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Many consumers rely on online product reviews for learning other consumers’
opinions in favor of or against purchasing a product. With many people writing
product reviews, there is an overwhelming number of reviews available online for a
consumer to go through, causing navigation of those reviews tedious and ineffective.
More importantly, despite that consumers have different information preferences for
certain products of their interest, the existing online review platforms do not provide a
personalized presentation of product reviews based on consumers’ product feature
preferences. There is a lack of theoretical frameworks for building personalized
review rankings that can help consumers locate relevant and helpful reviews
efficiently. Also, there is little empirical evidence available to demonstrate the

effectiveness of personalizing review ranking systems.



To address these issues, this research proposes, implements, and evaluates a product-
feature driven framework to personalize the presentation of online product reviews.
The proposed product feature driven personalization of online product reviews
(FDPPR) framework presents product reviews based on a consumer’s product feature
preferences. The research involves characterizing a large number of product reviews
using natural language processing techniques. A latent class regression (LCR) model
is then developed to present a unique personalized order of reviews to a prospective
consumer based on his/her product feature preferences. In addition, an online user
study is conducted to evaluate the performance of the proposed framework. The
results show that the participants find the reviews clustered and presented by FDPPR
to be relevant and satisfactory and provide better knowledge about a product than the

baseline online review platform.

The major contributions of this research are (1) predicting helpfulness of product
reviews based on individual product features, (2) reducing information overload for
prospective consumers by providing personalized review ranking, and (3) developing
a user evaluation methodology to measure the effectiveness of the personalization

framework.

The practical implications of the research include (1) helping retailers present the
most relevant reviews to the consumers first, (2) assisting consumers to quickly get
the essence of a lot of reviews based on their product feature preferences, and (3)

helping manufacturers of the products understand consumers’ expressed needs.
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Chapter 1. Introduction

As consumers are increasingly using the internet to communicate with each other,

consumer opinion, a common form of electronic word-of-mouth (eWOM), has gained

a lot of importance [1]. - Table 1. Termlnology
Reviewer A consumer who writes
One of the important product/service reviews
Prospective A consumer who is planning to buy
channels to spread Consumer a product/service
Online A platform that enables reviewers to
consumer opinions, is Review write reviews and facilitates
Platform prospective consumers to read the
online review websites (ORP) FEVIEWS
Specified The product features selected by
such as Amazon.com and Preference prospective consumers when
searching for a product
Yelp.com that provide an Product Technical features of a product (e.g.
Features storage space in a digital camera,
online platform for remote of a TV or keyboard in a
laptop etc.)
consumers to write product | Review Textual, meta-characteristics of the
Stylistic review (e.g. length of review, star
reviews [2]. Online review | Characteristics | rating)
Review The overall positive or negative
p|atf0rms (ORPS) enable Sentiment polarity of a review (eg
positive/negative score of a review)

consumers to express their feelings, experiences, and opinions about a product and/or
a service in a textual format that are accessible to others, including prospective
consumers. For a given product, typical ORPs contain detailed product specifications
and reviews from reviewers. After a consumer purchases and uses a product, he/she
may write a review describing his/her experience with the product features. The
reviewer also provides an overall star rating for the product. A consumer can read
other people’s reviews and provide a helpfulness rating for one or more reviews. A

prospective consumer reads the reviews of a product/service of his/her interest to



form a judgment regarding the product/service. An overview of ORPs and the typical

workflow is shown in Figure 1.

(3) Rates other Prospective
Reviews Consumer

Reviews

Figure 1. An overview of online review platforms (ORPs) and the associated
work flow

According to a recent US nationwide surveys, writing, usage and trust in online
consumer generated reviews have been steadily growing and consumer reviews
posted online are currently the third-most trusted form of advertising [3]. Online
review platforms (ORPs) have become an important information source that
influences purchase decisions amongst prospective consumers [4—6]. Many studies
have reported that consumers are often motivated to access product review

information to make well informed purchase decisions [7, 8]. Research has also



shown that many prospective consumers use online product reviews! as

information sources and those reviews influence product sale [9].

1.1 Problem with Online Consumer Reviews

The number of online consumer reviews generated on ORPs has been increasing at a
rapid pace [9], especially for popular products and services, resulting in information
overload for prospective consumers [10, 11]. The cost of information search from
reviews may outweigh the benefits gained from reading numerous reviews, which
decreases the effectiveness of online reviews as decision aids [12] for prospective
consumers. It necessitates the need of identifying the relevant reviews from a large
amount of reviews available [13]. Relevant reviews that can be helpful to prospective
consumers are usually buried in the huge number of reviews [14], making it difficult
and time consuming for the consumers to wade through and examine those reviews in

order to find helpful information.

To overcome this problem, some online review platforms, such as Amazon.com,
Bestbuy.com, and Yelp.com, provide some aggregated, summarized, or categorized
views of online reviews, such as categorizing reviews based on (1) the helpfulness of
reviews voted by fellow consumers, (2) the star rating of products, and (3) the date
that reviews were posted (see Figure 2). Given the large number of reviews, however,
such global review categorization and summarization methods are limited and
inadequate for prospective consumers to identify relevant and helpful reviews. For

example, the helpfulness votes of product reviews are sparse and skewed in nature.

! The terms “product review” and “consumer review” have been interchangeably used in this proposal
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< Pravious | 2 .. 38 | Next: Most Helpful First | Newest First

112 of 120 pecople found the following review helpful

JOAONONT Love i, August 18, 2012
By A. A. Glazer "world wide web wanderer" (NE Georgia) - See all my reviews

Motorola DROID X Android Verizon Cell Phone (Wireless Phone Accessory)

It took me a while to decide what phone to buy - did lots of research. I believe in
yesterday's technology when it is still good. This is. It does everything the new phone
of today do. Only issue I have - and I've reaad about it in many reviews - is the
camera. It is very slow to respond. But that is not why I have it. I have a good DSLR
and it doesn't bother me that the camera in my phone is not that great.

Everything else works wonderfully. Great reception....I can hear and be heard well. It
finds my wireless very quickly. Lots (LOTS) of options in the settings menu. It is
extremely highly customizable, There are seven (7) home pages to set up whatever you
may need. I have it set up as one with my calendar, another with music/radio apps,

Figure 2. Example of review ranking provided by Amazon.com: (i) Most
Helpful First and (ii) Newest First

Consumers may tend to only read top reviews that have received many helpfulness
votes and in that process those top reviews keep garnering more helpfulness votes,
which leads to the rich-get-richer effect. Thus, a lot of other reviews having relevant
and helpful information about a product but have received fewer helpfulness votes

may never get the opportunity to be read.

Researchers have conducted numerous studies to automatically determine the
helpfulness of reviews by analyzing review content characteristics [10, 15-17]. This
process helps identify many un-voted and/or less-voted reviews containing helpful
information about a product. However, one of the major limitations of those studies is
that helpfulness of individual reviews is predicted based on an assumption that people
would perceive helpfulness of the same reviews equally, which is not always true. In
many cases, individual consumers may have different preferences of or emphases on
different product features when they make a purchase decision. When purchasing a
mattress, some consumers may consider firmness as the most critical feature of a

mattress, while others may prefer a mattress containing memory foam. Therefore, the
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same reviews, depending on which product features were commented, could be
helpful to some consumers but not necessarily to others. Similarly, consumers who
prefer screen size, resolution, and battery life of a smartphone may mainly look for
helpful reviews that particularly commented on those features of a target smartphone.
As a result, it will be beneficial for prospective consumers if they can be presented
with an ordered list of reviews that are ranked based on the relevance of review

content to prospective consumers’ preference on product features.

1.2  Personalization of Online Review Rankings

To address the above problem, it is essential to develop a personalized framework
that would determine the helpfulness of individual review based on the product
features of a product (i.e. personal preferences of the consumers). It will be beneficial
for prospective consumers, if they can be presented with an ordered list of reviews
that is ranked based on the relevance of review content to prospective consumers’

preference on product features.

Some recent studies have explored personalizing online consumer reviews [13] [18].
However, they predicted review helpfulness based on consumer type (e.g., expert vs
amateur), social activity of a consumer (e.g., as a reviewer and a rater), and a
consumer’s past product purchases rather than his/her product feature preferences.
None of existing studies on review helpfulness determination has focused on
predicting the helpfulness of reviews by taking consumer preferences into
consideration. Accordingly, there has been little empirical research that examines the

effectiveness of reviews presented in a personalized way based on their product



feature preferences. This dissertation research aims to fill this knowledge gap, by
developing a personalizing review ranking framework to help consumers get more
relevant and helpful reviews based on their product feature preferences and by
providing a better understanding of the effectiveness of the review ranking

personalizer through an empirical study.

1.3  Research Questions

Because not all reviews are equally relevant and helpful, extant research has
suggested that it would be important to identify what reviews are influential to a
consumer’s purchase decision, and to personalize the presentation of those relevant
reviews to meet the needs of a consumer [19, 20]. These two things lead us to the

following major research question:

Whether organizing reviews in a systematic order that aligns with prospective
consumers’ specified product feature preferences could be more useful to prospective
consumers than organizing reviews by their peer reviewed helpfulness votes that do

not necessarily meet the consumers’ specified needs?

More specifically the following two questions are examined in this dissertation

research.

Question 1: What is an effective method for personalizing review ranking?

The development of an effective mechanism for creating online personalized review
rankings is challenging. It needs various input factors (e.g., product reviews and
review content characteristics, and preferred product features), advanced modeling

6



approaches, and robust design of a personalization framework. To answer this
research question, a comprehensive framework that incorporates several technical
approaches and related theories, is developed for creating a personalized review

ranking system.

