), Opera vs. Flire-
fox, SonyPs3 vs. Wii, and Windows vs. Mac. Each of the datasets has manually

annotated debate side preference. The datasets are summarized in Table 6.5.

Sl. No. Debate topic Number of posts
1 Firefox vs. Internet Explorer (IE) 169
2 Opera vs. Firefox 16
3 SonyPs3 vs. Wii 68
4 Windows vs. Mac 27

Table 6.5: Details of debate post dataset.

6.3.2 Stance Prediction Evaluation
Evaluation Metrics

We evaluate the stance prediction performance of our proposed method in terms of
the accuracy of debate stance classification. We consider all the posts as relevant for
debate classification. The accuracy of our debate classification method in classifying
debate stance is measured in terms of precision(P), recall(R) and F'1 score. The

metrics are defined as follows:

_ # correctly classified post

P .
# classified post (6.9)
R # correctly classified posts (6.10)
N # relevant post '
2x P
Fl= % (6.11)
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Baseline Methods

In order to evaluate the effectiveness of the proposed method, we conducted accu-
racy comparison with three baseline methods. We applied OpTopic, OpPMI, and
OpProbability methods described in [140] on the four datasets and determine their
stance prediction accuracy.

OpTopic finds target-polarity pairs from debate posts and counts the number of
positive opinion words associated with each of the debate topics. A negative opinion
word or a topic is counted as a positive opinion word for the opposing topic. Debate
stance is assigned to the topic with more positive opinion word count.

OpPMI extracts terms (nouns) from debate posts and computes Pointwise Mutual
Information (PMI) of the terms with each target. Then, the target-polarity pairs are
found and the count of positive opinion words is computed. Debate stance is assigned
to the side with more positive opinion word count as in OpTopic. Each term is then
assigned to the target with higher PMI value. The polarity-target pair for each noun
is then computed, to find terms which are closely related to the debate topics. In
both methods, the post is assigned to the side with higher cumulative polarity-topic
pair score.

In OpProbability, aspect-opinion pairs are extracted from debate posts and are
converted to aspect-polarity pairs. Weblogs and forums related to the topics are
mined to find aspect-target preference. An aspect-target preference probability table
is then constructed from the mined corpus and a classifier is built using ILP to classify
debate posts.

We compare the performance of the three baseline approaches with our two pro-
posed methods: debate Opinion detection using Word Embedding (OpWE), and de-
bate Opinion detection using Word Embedding and Aspect Pruning (OpWEAP). As
mentioned in Section 6.2, OpWE uses word embeddings to build the aspect-target

preference mapping (AT) by comparing the word embedding similarity scores be-
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tween the aspects and each target. Then stance classification is done by applying
ILP to weighted similarity score (5;;) obtained from AT. Additionally, OpWEAP
applies a Gaussian Naive Bayes aspect pruning classification to AOP (as described
in Section 6.2) before computing AT to filter aspects, which are not related to either

of the targets.

6.3.3 Results

The result of the accuracy comparison of the five algorithms, namely OpTopic,
OpPMI, OpProbability, OpWE and OpWEAP is presented in Table 6.6 and also,

in the form of plots in Figures 6.2, 6.3 and 6.4 respectively.

Metric Debate topic OpTopic OpPMI OpProb OpWE OpWEAP

Firefox vs. IE 67.74 60.00 66.27 75.65 79.58
. Windows vs Mac 40.00 53.84 66.67 69.56 7727
Precision
SonyPs3 vs. Wii 80.00 46.15 61.11 68.96 70.90
Opera vs. Firefox 33.33 100.00 100.00 75.00 81.82
Firefox vs.. IE 17.16 27.22 33.72 68.04 66.86
Windows vs. Mac 7.04 25.93 37.03 59.25 62.96
Recall
SonyPs3 vs. Wii 17.65 17.65 32.35 58.82 57.35
Opera vs. Firefox 12.50 25.00 43.75 56.25 56.25
Firefox vs. 1E 27.38 37.45 44.70 71.64 75.41
F1 Windows vs. Mac 11.98 35.00 47.61 64.00 69.38
SonyPs3 vs. Wii 28.92 25.53 42.30 63.48 63.41
Opera vs. Firefox 18.18 40.00 60.86 64.29 66.67

Table 6.6: Precision, Recall, and F'1 measure of various debate classification
methods.