Question 2: Can the proposed review ranking personalization framework provide
more helpful reviews to consumers based on their personal product feature

preferences?

Practitioners and researchers need to better understand how online review ranking
personalization will help consumers make better and quicker purchase decisions. In
this research, an user study is performed that gather empirical evidence to
demonstrate the effectiveness of personalizing review ranking systems by answering
the following question: (i) how much relevant are the reviews to the consumers
provided by the personalized review ranking system based on their product feature
preferences, (ii) how much knowledge about a product do consumers gain by reading
the reviews provided by the personalized review raking system and (iii) how much
satisfied are the consumers with the information content of the reviews provided by

the personalized review raking systems.

These questions are the driving force behind this dissertation research.

1.4  Research Objectives

In particular, the research aims to meet the following three objectives.



Obijective 1: Automatically predicting helpfulness of online product reviews based on

individual product feature(s) of a consumer’s interest

The first objective of this research is to develop an advanced statistical model to
predict the helpfulness of reviews of a given product. The statistical model uses the
identified product features of a consumer’s interest to predict the helpfulness of all
reviews, especially, newly published yet un-voted reviews for that consumer. The
statistical model also determines the contribution of individual product features

towards the helpfulness of reviews.

Obijective 2: Personalizing the order of online product reviews shown to consumers

The second objective of this research is to customize the order (i.e. personalize) in
which the reviews are presented to prospective consumers based on their specified
product features preferences. A prospective consumer specifies certain product
features that are important to him/her (e.g. battery life in a tablet) when looking for a
product and this information influences the order in which the reviews are presented

to him/her.

Obijective 3: Conducting an empirical study to evaluate the effectiveness of the

proposed review ranking personalizer

The third and last objective of this research is to evaluate the effectiveness of the
framework by conducting an online user study. The web based user study system
aims to compare the performance of the proposed review ranking personalizer with

the existing state-of-the-art review ranking system, reviews ranked by helpfulness.
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This research posits that performance of the proposed review ranking personalizer
system enables a consumer to access more relevant and helpful reviews to the
consumers than the state of the art helpful ranking system by considering their

product feature interests while building the statistical model.

1.5 Key Contributions of the Research

This research uniquely analyzes the content of every consumer review of a particular
product in an ORP for personalization. A user’s personal product feature preferences
are captured and applied to process product reviews so that the significance of each
review from the point of view of a prospective consumer could be predicted. This
way of processing product features, consumer reviews, and capturing prospective

consumer’s preferences leads to review personalization.

The research makes several primary research contributions as discussed below.

Contribution 1: Helpfulness prediction of online product reviews based on

consumers’ dynamically changing product feature preferences

One major objective of the proposed research is the development of a helpfulness
prediction model based on several features of a product that predicts and recomputes
helpfulness of all reviews of that product for both already voted as well as un-voted
reviews. It has been found that review helpfulness votes are very sparse in real review
data sets [13, 18] and thus building a review helpfulness prediction model helps ORPs
better present their reviews to consumers. There are some review helpfulness

prediction models available in literature [15, 21, 22]. These studies have calculated
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the helpfulness of individual reviews using either classification or regression-based
prediction methods without considering a consumer’s preference on specific product
features of a product. These studies have also not considered the dynamic change of
consumers’ preferences for different product features while predicting the helpfulness
of the reviews. One of the unique contributions of this research is the prediction of
helpfulness for all individual reviews using a Latent Class Modeling (LCM)
approach. More specifically, an advanced statistical model, latent class regression
(LCR), is applied for helpfulness prediction of reviews that takes into account the
dynamic change of consumer product feature preferences when providing
personalized ranking of reviews. The calculation of helpfulness for all the reviews in
turn help bringing relevant as well as better quality reviews to the forefront of the

prospective consumers, based on their individual product feature preferences.

Contribution 2: Information overload reduction for prospective consumers by

providing personalized review rankings

The research ranks product reviews based on the prospective consumer’s specified
product feature preferences by developing a review ranking personalizer. There have
been very little research in the area of review personalization [13, 18]. However,
those studies have not considered a consumer’s product feature preferences while
predicting the helpfulness of reviews and have not shown any ranked product reviews
to consumers. Aligning the reviews with the preferences of a prospective consumer
for particular product features helps him/her in dealing with information overload.

The review ranking personalizer allows consumers in accessing more relevant
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reviews in a time-effective manner by not having to search through all reviews. The
proposed system also provides self-control to consumers in selecting and viewing
reviews based on their specified product feature preferences. Enabling the consumers
to view reviews based on their specified preferences, can make the prospective
consumers comprehend reviews more carefully, thereby take the right and smart
decision while making online purchases. The review ranking personalizer does not
need social or historic data from consumers to personalize the review ranking, but
only depends on the stated product feature preferences to present the reviews in a

personalized order.

Contribution 3: Performance evaluation of the developed personalized review

ranking framework by conducting an end user evaluation

Most of the studies in the helpfulness prediction domain have considered a model
based approaches to evaluate the quality of the reviews predicted by the helpfulness
prediction models [18, 23]. However, such approaches never consider user’s direct
feedback on the quality of the reviews predicted for him/her. On the other hand, user
centric system evaluation can capture the direct attitude of the users towards the
helpfulness of the reviews predicted by helpfulness prediction models. Based on this
notion, this research has taken a user centric approach to evaluate the performance of
the proposed review ranking personalizer (i.e. FDPPR framework). The system is
evaluated based on the feedbacks (about the quality of the reviews on several aspects)

from many end users. By conducting a user study, this research helps in evaluating

11



the efficacy of the proposed framework that can be adopted by ORPs to provide

personalized review rankings to the consumers.

The remainder of this dissertation is organized as follows. In Chapter 2, a
comprehensive literature review on online review analysis, latent class modeling and
system evaluation is presented. Chapter 3, discusses about the feature driven
personalization of online review (i.e. FDPPR framework) system architecture in great
details. Chapter 4 presents a case study based on FDPPR framework. Chapter 5,
presents the performance evaluation of FDPPR that includes hypotheses
development, and user study design. In Chapter 6, the results of the user study are
presented. Finally, Chapter 7 concludes this research by discussing implications of

the research, limitations, and future research directions.
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Chapter 2. Literature Review

In this chapter, literature review in the area of consumer review analysis, latent class
regression models, and evaluation of helpfulness prediction models is presented in
detail. Section 2.1 discusses online review analysis, which includes a background
literature review in the area of review helpfulness prediction, review personalization,
review sentiment analysis and product feature extraction using LDA. Section 2.2
covers latent class regression model used in this research for review helpfulness
determination and review personalization. Section 2.3 provides a brief literature
review about performance evaluation of helpfulness prediction models and the user-
based studies performed on search engine ranking systems. Section 2.3 also presents a
brief literature review on analytical hierarchical processing and kendall tau distance
measure that are used in this research to evaluate the proposed review personalization
framework. Section 2.4 summarizes the limitations of the current review helpfulness

prediction/personalization approaches.

2.1 Online Consumer Review Analysis

The research on online consumer reviews has been steadily increasing in the past
decade with a primary focus on the impact of online reviews on consumer’s behavior
and perceptions such as consumer purchase intention, satisfaction, and revisit
intention [24, 25], the dynamic relations between online reviews and sales/revenues
of e-marketplace [26—28], and the motivation and methods of online review
communication and transmission [29, 30]. For example, in the domain of consumer

purchasing intention, numerous studies analyzed the effect of on online reviews
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quality (valence) and quantity (volume ) on customers purchase intention [31-33].
Studies on sales and revenues domain examined the effect of consumer review ratings
on the sales revenue of the products/services and found a substantial relationship
between them. For example, one study [34] showed a positive effect of online book
reviews on book sales using data on Amazon.com. In a similar study by Liu [35], a
significant relationship was also shown between online movie reviews ratings and the
box office revenues. In the rest of this section, prior related work on review

helpfulness prediction and personalization is presented.

2.1.1 Online Consumer Review Helpfulness Prediction

More recently, research on automatically assessing and predicting helpfulness of
online consumer reviews is gaining a lot of attention from the research communities.
Helpfulness of an online product review reveals how consumers perceive the
relevancy and value of a review. In most of the studies, review helpfulness has been
calculated using various textual (e.g., length of a review, number of adjectives/nouns
used, subjectivity of reviews) and/or social (number of past reviews, reputation of an
author, past average rating by an author) factors extracted from the review textual
content and review metadata. Some of the commonly used predictive features of

helpfulness are:

e Review length: Review length (or depth of the review) has been considered as
one of the important review related factors strongly associated with the
perceived usefulness of the reviews by many previous studies. Most of the

researchers [17, 36—39] have found a positive association between the length
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of a review and the perceived usefulness of a review. Some research has

indicated an existence of a threshold effect of length as well.

Age of the review: Another important review factor that has contributed in
determining the helpfulness of the reviews is the age of the reviews (i.e. days
elapsed after the review being posted). Most researchers have concluded that

age has a positive impact on the helpfulness [15, 39-41].

Review ratings: Review ratings (usually from 1 star to 5 star) have shown a
mixed response while studying the effect of review ratings on the helpfulness
of the reviews. While some of the studies [39, 42, 43] have shown a positive
effect of the review rating on the helpfulness of a review, a negative effect has

also been revealed by many studies [40, 44].