From Table 6.6, we can see that among the three baselines, the OpProbability
algorithm gives the highest precision and recall. The reason for this higher precision

and recall compared to OpTopic and OpPMI is that it uses external knowledge to
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Precision

100 B OpTopic
90 B opPMmI
80 [ OpProbability
70 B OopWE
60 B OpWEAP
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10
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Firefoxvs.IE  Windows vs Mac SonyPs3 vs.Wii Opera vs. Firefox

Figure 6.2: Precision comparison for various debate classification methods.

Recall
70 B OpTopic
60 B opPMmI
50 B OpProbability
40 B OopWwWE
20 B OpWEAP
20
10
0

Firefoxvs. Windowsvs SonyPs3 Operavs.
IE Mac vs.Wii Firefox

Figure 6.3: Recall comparison for various debate classification methods.
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F1-measure
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Figure 6.4: F1 score comparison for various debate classification methods.

determine the aspect-target preference. OpProbability is able to learn aspect prefer-
ence from the web corpus. Even this approach is limited by the availability of proper
domain information from the web corpus. The web corpus may have limited number

of pages or irrelevant pages.

As can be noted, OpTopic has very low recall in detecting debate stance. This is
because it is a naive approach that relies only on opinions associated with the debate
topic. The opinions of the aspects related to the topic are discarded. OpPMI is able
to detect stance with higher recall as it associates each term with either of the target
and opinion of each term is considered. However, in this case, the precision drops as

not all the terms are aspects and a term be associated with both targets.

Compared to OpProbabilty our proposed two algorithms give 10% higher precision
and 30% higher recall. The reason for this very high recall is that we are able to
detect stance in more number of posts because of better pre-processing, more external

knowledge in the form of word embedding, and a bigger opinion lexicon.
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In the Opera vs Firefox dataset, two of the baseline algorithms give 100% precision,
whereas our best method gives only 82%. The reason is the size of the dataset. This
dataset has only 16 posts, and the algorithm is able to detect stance in only 4 out of
the 16 posts. Since it detects correct stance in all the 4 posts, it has 100% precision.
However, the recall of these algorithms is 25% and 43%, which is 13% lower compared
to our methods.

OpWE works well in multiple domains since the word embeddings are obtained
from a large text corpus and no domain-specific corpus is required. Compared to
OpWE, OpWEAP further improves the average precision by 5% and F| score by
2.85%. The result suggests that pruning aspects irrelevant to the targets increases the
classification accuracy. The reason for the increase is that it removes their influence

in detecting stance in the ILP formulation.

6.3.4 Aspect Pruning Evaluation

In this section, we describe the GNB classifier used for pruning irrelevant aspects,
and evaluate its effectiveness in determining topic-related aspects. We also evaluate
the use of the GNB classifier, trained on a domain, for transfer learning for pruning

irrelevant aspects in other domains.

Gaussian Naive Bayes (GINB)

Initially, we consider Firefox vs. IFE debate posts to build the GNB aspect-target
classifier. There are 552 aspects present in the AOP of Firefoxr vs. IE debate posts.
Three research scholars manually annotate the aspects as related or not related to
either of the targets. The disagreements are resolved through mutual discussion.
After manual annotation, it is found that 114 aspects are related to either of the
targets and 438 aspects not related. Then, we perform a random split of the aspects

into 370 (66.66%) training and 182 (33.33%) testing data. The 2-D similarity score
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feature vector is used to train the GNB classifier. After cross validation, the trained
model gives an average accuracy of 81% in classifying the aspects. This trained model
is used to classify whether a new aspect from the post is related to either of the debate
targets or not.

In general, manual labelling of aspects for each debate takes effort and is time con-
suming. We, therefore, test if transfer learning can be applied on the GNB classifier for
cross-domain classification of irrelevant aspects. For this purpose, the research schol-
ars perform manual annotation of related aspects on the remaining three datasets.
The above trained GNB classifier is applied to the remaining three datasets to re-
move irrelevant aspects. The results of the classifier are shown in Table 6.7, where

the classifier is trained on only Firefoxr vs. IFE debate dataset. We observe that the

M Firefox vs. Windows Sony Ps3 Opera vs.
easure IE vs. Mac vs. Wii Firefox
Classification 31 84 ]7 84.20

accuracy (%)

Table 6.7: Aspect pruning accuracy across all four debate datasets.

GNB classifier is able to detect target-related aspects across multiple domains with
high accuracy. This indicates that the classifier learns a function whether the aspect
is relevant or irrelevant based on the aspects similarity with the target topics. Since
this function is independent of the targets or the aspects, it can be used for transfer
learning across multiple debate topics, without lowering classification accuracy.
Table 6.8 shows the word embedding similarity score of some aspects with re-
spect to the targets Firefor and Internet Ezplorer (IE). We observe that the aspects
bookmark, browser, Firefox, and Linuz that have high similarity scores with both the
targets are relevant to the targets Firefoxr and IF, while the aspects address, archi-
tecture, color, and videos that have low similarity scores with the targets are found to

be irrelevant. Also, aspects with low difference in similarity score are either common
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Ao Sty Sty o) e
Bookmark 43 .36 1 .07
Browser .72 .86 1 .04
Firefox 1.00 .52 1 A1
Linux .b6 .46 1 10
Address .04 12 0 .08
Architecture .19 .16 0 .08
Color 12 .10 0 .02
Video .16 14 0 .02

Table 6.8: Word embedding similarity score of aspects.

aspects for both the targets (bookmark, browser) or irrelevant to the targets (color,

video).

6.4 Conclusion

This chapter presents an unsupervised approach to perform stance classification of
comparative reviews using word embeddings. The use of word embeddings enables
us to perform stance detection without using a web corpus. Our results show that
our approach can detect user stance significantly better than existing methods. In
existing techniques, many of the aspects obtained are irrelevant to the debate topics.
We introduce data cleaning, lexicon expansion, and aspect pruning for better opinion
and aspect detection. We also train a supervised aspect classifier that can used as
transfer learning method to detect target-related aspects across multiple domains.
Our approach is scalable to two-sided debate posts across multiple domains as it does

not require any domain specific information to perform stance detection.
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Chapter 7

Conclusion

In this chapter, we conclude this thesis by summarizing the contribution and then

propose some directions for future work.

7.1 Summary of Contribution

In this thesis, we study the problem of review exploration and summarization in
e-commerce products. We highlight three challenges in review exploration, namely,
finding the semantic relationship between aspects, providing a meaningful summary of
reviews and summarizing comparative reviews. To address each of the challenges, we
propose three different ways of review exploration, namely exploration using aspect
ontology, exploration using opinionated tags, and stance detection in comparative
reviews. To find the semantic relationship between aspects, we present a novel method
to construct aspect ontology. We next look at summarizing reviews by generating
useful and understandable tags from reviews. Finally, we work on detecting the
stance of users in comparative review through the use of word embeddings. The

significant findings of the research work are summarized in the following subsections.
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7.1.1 Review Exploration using Aspect Ontology

Knowing the semantic relation between aspects and sub-aspects is an interesting,
yet challenging problem for aspect-based review summarization systems. Existing
aspect-based review exploration systems assume a flat relationship between aspects.
In Chapter 4, we propose a solution to this problem by arranging the aspects in the
form of an ontology to show hierarchical aspect relations. We propose two novel un-
supervised approaches to create aspect ontology. Aspects extracted from reviews are
used to create ontology based on semantic relationship (SemR) and semantic relat-
edness knowledgebase (SemS). SemR uses manually created knowledge graph, which
limits the number of aspects and relations that can be identified. On the other hand,
SemS uses co-occurrence pattern of words in a large corpus to compute semantic sim-
ilarity. This helps in overcoming the limitations of knowledge graph, which requires
prior knowledge between aspects. After creating the ontology, reviews are aggregated
according to the aspects present in the ontology. Summarizing reviews using aspect
ontology provides a user-friendly interface to browse through unstructured and vo-
luminous reviews. Aspect specific reviews can be viewed by choosing a particular
aspect of interest. It also helps to overcome the lack of domain knowledge about the
products by visualizing the relations between various aspects and sub-aspects of a

product.