Sentiments: Cao, Duan, and Gan (2011) have analyzed and compared the
effect of semantic characteristics and the other characteristics of the reviews
on the helpfulness vote counts [11]. The research has concluded that reviews
having extreme opinions get more helpfulness votes than the reviews having
mixed or neutral opinions. Li et.al [45] have drawn similar conclusions as
well. Salehan and Kim have investigated the effect of review sentiments on
the helpfulness of the reviews [37]. The finding of the study has shown that
reviews that contain more positive sentiment in the title get more readerships
and reviews having neutral polarity in the text are perceived to be more
helpful. The length and longevity of a review increases the readership and

helpfulness of a review.
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Emotions: Emotions have been shown to have a role in determining

helpfulness as well. Researchers in [46—49] examine the relationship between
emotional review content (angry, anxiety) and helpfulness ratings of reviews
and conclude that reviews with more content indicative of anxiety are helpful

than the reviews containing content indicative of anger.

Review extremity/readability/expression density and diversity : Review
extremity has also been studied by Mudamb & Schuff in [24]. The study
found that review extremity affects the perceived helpfulness of the reviews
and the effect of review extremity on the helpfulness of the review is
moderated by the product type. Similarly review readability has also been
studied by [50, 51]. These studies have shown a strong impact of review
readability on the helpfulness of the reviews. In another study [52], Willemsen
et.al have studied the effect of review argument density and diversity on

perceived helpfulness of the reviews and have found a positive impact.

Information disclosure: Studies on information disclosure of a reviewer
(identity-descriptive information displayed on review platforms such as real
names, summaries of past contributions, self-photo, location, reviewer
identity) have shown to have an impact on the helpfulness of reviews [6, 36,

50].

Reviewer’s expertise level: Reviewer expertise, measured by total number of
reviews by the reviewer on a topic has shown a positive effect on the

helpfulness of reviews [53]. Similarly, previous research focusing on the
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effect of reviewer’s expert level (e.g. ranks and special badges such as top- 50
reviewer or top-100 reviewer etc.) on the helpfulness of reviews have found a

positive association between the two.

e Reviewer’s social network: The reviewer’s social network has also been
studied to measure the effect on the helpfulness of reviews. Prior studies such
as [36, 40] have found a positive relationship between reviewer in-degree/out-
degree centrality, reviewer’s fan, reviewer’s follow numbers and the

helpfulness of reviews.

Various classification and regression models have been used to develop models for
helpfulness prediction. Classification based methods have been used to classify
reviews into different classes. For instance, reviews can be classified into multiple
classes such as high, low, or medium quality [21] or helpful or not helpful classes
[54] based on those textual characteristics of reviews and posting behavioral
characteristics by using classification algorithms such as Support Vector Machine
(SVM). When using regression based prediction models, regression techniques such
as Support Vector Regression (SVR) [22] and linear regression (LR) [15] have been
widely used to predict the helpfulness of reviews. In [22] , SVR was used to evaluate
the quality of a review by considering structural (e.g. html tags, review length),
semantic (e.g. product feature mentions), syntactic (e.g. percentage of verbs or nouns
in a review), metadata (e.g. star rating) and lexical features (e.g. n-gram) of a review.
Ghose and Ipeirotis [15] applied linear regression (LR) with a variety of textual

(review subjectivity, number of sentences in a review, number of words in a review)
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and posting behavioral features (e.g. rank of the reviewer, number of past reviews) to

predict the helpfulness of a review.

2.1.2 Online Consumer Review Personalization

So far only a few studies have explored methods for presenting reviews to consumers
in a personalized way. For example, one study developed a series of probabilistic
graphical models based on Matrix Factorization and Tensor Factorization to predict
personalized reviews [18]. The study used details of the reviewers (e.g. past review
ratings, number of reviews previously posted etc.), characteristics products, and
extracted unlabeled latent features from the text of reviews to predict review
helpfulness ratings. A similar study [13] also developed a method for predicting
helpfulness ratings of reviews for individual consumers by exploiting context
awareness for inferring unknown helpfulness ratings automatically. Four types of
context, i.e., author context (i.e. reviewer who writes a review), rater context (i.e.
rater who rates a reviewer), connection context, and preference context, were then
mathematically formulated. A context-aware helpfulness prediction framework
(CAP) was developed using a factorization model based on content context and
various types of social context of the reviews to predict the helpfulness rating of each
review. However, the major drawbacks of these studies are that they have not
considered prospective consumer’s product feature preferences while recommending
helpful reviews (i.e. predicting helpfulness ratings of reviews in a personalized way)
to consumers. The review recommendation has been entirely based on the consumer’s
past history with the ORP system (which includes past ratings, social connections,

and other products reviewed). Research have shown that many prospective consumers
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never rate the reviews [55]. This makes it difficult for these existing models to
personalize reviews. Also, in those review personalization models, temporal effects
(i.e. dynamic change of consumer preferences) have not taken into consideration

while predicting helpfulness of reviews for each prospective consumer.

2.1.3 Sentiment Analysis of Online Consumer Reviews

Sentiment analysis is used to determine the sentiments (positive, negative or neutral
emotions towards an entity) of a consumer expressed in a text data. There are two
kinds of sentiment extraction processes available to extract sentiments from the text
documents automatically, (1) classification based [56] and (2) lexicon-based [57]. In
classification-based approaches (statistical/machine learning), a supervised classifier
is built from labeled instances of texts or sentences. Most of the classification based
sentiment analyses use Support Vector Machine classifiers that are trained on a
domain specific data set using different features such as unigrams or bigrams, and
with or without part-of-speech labels [56, 58-60]. Although such classifiers achieve
high degree of accuracy in predicting the polarity of text documents in a particular
domain on which they are trained on, they perform very poorly in other domains.
Also, these classifiers do not take the effect of linguistic context such as negation
(e.g., not good) and intensification (e.g. very good) into consideration while
determining the polarity of the text documents [61]. In contrast, lexicon-based
approaches determine the sentiment of a document by aggregating the sentiments of
words/word phrases in the document. Lexicon based methods are very simple and
seem to address the issues with classification-based methods by creating sematic rich

dictionaries of words. There are many dictionaries available for sentiment detection
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such as WordNet-Affect?, SentiWordNet®, and Opinion Finder [62]. Each dictionary
includes multiple words and their associated sentiment scores that represent sentiment
strength or just positive/negative polarity. For example, Hu & Liu [63] identified

polarity for adjective words of a review text using WordNet.

Sentiment analysis has also been applied to determine polarity of text documents at
different level of granularities that includes document level, sentence level, and
aspect level. In document level sentiment classification, a sentiment classification
algorithm classifies a whole text document as either positive or negative [56, 57]. For
instance, for a product review, sentiment analysis finds out the overall positive or
negative sentiment of the review about a product. In a sentence level sentiment
classification [58, 59], each sentence of a text document is classified as positive,
negative or neutral. In an aspect level sentiment classification, a fine-grained analysis
is conducted to find out the sentiments towards different features or aspects of entities
(e.g. picture quality of a camera). Aspect level sentiment classification systems first
discover the aspects of an entity and then determine whether the opinion on each

aspect is positive, negative or neutral [63, 64] .

2.1.4 Product Feature Extraction from Online Consumer Reviews

Discovering product features from consumer reviews can provide more fine-grained
information and provide meaningful insights by organizing and indexing reviews
based on extracted product features commented in the reviews. Various studies have

used different techniques to discover product features form consumer reviews. The

2 http://wndomains.fbk.eu/wnaffect.html
3 http://sentiwordnet.isti.cnr.it/

20



product features have been usually extracted using one of the following techniques

(1) string extraction-based methods, and (2) topic modeling.

Initially, string extraction-based methods were developed to extract features (aspects)
from a text corpus. Those methods identified frequently appearing noun phrases in a
text document as features. For example, Hu and Liu [63] proposed an association
mining algorithm to identify features in product reviews. First, a linguistic parser
parsed each review to split text into sentences. Then Part-of-Speech (POS) Tagging
was performed to identify if a word is a noun, verb, adjective, etc. Next, association
mining was carried out to find frequent “features (set of words or a phrase (here houn
phrases identified by POS)) that occurs together in some sentences)” using CBA
Miner. Wang et al. [65] proposed a bootstrapping based algorithm (aspect
segmentation algorithm) to discover aspects (features) from review text. First, the
algorithm split a review document into sentences and determined the initial aspect
annotation by assigning each sentence to an aspect that had the maximum term
overlapping with the sentence. Next, aspect dependency was calculated by Chi-square

statistics and high dependent words were put under the corresponding aspect.

Those methods, however, have inherent limitations of putting several constraints such
as compactness pruning and redundancy pruning [63] on noun phrases with high
occurrence frequencies to identify product aspects. By exercising such constraints in
the text analysis process, those algorithms not only become complex, but also
identifies many non-aspects mistakenly. Those methods also miss the low-frequency

aspects as well as their variations. Further, those statistical approaches require manual
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tuning of various parameters, which makes it difficult to apply those techniques to
text documents in different domains. Another real challenge with string extraction-
based methods is that the number of aspects increases as text size increases. This
makes it difficult and inefficient to automate the whole process of applying those

algorithms to large review corpora.

To address the problem of handling large-size documents for aspect extraction, many
researchers explored topic modeling techniques to overcome the limitations of string
extraction-based methods by automatically learning model parameters from review
text. Topic model based methods aim at discovering latent aspects (or topics) that
reside implicitly in text documents using probabilistic statistical models [27-29].
Topic models are a part of probabilistic modeling in natural language processing and
machine learning. In generative probabilistic modeling, data are treated as arising
from a generative process that includes hidden variables and calculates a joint

probability distribution over both observed and hidden random variables.

The initial standard topic model is the Probabilistic Latent Semantic Analysis
(PLSA)[66], a probabilistic variant of LSA. PLSI assumes that a text document is
generated using a mixture of K topics. However, a PLSI model does not make any
assumptions about how the weights of each topic are generated, making it difficult to
test the generalizability of the model for new documents. In addition, a model used in
a probabilistic latent semantic analysis could run into severe over-fitting problems as
the number of parameters grows linearly with the size of a text corpus [69]. Latent

Dirichlet Allocation (LDA) [67] has been one of the most commonly used topic
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modeling method. LDA is similar to PLSA, except that in the former, the topic
distribution is assumed to have a Dirichlet prior [67], resulting in more reasonable
mixtures of topics in a document. The basic idea behind LDA is that it posits that
each document is a mixture of a small number of topics and that each word's creation

is attributable to one of the document's topics.

LDA has been applied to consumer reviews successfully to find latent aspects from
reviews [9], [34-37]. One of the major advantages of LDA is its modularity which
allows researchers to extend it for finding complex structures in text documents (e.g.
finding topic correlation, finding topic hierarchy etc.). One of the extensions of LDA
is the Correlated Topic Model (CTM) [74] that assumes presence of one latent topic
may be correlated with the presence of another topic. The topic proportions in CTM
are drawn from a logistic normal distribution rather than a dirichlet distribution.
Another extension of LDA is the dynamic topic model [75] which takes the ordering
of documents in account and gives a richer posterior topical structure in the text than
LDA. A family of probabilistic time series models is developed to analyze the
evolution of topics in large document collections. One more extension of LDA is
pachinko allocation machine (PAM) [76] that allows the occurrence of topics to
exhibit correlation (e.g. a document about geology is more likely to also be about
chemistry then it is to be about sports). In PAM, the concept of topics is extended to
be distributions not only over words, but also over other topics. Titov & McDonald
[69] extended the basic LDA model by assuming and representing a document as a
sliding window, each covering a number of adjacent sentences within a document and

proposed a multigrain topic model that models and find local and global topics in
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text documents. In LDA, inference is performed to learn topics distribution for each
document, associated word probability distribution, and the particular topic mixture
of each document. Originally, the variational EM (Expectation Maximization) [67]
approach was proposed by David et.al. Later various approximations have been
considered [67, 77, 78]. Another approach is to use a Markov chain Monte Carlo
algorithm (MCMC) for inference with LDA [79]. Gibbs Sampling [78], is an example
of MCMC for the posterior inference of the parameters (a, #). The values of a and
are considered to be 50/(number of topics(k)) and 0.1, respectively, as suggested by

[78].

2.2 Latent Class Model and Latent Class Regression (LCR)

Social and behavioral sciences usually involve many constructs that are not fully
observable or measurable [80]. For example, depression and self-esteem are
constructs that investigators widely agree to exist, yet are not directly measurable.
Symptom checklists or surveys consisting of multiple items are often used to study
such constructs to capture the underlying latent construct. However, the inherent
unobservable nature of a latent variable makes it difficult to correctly measure them
using such methods. That in turn leads to the measurement error (the discordance
between the underlying true construct and the observed indicators). The latent
variable modeling was developed in order to appropriately account for the
measurement error arising from the study of latent variables. One widely used latent
variable model is latent class model (LCM) [81-83]. LCM models a categorical latent

variable based on multiple, observed indicators Uz, Ua, ..., Uj, such that each
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individual entity belongs to exactly one of C latent classes, denoted C1, Co, ..., Cc.
The latent classes are defined by response patterns among the indicator items. For
example, one class may have a low propensity for endorsing all items while another
class is defined by high propensities for endorsing all items. LCM is used to explain
the interdependency of the categorical observed variables by introducing the
explanatory latent variable. Initially LCM was proposed through a survey to study
social attitudes of individuals in which typologies were built using sets of
dichotomous observed variables [82]. Then it was extended by Goodman [83] who
developed maximum likelihood estimation procedures that could deal with

polytomous variables.

A latent class regression (LCR) model generalizes LCM by allowing for auxiliary
variables (covariates) to be related to latent classes [84]. In a LCR model, apart from
the variables used to identify latent classes, covariates can be included in the model
affecting the class membership [55, 56]. LCR typically assumes that covariates do
not have any direct effect on the indicators Ui,.... Uj, but rather is only associated
with the indicators via class membership. LCR models are used to group entities of
interest into different classes where the entities within each class have similar values
on a set of observed indicator variables. LCR starts with the creation of individual
linear regression equations for all classes. LCR differs from the classic linear
regression as it identifies multiple alternative equations that can be applied to
different latent classes. These multiple regression equations explain the variance in

the data better than a single regression equation. LCR also calculates the probability
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that individuals belong to each class and a regression equation for each latent class is

developed based on weighted probabilities.

LCR models have been used in many areas such as marketing [87], sociology [88],
psychometrics [89], medical research [42, 43], and psychosocial [44, 45] etc.
Recently, LCR models get increasing attention from various research communities, as
those models can yield powerful improvements over traditional approaches to
clustering, and/or regression/segmentation [94-97] as well as multivariable biplots
and related graphical displays. The major drawback of traditional approaches such as
discriminant, simple regression and log-linear analysis is that they describe only
relationships among observed variables. LCR models are different from these
traditional models as they contain parameters that can relate one or more observed
variables to discrete unobserved (latent) variables in the data. Also traditional models
rely on various modeling assumptions such as linear relationship, normal distribution,
homogeneity, which are often violated in practice and thus introduce biases in the
models [98]. In contrast, LCR models are not restricted by those model assumptions,
thereby reduce biases associated with data. In addition, LCR models can handle
various types of variables, such as nominal, ordinal, continuous and/or count
variables, in the same analysis. In LCR, latent classes and external variables
(covariates) are assessed simultaneously with the identification of the clusters that
leads to improve cluster description. This eliminates the use of any second stage of
analysis such as discriminant analysis after the first stage of analysis (traditional

clustering) to describe the clusters.
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2.3 Evaluation of Helpfulness Prediction Models

System evaluation is an important part of information system research that tests the
performance of the developed system. It validates the output of a system and
determines the feasibility and effectiveness of the system. In previous studies, model-
based approaches have been adopted for evaluating the performance of helpfulness
prediction models. Most of the studies used K fold cross validation techniques to
determine the quality of the helpfulness prediction. For instance, in the study by Chen
and Tseng [22], helpfulness ratings were ranked according to the time points when
they were published in a chronological order and then whole data set was equally split
into two parts. 50% of them were considered as the training dataset and 50% of them
were treated as the testing dataset. The helpfulness prediction model trained on the
50% data and tested on the rest 50% test data. Root Mean Squared Error (RSME) was
then used to evaluate performance of the system. Similarly, Moghaddam et al. [18]
used 10-fold cross validation on the dataset to measure the performance of their
system. In each fold, 90% of the data were used as the training dataset and the
remaining 10% as test dataset. Root Mean Squared Error (RMSE) was used as the
evaluation metric. In another study [99], helpfulness prediction accuracy of the
developed model (back-propagation multilayer perceptron neural network) was
examined by comparing it with the multivariate regression analysis. VV-fold cross
validation approach was used on the dataset and the results from both models were
compared. The whole dataset was split into a number of subsets where each subset
was treated as a test sample one by one while leftovers were treated as the training

dataset. 12 neural network models and regression models were trained or estimated.
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Mean Square Error was aggregated for the 12 test samples for both the models and
the results were compared. Kim et al. [22] used 10 fold cross validation to evaluate
their developed review ranking system using Support Vector Machine (SVM). SVM
was trained by 9-fold, while in the remaining test fold each product’s reviews were
ranked based on the SVM prediction. Spearman’s correlation coefficient was used in
the study to correlate the ranking of the reviews with the gold standard ranking (user
helpfulness votes on Amazon.com). Similarly, O’Mahony and Smyth [55] applied 10
fold cross validation on three classifiers including their (classifies reviews as helpful
or non-helpful) to measure and compared the performances of three systems using

receiver operating characteristic (ROC).

Although model based performance evaluations are conducted to test the performance
of the constructed models, such approaches fail to assess real quality of the result
generated by these models. In contrast to model based evaluation, user based
evaluation approaches (usability studies) capture direct feedback about the quality of
the results from end users. This research develops a personalized helpfulness
prediction model that has focused on providing personalized review ranking systems
to the consumers based on their product feature preferences. So far, there are no
studies in the literature that have conducted user-based evaluation of the helpfulness
prediction models. A related research area close to this research is the search engine
ranking system that ranks web documents based on their relevancy to the user’s
queries. Several user studies have been conducted in this domain to evaluate the
ranking of search results using human relevance judgement. For example, in one

study by Su et al. [100], users were asked to choose and rank the five most relevant
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items from the first twenty results retrieved for their queries. Similarly Hawking et al.
[101] and Chowdhury and Soboroff [23] evaluated the effectiveness of several web
search engines using reciprocal rank of the relevant document, a measure closely
related to ranking. Vaughun [102] compared human rankings of 24 participants with
those of three large commercial search engines, Google, AltaVista, and Teoma, on
four search topics. Beg [103] compared the rankings of seven search engines on
fifteen queries with a weighted measure of the users’ behavior based on the order the
documents were visited, the time spent viewing them and whether they printed out the

document or not.