7.1.2 Review Exploration using Opinionated Tags

Existing review exploration systems mainly focus on providing an overall sentiment or
aspect sentiment from a review. In Chapter 5, we propose a novel approach to provide
meaningful insight into product aspects from reviews by generating opinionated tags.
In particular, we choose the tags that have both aspect and opinion words, and cover
a majority of reviews. Based on the nature of reviews, we classify products as popular

and cold products. We employ three topic modeling techniques, namely popularity,
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TF-TDF and TNG to generate meaningful tags. We show that TNG gives better
tags compared to popularity and TF-IDF as TNG considers the sequential nature
of text to generate coherent words and phrases as tags. For cold products, the tag
generation techniques generate many noisy tags due to lack of review content. So, we
leverage a tag cloud obtained from the tags of popular products to discover the tags
in cold products. Once the tags are generated from reviews, we find the top-k most
useful tags based on a greedy set coverage algorithm. Then, we apply NLP syntactic
rules to make the tags more understandable. Our proposed approach outperforms
three baselines, namely popularity, TF-IDF and TNG as it can identify important

opinionated aspects better than baselines.

7.1.3 Stance Detection in Comparative Reviews

Comparative reviews contain detailed comparisons of competing products and are
more useful than single reviews as they provide an insight into which of the competing
product is better. Knowing the stance of comparative reviews can influence people’s
opinion. In Chapter 6, we propose to summarize comparative reviews by determining
the stance of users from the review posts. Stance detection is harder than standard
sentiment analysis due to the presence of multiple targets. To determine the stance
of a user, we need to find the target preference of each aspect present in the debate
post. We propose a domain-independent approach of stance detection using word
embeddings. Word embedding is employed to find the relevant aspects as well as
the aspect-target preference. The use of word embedding in our approach helps to
prune irrelevant aspects that are present in existing approaches. Word embedding
also helps in finding target preference of each aspect, which is essential to determine
the stance of users. Our word embedding-based approach is able to detect the stance
of most of the comparative posts and outperforms existing corpus-based approaches

in detecting the correct stance.
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7.2 Future Work

The thesis explores various ways of review exploration and summarization. Following

are some possible directions for future work:

o Semantic relationship (SemR) and semantic similarity (SemS) methods have
their own merits and demerits. As a part of future work, SemS and SemS
methods may be combined using ensemble learning to improve aspect ontology.
Both knowledge graph and semantic similarity can complement one another in
finding strong aspect and sub-aspect relations. Strong aspect relations would
help in constructing a more accurate aspect ontology and would also reduce

topic drift.

e The product descriptions provided by sellers may be incorporated so as to im-
prove aspect ontology. Product description specified on online shopping sites
contains useful objective information about various aspects and sub-aspects of
the product. Such information is accurate and can be used to enhance finding

relations between aspects and sub-aspects.

o Aspect-level stance detection in political discourse may be performed. Political
discourse has a countable number of aspects. Instead of detecting the overall
stance of users, we can identify the various aspects present in political discourse
and then find: (a) Which discourse aspects the user is concerned about and has

an opinion on? (b) What is the stance of the user on the aspects?

e Opinionated tag summary may be generated from pros and cons reviews. Pros
and cons reviews contain a vast treasure trove of aspects and sentiments and
provide a more in-depth understanding of product quality. Tag generation and
stance detection methods can be combined to provide opinionated tags along

with the stance of pros and cons reviews.

122



The proposed TPR tag summarization system provides an overall summary
of the product reviews. We may customize the system to make more sense
by providing a tag summary depending on the context of who would receive
the tag recommendation. For example, tags may benefit the manufacturers by

providing customer feedback about their products.

Tag recommendation can be personalized for each customer. Different users
have different taste and preference of aspects and products. User browsing and
purchase history may be used to find their aspect preference, and personalized

relevant tags may be shown to the users.

In this thesis, discrete values are used to test threshold parameters (Algorithm
3 and Algorithm 6). A good optimization problem can help to optimize the

threshold by considering continuous values.

ILP solvers are computing expensive. When we consider debate topics having a
large number of debate posts, it may become computationally expensive to use
general ILP solving techniques. Another direction for future research may be

to work on developing a fast and robust ILP solver that may scale to big data.

The proposed stance detection technique is suitable for two-sided debates posts
with only two opposing targets. The technique is not applicable to debate posts
where multiple targets are compared. Also, the technique would perform poorly
on debate posts that compare multiple models of the same brand. Addressing

these limitations would increase the robustness of our technique.

Semantic Similarity (SemS) uses Latent Semantic Analysis (LSA) of Wikipedia
data for ontology creation. As we create the ontology for a product belonging
to one domain, training the LSA model on product reviews belonging to a do-

main may provide good insight and may increase the accuracy of the similarity
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measure. [t would be good to evaluate the ontology we get using Wikipedia vs

using the review corpus.
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