User centric studies provide an avenue for high-quality objective and subjective
evaluation of the system [104]. Due to this reason, in this research, a user centric
approach is considered to evaluate the proposed personalizing review ranking
framework. The quality of result (review) ranking is calculated based on a continuous
relevance ranking (from most relevant to least relevant) by human subjects (which is
captured by pairwise comparing a set of reviews by Analytical Hierarchical
Processing (AHP) [105]). The effectiveness of the system is measured by capturing
the difference in the quality of result ranking by different ranking systems (system
generated vs user generated) using Kendall Tau Distance [106]. Kendall Tau Distance
is a metric that counts the number of pairwise disagreements between two ranking
lists. The lower the distance, the closer a ranking system is to the human ranking and
thus the better the ranking performance. The next two sections present a brief

introduction of AHP and Kendall’s Tau Distance.

29


https://ipfs.io/ipfs/QmXoypizjW3WknFiJnKLwHCnL72vedxjQkDDP1mXWo6uco/wiki/Metric_(mathematics).html

2.3.1 Review Ranking Using AHP

Analytical hierarchical processing (AHP) is a popular multi-criteria decision-making
method. It was originally proposed by Saaty [107]. It has been used as an effective
tool for dealing with complex decision-making process and helps decision makers to
make the best decision by setting priorities. In AHP, pertinent data are derived by
using a set of pairwise comparison. The pairwise comparison method is used to
measure the weight of two criteria by measuring the relative importance of one
criteria over the other. By using a set of pairwise comparisons, AHP helps to capture
both subjective and objective aspects of a decision. The pairwise comparison method
was originally introduced in psychological research [108]. It was then improved
mathematically by Saaty and served as the basis of the AHP [107, 109]. In each
pairwise comparison, AHP uses simple linguistic phrases to get the qualitative data
and uses a numerical scale to quantify the data. The scale indicates how many times
more important one element is over another element with respect to a criterion. There
have been several different numerical scales such as the Saaty scale [109], the
geometrical scale [110] and the Salo-Ha"ma’la”inen scale [111]. The Saaty scale has
been the most commonly used scale in many applications. In addition to that, AHP
incorporates a useful technique called consistency ratio (CR) for checking the
consistency of decision maker’s evaluations, thus reducing the bias in the decision-
making process. AHP has been applied to wide verity of domains such as marketing
[112, 113], energy [114, 115], medical and health care decision making [116, 117],

research and development (R&D) project selection and resource allocation [118], etc.
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2.3.2 Ranking Systems Comparison using Kendall Tau Distance

Determining which ranking is the best among a list of potential options is a complex
problem, described by [119] as a Holy Grail search task. Kendall tau distance [120]
has been widely used in many research comparing different ranking systems. Kendall
tau distance (d) counts the number of pairwise disagreements between two ranking
lists. The larger the distance, the more dissimilar are the two ranking lists. Kendall tau
distance is ideally suited to situations where measurements are subjective or difficult
in practice. This research uses Kendall Tau distance (d) to find the distance between

the preferred ranking of the user and two system generated ranking systems.

2.4 Limitations of the Current Review Helpfulness

Prediction/Personalization Approaches

As evident from the current research on helpfulness prediction and personalization of
online consumer reviews, there has been some effort to provide relevant reviews to
prospective consumers. However, the existing ORPS are still far from providing a
personalized review ranking system to prospective consumers to help them find the
relevant reviews based on their product feature preferences. First, there have been
many approaches for automatically determining the helpfulness of reviews. However,
there has been no attempt to develop a systematic approach that takes a consumer’s
interest for specific product feature of products while modeling and predicting the
helpfulness of reviews. There are a few review personalization approaches that have
focused on providing reviews to consumers in a personalized way. But they have used

social and historical/ behavioral information of the consumers (armature vs expert,
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raters vs authors, past purchases etc.) to predict helpfulness of the reviews rather than
product features. Also, there have been a lot of helpfulness prediction models
developed on online consumer reviews and empirically tested using model based
evaluation approaches. However, there have been no empirical user studies yet that
explain the effect of review helpfulness in providing relevant and helpful reviews to

consumers.
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Chapter 3. A Framework for Product Feature Driven

Personalization of Online Product Reviews (FDPPR)

This chapter presents a generic and comprehensive theoretical framework for
developing a “review ranking personalizer” that ranks online product reviews based
on the product feature preferences of a consumer. The framework for “Product
Feature Driven Personalization of Online Consumer Reviews (FDPPR)” is proposed
to help researchers and practitioners develop a personalized review ranking driven by
the product feature preferences of individual consumers. When a prospective
consumer is looking for a product for a potential purchase, he/she usually reads a lot
of online reviews about that product in advance. Prospective consumers usually have
preferences for certain product features of a product. They access the suitability of a
product for purchase based on reading reviews where these product features are
commented. Consumers are currently faced with thousands of reviews for a single

product to get the summary of a single product feature that interests them.

The proposed FDPPR framework provides a “review ranking personalizer” based on
consumers’ personal product feature preferences to show relevant reviews that
adequately address a consumer’s specific needs. In particular, FDPPR uses a LCR
model that takes into account the dynamic change of consumer’s product feature
preferences when providing personalized rank of reviews to him/her. A prospective
consumer is allowed to specify product features of his/her interest of a product and
the “review ranking personalizer” ranks reviews to better suit the preferences of the

consumer. This research also allows consumers to change their product feature
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preferences at any time and uses the proposed review ranking personalizer rank
reviews in different order so that consumers get a better understanding about the
product. The FDPPR provides a personalized review ranking system to tailor the
review ranking for a prospective consumer based on his/her product feature

preferences.

The review personalization developed as part of this research is going to be beneficial
for all prospective consumers, including the unregistered ORP consumers, as it
personalizes review ranking without depending on consumers’ past purchase history
or past interaction with an ORP system. FDPPR provides a personalized approach to
online product review analysis and presentation so as to better support consumers'

purchase decisions.

This chapter is organized as follows, Section 3.1 presents the proposed framework
and discusses the two primary aspects of the framework, namely offline review
analysis and online review personalization. Section 3.2 presents the development of
the offline review analysis module using a LCR model. Section 3.3 presents the

online review personalization process.

3.1 Feature Driven Personalization of Product Reviews (FDPPR)

Research Framework

The design, development, and evaluation of a user-centered personalized product
review analysis and presentation will better support consumers' purchase decisions by

presenting them with the most relevant reviews first based on their product feature
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preferences. Figure 3 presents a generic and comprehensive theoretical framework
called FDPPR for creating review ranking personalizer. The FDPPR framework
provides a novel approach to building a review ranking personalization system using

state of the art text analytics and the LCR model.

Product Feature
Extraction from —— Covariates —
Reviews

Consumer Regression
Class #1 Model #1

. Review Meta Consumer  Regression
Existing Natural Characteristics Class #2 Model #2
Reviews of —— Language —| LCR Model ——
a Product Processing :
Review Textual T predictors
Characteristics
Review Polarity using Consumer  Regression
Sentiment Analysis Class #n Model #n
Offline Review Analysis to develop the review personalizer Online Review Personalization

Figure 3. The Product Feature Driven Personalization of Online Consumer
Reviews (FDPPR) Framework

There are four objectives of the proposed research (see Section 1.3) that include (1)
characterization of consumer reviews in terms of product features, review stylistic
characteristics, and sentiments, (2) predicting the helpfulness of online reviews, (3)
personalization of online review order using the review ranking personalizer, and (4)

a user centric evaluation of FDPPR.
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Figure 4. An Overview of the offline review analysis and online review
personalization modules of FDPPR

To fulfill the first three research objectives, two separate but complementary review
analysis modules are developed, namely the offline review analysis and the online

review personalization (see Figure 4).

In the offline review analysis module, product features, stylistic characteristics of the
reviews, and the sentiment associated with reviews are extracted from the review text
using NLP. Once reviews are represented by the extracted features, a LCR model is
developed (i.e. review ranking personalizer) and then used for online review
personalization. In the online review personalization module, the developed review
ranking personalizer is used to provide personalized ranked reviews to prospective
consumers based on their specified preferences. The offline review analysis is run
periodically to update the review ranking personalizer so that a prospective consumer
will always get personalized order of reviews. Figure 5 shows the schematic of the
review ranking personalizer that is used to develop personalized review ordering to

adequately satisfy a consumer’s product feature preference(s).
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Figure 5. The review ranking personalizer for re-ordering reviews based on
prospective consumer’s specified preferences

A consumer specifies the product features that he/she is interested in and the review
ranking personalizer uses that information and calculates a relevance score for every
review of that product based on the LCR model. The calculated scores of the reviews
are then used to sort the reviews in a descending order and displayed to the consumer.
If the consumer changes his/her product feature preference, the same LCR model
calculates a different score for each review based on the changed product feature
preference of the consumer. This leads to a different order of reviews to suit the
consumer’s need. The ordered reviews help a consumer find and read the most

helpful and relevant reviews quickly.

Table 2. Mapping between the offline review analysis and online review
personalization module

Personalization | Steps
Module

1. Product Feature Identification and Extraction from Review
Corpus

] ] 2. Review Meta-Characteristics Identification and Extraction
Offline Review | 3 Review Textual Characteristics Identification and Extraction
Analysis 4. Review Polarity Determination (using Sentiment Analysis)

5. Development of the Review Ranking Personalizer using
LCR
Online Review | 6. Identification of Prospective Consumer’s Class based on
Personalization Specified Preferences

7. Re-ranking Reviews based on Prospective Consumer’s Class
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The FDPPR framework provides a consistent and traceable way for modeling the
characteristics of thousands of reviews for a product as well as the consumers using
natural language processing (NLP) and the LCR model. The offline review analysis
module mostly encompasses the data preprocessing and collection steps (steps 1
through 5) and the LCR model development. The online review personalization

module encompasses steps 6 and 7 (see Table 2).

3.2 Offline Review Analysis to Develop the Review Ranking Personalizer

To develop the offline review ranking personalizer using the LCR model, multiple
review characteristics such as product features, stylistic characteristics, and
sentiments are extracted from a set of reviews written about a single product using
NLP. More importantly, in this research, several review stylistic characteristics that
have been consistently used in previous studies on review helpfulness prediction (see
section 2.1.1) are used in the development of the review ranking personalizer. The
following sub-sections (see Section 3.2.3 to Section 3.2.4) discuss the steps followed
to extract the review characteristics which are used to develop the LCR model. The

last section (Section 3.2.5) discusses the details about developing the LCR model.

3.2.1 Review Meta Characteristics

Apart from the text in a review, every review has certain meta characteristics
associated with it. The meta characteristics provide useful information about reviews

(see Figure 6).

38



Consumer star rating

Customer Beview Review posting date

POINT OF VIEW
By Joseph Soquiat or]June 25, 2014

Microsoft seems to always advertise their Surface Pro products towards businesses, IT, artists, and engineers. They forget to mention
the great benefit this Surface Pro 3 has for students! I'm going to give 6 reasons why the Surface 3 is great for students, such as
myself.

In closing, if you are a student and are looking for something for school, take a look at the SP3. Is it expensive, yes. But it is an

incredibly versatile piece of technology that can help to simplify your life. | hope this review helped and thanks for reading! (P.S.
Students get a 10% discount when you buy from a Microsoft Store or their online store! Take advantage!)

Total number of people

I v 50+ nomm@r‘lsl 1500 11 962 people found this helpful. Was this review helpful to you? Yes No

Number of comments Number of people found useful

Figure 6. Anatomy of Review Meta-Characteristics

Some of the meta characteristics that are considered as part of FDPPR are:

1.

Review posting date: Every review has a posting date associated with it that
shows when the review was written. This value is converted into number of
days since the review was written and was considered as part of the LCR
model building.

Consumer star rating: Every review is usually accompanied by a consumer
star rating. Most of the consumer ratings are usually in a scale from 1to 5
where 1 is considered as lowest rating and 5 as highest rating.

Number of people found useful: Many reviews have an extra field that shows
how many consumers found that review helpful. This is a very important field
as the review has been vetted by other consumers. In this research, this
variable is considered as a very important part of the LCR model.

Total number of people: This variable shows how many consumers read the
review. A subset of the consumers who read the review mark it as useful.
Number of comments: This variable gives the number of comments posted for

a given review.
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356 of 413 people found the following review helpful
Yriciciok | Great Phone! | January 8, 2013

By Lyudmila Poperechnaya

Generic Unlocked Quadband 2 sim with Android 2.3 OS
(Android 4.1 UI) Smart Phone 4.0 Inch Capacitive Touch Screen Compatible
with GSM carriers T-mobile Simple mobile (White) (Unlocked Phone)
This is an aw D e. I orde t
because it 0

Length of Review
discouraged
nth to deliver. It

Number of Words

phone is loud when
as a little trouble

Number of Sentences Forartivo & Gatieig Volkael =

Help other customers find the most helpful reviews

Figure 7. Review textual characteristics present in a typical review from
Amazon.com ORP

3.2.2 Review Textual Characteristics

The title and text of reviews (see Figure 7), which are part of a review corpus, are
analyzed using natural language processing (NLP pipeline) to identify and extract

textual characteristics from reviews.

The NLP pipeline in this research involves sentence splitting, tokenization, and stop
word removal. As shown in Figure 8, the input to the system at this step is a set of
consumer reviews and the output are the extracted textual characteristics. Processing
reviews through a NLP pipeline helps take care of the variability usually found in
review text for describing a product. For example, by performing stop word removal
on the review text, the words like “the”, “is”, “at”, “which”, and “on” etc. are
removed. This process greatly improves the search process to identify textual

characteristics in the review corpus.
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Figure 8 shows all the steps involved in L

Product Reviews

parsing review text data and extracting

textual features associated with the v
'T;_ Sentence Splitting
reviews. In the first step, a review text is o |
L L = | Tokenization |
split into individual sentences and then 1

tokenized to get individual tokens (i.e., | stop Word Removal _|

words or terms) from the sentences. Next, R

___________________

stop words are removed from the token set

___________________

by matching each token with a list of stop
Figure 8. The NLP pipeline to
words [121]. At the end, various textual preprocess the review text

characteristics are extracted from the cleaned review text data.

3.2.3 Product Features Extraction from Reviews

In this research, a topic modeling-based method (LDA), is performed on the reviews
to identify the product features that the consumers wrote about in their reviews. As
discussed in section 2.1.4, LDA is useful in capturing and quantifying latent
information presented in the text data in various domains and context. The simplicity
and modularity of the basic LDA model have made it one of the most widely used
topic modeling techniques. It has been applied to a variety of applications and also
serves as building blocks in other powerful models. Thus, in this research basic LDA

model is applied to identify and extract product features from consumer reviews.

Topic model based methods aim at discovering topics (i.e. product features) that

reside implicitly in text documents (i.e. product reviews) using probabilistic statistical
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models [27-29]. For each identified topic in LDA, a set of terms are identified that
contribute (i.e. appear with a high probability) to the topic. In FDPPR, topic modeling
is used to reduce the term space and identify product features that contribute towards
the topics without starting with a fixed set of product feature taxonomy. These
product features are subsequently used as covariates in the LCR model (see Section

3.2.5).

The LDA process is represented in Figure 9 using a standard graphical model
notation. Each node in the graphical model denotes a random variable, while edges
denote dependence between random variables. Shaded nodes in the graphical model
denote observed random variables, and the un-shaded nodes denote hidden random
variables. Rectangular boxes are “plate notations,” which denotes replication. In a
graphical model, while an outer rectangle box represents documents, an inner
rectangle box represents the repeated choice of topics and words within a document.
An inner solid circle represents an observable variable (each term in a document) in

the LDA model. In a simple way, the graphical model can be interpreted as follows.

Step #1. For each document, a distribution over topics (8;) is randomly chosen from

the dirichlet distribution («)

Step #2. For each topic, a distribution over vocabulary of words (¢;) is randomly

chosen from the dirichlet distribution (53)

Step #3. For each word W in the document i,

0] a topic is randomly chosen from the distribution over topics(8;) in step #1
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Graphic

a word is randomly chosen from the corresponding topic distribution over

the vocabulary (¢y,) in step #2
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Notations

M = number of documents

N = number of words in a document
a = parameter for per-document topic
distribution

¢ = word distribution for topic k

B = parameter for per-topic word
distribution

;= topic distribution for document i
z;; = topic for the jth word in document i
w;; = specific word (Observable
variable)

Figure 9. A Graphical Model of LDA for text analysis

In this research, LDA analysis of the review corpus, created from real Amazon

product reviews, is done using the Mallet library* (see Section 4.1.4). In the LDA

analysis, individual product reviews are given as input and a pre-defined number of

topics are extracted from reviews (see Section 4.1.4).

Term Score Term Score

abandon -2 aboard 1
abandoned -2 absentee -1
abandons -2 absentees -1
abducted -2 absolve 2
abduction -2 absolved 2
abductions -2 absolves 2
abhor -3 absolving 2
abhorred -3 absorbed 1
abhorrent -3 abuse -3
abhors -3 abused -3
abilities 2 abuses -3
ability 2 abusive -3

Figure 10. Example of sentiment score in AFINN library

4http://mallet.cs.umass.edu/
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Once the topics are extracted, the terms that contribute towards the topics are

aggregated and a set of product features are extracted from the aggregated terms.

It should be noted that, one of the performance problems of LDA model is to
determine the number of topics beforehand. To overcome this problem various
mathematical metrics have been proposed to calculate the number of topics such as
perplexity [67], empirical likelihood and marginal likelihood (harmonic mean method
[76], annealed/mean field importance sampling [122], chib-style estimation [123],
etc. These methods fit various models with different number of topics and the model
having optimal number of topics is selected (i.e. in a data driven way). Although
these methods have been applied to different text domains, previous research have
also shown that, they are negatively correlated with the measures of topic quality
[124]. Thus, many authors have suggested to take human inputs while determining or
evaluating the performance of the topic models rather than optimizing likelihood-
based measures [125, 126]. Also in topic modeling, topics are usually presented with
manual post-hoc labelling for ease of interpretation in several research [127, 128]. In
line with the previous research, this research has also performed a manual inspection
of LDA model outputs with different number of topics to select the optimum number
of topics and manual labeling to get the topic names from the highly probable

keywords under each topic.

3.2.4 Review Polarity extraction using Sentiment Analysis

In this research, sentiment analysis is performed on each review at review level (i.e.

document level) and the output sentiment scores are used as predictors in the
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proposed LCR model of the FDPPR framework. Many previous studies have applied
sentiment analysis to consumer reviews [17-20] to extract the sentiments expressed
by consumers in those reviews. Research shows that, lexicon-based approaches are
simple and overcome problems with classification-based methods (see Section 2.1.3).
Thus, in this research, a lexicon-based method is adopted to determine the polarity of
review documents (i.e. sentiment analysis) at the review level using the AFFIN®

dictionary.

There are three steps involved in sentiment analysis, including opinion word
extraction, polarity determination of opinion words, and calculation of the positive

sentiment and negative sentiment scores associated with the review.
Step 1: Opinion word identification and extraction

In this step, words from the AFINN library present in review sentences are identified
as the opinion words. Each review document is split into sentences, tokenized and
stop words are removed. Then opinion words are extracted from the review sentences.
This process continues for every sentence of a product review to extract all the

opinion words.
Step 2: Determination of opinion words’ polarity

After extracting opinion words from each review, the next step is to determine the
polarity of each opinion word based on the word list available in AFFIN library (see

Figure 10). AFFIN library contains a list of 1468 unique English words and phrases.

S http://www2.imm.dtu.dk/pubdb/views/publication_details.php?id=6010
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Each word in AFINN has an associated sentiment score (integer between -5
(negative) to +5 (positive). Words that are not present in AFINN opinion lexicon list

are discarded from the review as they may not be valid opinion words.

Step 3: Calculating the sentiment score

The positive opinion word count is treated as the positive sentiment score of the
review, and the negative word count of the review is treated as the negative sentiment

score of the review.

The output of sentiment analysis are added as predictor variables to the LCR model
and contribute towards the helpfulness prediction. At the end of review polarity
extraction, the results are stored with the individual reviews and are used in the

development of the review ranking personalizer using the LCR model.

3.2.5 Building Review Ranking Personalizer using LCR

FDPPR uses LCR models for the development of the review ranking personalizer. As
discussed earlier, LCR provides the following advantages over the other prevalent
methods for helpfulness prediction such as classification and/or regression [15, 21,
22]. LCR uses a maximum likelihood-based technique to simultaneously identify the
heterogeneity in the review types (cluster) and predict review helpfulness. The model
fits are always better (or equal to) that those obtained using a two-step process,
clustering followed by regression when the information provided to the model is
equivalent [98]. Further, the maximum likelihood-based approach enables the
collection of the statistical properties of the estimates (quality of the model fit, level

of confidence a parameter value can have etc.). This is important as the relative
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importance of the variables and the goodness of fit of the model are also obtained in

the analysis.

Table 3. Variables that are collected for the building the review ranking

personalizer

Type

Variable

Explanation

Product Features

Technical Features

Based on the product’s technical
features discussed in the reviews
provided by the consumers. The
number of variables will vary from
product to product.

Review
Characteristics

Star rating

The rating of a review that is given by
the author of the review (i.e. the
reviewer)

People found helpful

The total number of people who found
the review helpful

Total number of

The total number of people who read a

people review

Days from first The number of days since the first
review review was posted

Number of The total number of comments for a
comments review provided by other consumers

Length (Number of
Words)

The length of the review in terms of the
number of words in a review

Review
Sentiment

Positive Sentiment
Score

The positive sentiment of a review
based on the entire content of the
review (i.e. review level positive
sentiment)

Negative Sentiment
Score

The negative sentiment of a review
based on the content of the entire
review (i.e. review level negative
sentiment)

This research incorporates the specified preferences of a prospective consumer to

classify that consumer into a consumer class using the LCR model. A LCR model

uses clustering and regression model simultaneously. Thus, there is a regression

model associated with every identified consumer class identified by the LCR based

clustering approach. Once a prospective consumer is identified to be part of a
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consumer class, the associated regression model is used to calculate (i.e. predict) the
helpfulness of all the reviews for that consumer. The reviews are then ranked by this
calculated helpfulness score and presented to the consumer in a decreasing order. In
other words, a unique personalized order of reviews is presented to each prospective

consumer based on his/her product feature preferences.

In this research, a LCR model is developed to quantify the association between (i)
product features, (ii) review stylistic characteristics, and (iii) sentiments of the review

and the helpfulness of the review.

LCR works under the assumption that reviews cater to € classes of heterogeneous
consumers; any two consumers who are in the same class are homogenous (i.e. have
preference for the same product features and reviews), while any two consumers in
different classes are heterogeneous. LCR then (1) identifies the relationship between a
dependent variable (in this case, the number of readers who found the review helpful)
and the potential independent variables (see Table 3) in each of the C classes, and (2)
measures the probability that a prospective consumer would belong to a class C

based on his/her specified product feature preferences.

Once the preferences of a prospective consumer are known, the consumer is shown a

ranked list of reviews, that caters to the specific need of that consumer.

The workflow of LCR model can be expressed mathematically as follows:

Leti = 1--- N be the index of reviews, x = 1 --- X be the index of variables extracted
from consumer reviews (see Table 3), and ¢ = 1 --- C be the index of latent classes,
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e LetY; be the dependent variable that is a transformed measure of the

helpfulness rating of review i.

e Let P, be the probability that a prospective consumer belongs to a latent

class c.

Then, the LCR model identifies the following relationships:

1)

Regression Model Y. =Xa,.+ &,

Logit Model log(P./(1-P.)) = f(Xyc) ()

Equation 1 represents the regression model, where a, isa 1 x X -dimension vector of
coefficients for each variable of a consumer review for consumer class c. Equation 2
represents the logit model where y. isa 1 X K —dimension vector of coefficients that
enable the classification of consumers into C classes. Equation 1 and 2 together form
the LCR model. Estimation of a,. is performed using an expectation—-maximization
(EM) algorithm that identifies the helpfulness of any variables extracted from the

consumer reviews for a prospective consumer.

The LCR model proceeds by assuming that a vector of observations Y; arises from a
population that is a mixture of C classes in proportions 7y, ,, --- T, (Wherec =1---C
is an index of classes). It is assumed that the membership of the observations in
different classes is unknown a priori but ¥¢_, m, = 1and 0 < . < 1; m, can be

interpreted as the point probability of a review belonging to class c.
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The LCR model then seeks to solve the following mixture latent regression model:

c ©
P(IXu) = ) P = clXu) P(Yilw, X

c=1

Where P(w = c|X;,) = m,

and the probabilities P(w = c|X;;) are parameterized and restricted by means of
(logistic) regression models. In other words, the LCR model classifies consumers into
consumer classes and develops regression models for each consumer class

simultaneously.

The specified preference of a prospective consumer is mapped to a vector 1 X K
vector X;.. This vector enables the classification of the consumer into one of the €
classes using y. vectors. Once the consumer is classified into a class c, the
parameters a,. is used along with the X, vector to calculate the weight all reviews in
that class. Based on the weights, the reviews are re-ranked and shown to the

consumer in a descending order.
3.3 Online Review Personalization using LCR Model

This section discusses the use of the LCR model developed in Section 3.2 to
personalize the ranking of the reviews for consumers at run time. There are two steps
in the process that include finding out the class of a consumer based on his/her
product feature preferences (see Section 3.3.1) and using the corresponding
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regression model of the consumer class for re-ranking the reviews and presenting

them to the consumer (see Section 3.3.2).

Unlocked Cell Phone Network Unlocked Cell Phone Type Cell Phone Internal Memory Brand
Dual Band Slider 4GB Motorola
3G Basic Phone 8 CB MNokia
Quad Band Bar 16 GB Samsung
4G Smart Phane - LG
GEM 32GB
= Touchscreen R HTC
! 64 GB )
Flip Apple

Figure 11. Example of specified preferences from Amazon.com ORP

3.3.1 Identification of Prospective Consumer’s Class based on Specified
Preferences

Every ORP provides a way for helping prospective consumers narrow down the
products that they are looking to buy. For example, a prospective consumer looking
for a cell phone to buy at Amazon.com is presented with the options (see Figure 11)
to narrow down the cell phone models that are shown him/her. FDPPR proposes to
use such kind of mechanism in ORPs to capture prospective consumer’s specified

product feature preferences to display personalized review rankings.

It is assumed that a prospective consumer is a utility maximizing consumer. So,
he/she has a utility function that helps him/her decide what to buy based on the
information he/she collects. It is also assumed in this research that, the utility function
comprises of "m" product features; and at any given time, the consumer can show

interest in "p" out of the “m” features (p <=m).

When a prospective consumer has not specified preference for any features, i.e., p=0
information state, he/she is presented with a universal ranking of reviews (i.e. the

baseline scenario). However, when a prospective consumer chooses one (i.e., p=1)
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product feature preference (e.g., internal memory), reviews are regrouped/selected
and re-ordered in a way that is personalized according to his/her specified product
feature preference. The range of p for a prospective consumer will be [0, m]. Also,
each of these product features usually has multiple levels. For example, internal
memory can be 4 GB, 8 GB, 16 GB, 32 GB, and 64 GB. These multiple levels make
it very difficult to have different ranked lists of reviews for each possible combination
(e.g., in Figure 11 there will be 5* 6 * 5 * 6) of choices that a prospective consumer
can make. So rather than examining all possible combinations, this research creates g
lists (i.e. latent classes) based on different combinations of p choices and their levels
using latent class regression models. This research uses parsimony-based indices
[130] (e.g. Bayesian Information Criterion, or BIC) to identify an optimal number of
latent classes. When p=0 (the current state), no "personal choices or preferences™ are
incorporated to rank product reviews. When p >= 1, this research incorporates
prospective consumer product feature preferences and the consumer are shown with

only ordered reviews that he/she is interested in.

Once the consumer selects a particular product feature (i.e. p >= 1), the LCR model is
used to identify which class he/she belongs to. The identification of class
belongingness is important as reviews are ranked based on the regression equation

that describes the consumer class of the targeted consumer.

3.3.2 Re-ranking Reviews based on Prospective Consumer’s Class

Once the particular consumer class of a prospective consumer is determined, the

regression model developed for that consumer class is used to recalculate the
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helpfulness score of all reviews. These new scores are used to re-rank reviews in a
decreasing order of relevance (i.e., personal helpfulness scores). As the regression
models are already developed in the offline analysis stage, the calculation of personal
review helpfulness can be done online. When new reviews are added, the regression

models can be updated to keep the LCR model up-to-date.
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Chapter 4. A Case Study - Building a Review Ranking Personalizer

using FDPPR

One of the critical steps in this research is to understand the products and the
associated reviews so that the review ranking personalizer can be built using the
product features that influence personalization. Towards that end, a large number of
reviews spanning across multiple products were collected for the offline review
analysis which in turn helps in the development of online review ranking
personalizer. A review scrapper that can collect data from Amazon.com was
developed in this research to automatically collect and extract data for product review
analysis. The Amazon review collector collected more than 90,000 reviews spanning
99 products. The products were selected from three categories, including electronic,

home, and sports goods to study review characteristics.

Data collection, extraction, consolidation and storage framework are described
through multiple steps in Section 4.1, which were used for offline review analysis.
Section 4.2 describes the development of the online review ranking personalizer
based on the curated review data. While describing details of each step, an example
case (Amazon product id: BOOKHR4ZL6 for Microsoft Surface Pro 3) is provided

with real outputs of the analysis in each step.

4.1 Data Collection and Pre-Processing for Offline Review Analysis

For development of the FDPPR framework, a review corpus spanning multiple

products was created. In many previous studies on review helpfulness prediction, the
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researchers have analyzed product reviews collected from Amazon.com [11, 22, 24,
42,45, 50, 51, 131]. In this research, reviews from multiple products were also
downloaded from Amazon.com using a custom review crawler. Once the product
review data were collected from Amazon.com, they were processed to extract product
features, stylistics characteristics (i.e. textual and meta-characteristics) and polarity
information (i.e. sentiments) from the reviews. The details of these text extraction and

processing pipeline are presented next.

4.1.1 Review Corpus Creation

The first step of this research was to collect reviews from an ORP. For the research,
multiple product reviews from Amazon.com website were extracted from
Amazon.com ORP. The software designed and developed for this task was called
Amazon Review Collector (ARC). ARC (see Figure 12) was a web scrapper that was
developed to automatically collect all the product reviews for any given product and
their associated structural information such as star rating, number of comments etc.
from Amazon. ARC was developed using Java and uses open source tools like
Apache Tika library®, JSoup Parser’, Java XML parser and XPath Query language® to

collect raw reviews and associated metadata.

Every product that is sold on Amazon.com has a unique product identification
number (e.g. BOOKHR4ZL6 for Microsoft Surface Pro 3). The Amazon ORP that

supports product review writing, filtering, and feedback process is also tied to the

Shttp://tika.apache.org/

"http://jsoup.org/
8http://docs.oracle.com/javase/7/docs/api/javax/xml/xpath/package-summary.html
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unique identification number of the product (e.g. https://www.amazon.com/product-
reviews/BOOKHR4ZL6/ for the review of the product BOOKHR4ZL6). A list of
Amazon product identification numbers was manually collected for this research by
visiting different product categories on Amazon.com (i.e.
https://www.amazon.com/gp/site-directory/). The collected Amazon product
identification numbers were stored in a MySQL® database server. ARC was
configured to read the Amazon product identification number from the database and
go online to collect the details of the products and download all the associated
reviews from Amazon.com. ARC was designed to crawl multiple pages automatically
and get all the reviews for a product by automatically creating the paginated links. A
front-end user interface was created to monitor and analyze the review data collected

from Amazon.com.

Amazon Review Collector

Import the Reviews to Database

smanon swcar
0 2 e s ) ) )

Number of products: 17, Total Reviews: 5255

No Product ID Product Name Review File Path Import/View Amazon
Count Link

1 BOOA29WCAO  Samsung GT-i8190 Galaxy S3 Mini White factory Unlocked 629 C:\CodeVauitieclipse-
Edit web\workspace'arc\data\BO0A29WCAQ-
reviews-2013-10-28-23-52-56.txt

EZ
2 BOOBCOWNUC Blackberry Z10 16GB Unlocked GSM Phone with BlackBerry 10 OS, 200 C:\CodeVaulteclipse-
dit Dual-Core Processor. 4.2" Touchscreen, 8MP Camera + Secondary web\workspace\arc\data\BOOBCOWNUC-
2MP Camera, Video, GPS, Wi-Fi, NFC, Bluetooth and microSD Slot reviews-2013-10-29-04-04-53.txt
- Black

Figure 12. ARC to crawl and extract review data from Amazon

9 https://www.mysgl.com/products/community/
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Figure 13 shows the ARC review extraction pipeline. The program takes two
parameters as inputs, namely the unique amazon product identification number and
the number of review pages for the product. Based on the amazon product
identification number, the product description page was automatically crawled. After

this, ARC crawled each review page to extract review information and store it locally.

Table 4. Steps for crawling and collecting reviews from Amazon.com

Step | Details Example

1 Get the amazon product identification | BOOKHR4ZL6
number

2 Get the total number of pages of 46

reviews present to support paginated
review collection

3 Get details about the product by https://www.amazon.com/
crawling the product page dp/BOOKHRA4ZL6/

4 Collect the reviews for the product by | https://www.amazon.com/
crawling all the review pages product-reviews /BOOKHR4ZL6/

?pageNumber=1

5 Store the collected review data on disk

Table 4 shows the steps of the review collection process for a single product (e.g.
BOOKHRA4ZL6 for Microsoft Surface Pro 3). The product page at Amazon.com is
always present at https://www.amazon.com/ dp/<product identification number>/ (i.e.
https://www.amazon.com/ dp/BOOKHR4ZL6/) and the reviews are present at
https://www.amazon.com/ product-reviews /<product identification number/
?pageNumber=<page number> (i.e. https://www.amazon.com/ product-reviews
/BOOKHR4ZL6/ ?pageNumber=1). In this case, there were 46 pages of review
present. The ARC visited every page from https://www.amazon.com/ product-
reviews /BOOKHR4ZL6/ ?pageNumber=1 to https://www.amazon.com/ product-

reviews /BOOKHR4ZL6/ ?pageNumber=46 to download the reviews and stored them
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locally in one single text file. This text file also stored meta-information of reviews

such as the star rating, number of likes, and number of comments, etc.

A - / T- k - jsoup: Java HTML Parser ‘ ::;S:) Java » T —
IKa SemmEs TV ORACLE ==
Amazon Reviews Extract Web Pages Convert to XML XPath Queries  Reviews with Metadata

Figure 13. ARC used for extracting reviews

The Apache Tika library was used to extract a web page from the Amazon.com
website. Once a webpage was downloaded, the HTML content in that web page was
parsed using the JSoup library. JSoup library is a HTML parser that provides helpful

methods to standardize the content of the HTML file so that it can be queried as a

XML document.
Product ID BOOKHR4ZL6
Review Title Surface Pro 3 is the Future

I currently own Surface 2. MacBook PRO 15 inch, and an iPhone 5 so 1
am not bias to either side (replacing the MacBook Pro/S2 with the
SP3). Choose the product that is best featured, not best brand - this
drives competition and consumer quality. T am goi...

Review Text

Reviewer Name C.vu
Comments 23

Date of Review 6/20/2014 0:00
People Found Useful 672

People Total 721

Star Rating 5

Figure 14. Amazon Review Crawler: output from review extraction

Once the HTML file was standardized as XML, XPath queries were executed against
the review content to extract individual reviews from the review page. XPath is a

query language that is used to navigate through elements and attributes in an XML
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document. Each review page from Amazon contains up to 10 individual reviews as
well as their meta information. By querying the data using XPath each individual
review along with their meta characteristics were extracted and stored locally for later
processing. Figure 14 shows one automatically extracted review for the Microsoft

Surface Pro 3 laptop in a text file.

Table 5. Sample list of product reviews collected from Amazon

No Amazon ID Product Description Reviews

1 BOOBGO0QI0 Fitbit Flex Wireless Activity + Sleep 12440
Wristband

2 | BOOTIRSIZM | qanpisk Cruzer CZ36 32GB USB 2.0 Flash | 5700
Drive

3 | BOODHIBQLQ | gy other MFC-J870DW Wireless Color Inkjet | 3220
Printer with Scanner

4 EO0OOSYOVN Celestron SkyMaster Giant 15x70 Binoculars | 3180
with Tripod Adapter

5 BODSGK3IVW iRobot Roomba 770 Robotic Vacuum 2520
Cleaner

6 BOOIEIMS6K Iron Gym Total Upper Body Workout Bar 2490

7 | BOOKHRAZLE | \ricrosoft Surface Pro 3 PS2-00001 12-Inch | 1041
Pro 3

g | BOOBZPBUOW | ciocom FIB910W Pan & Tilt IP/Network 2135
Camera with Two-Way Audio and Night
Vision

9 BO01ARYUS58 | Bowflex SelectTech 552 Adjustable 2000
Dumbbells (Pair)

10 BO02DW92IE | Monster iCarPlay Cassette Adapter 800 for 1965
iPod and iPhone -3 feet
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Using ARC more than 90,000 reviews spanning across 99 products from Amazon

reviews were collected. The reviews were posted between November 2000 and

August 2015. A sample list of products and their associated number of reviews is

presented in Table 5. In the early stages of this research, all these reviews provided

deep insights into the characteristics of the reviews as well as the parameters that

could be used for the development of the review ranking personalizer as part of

FDPPR framework.

Once the reviews of a product were downloaded and parsed, they were stored in the

MySQL database which served as the baseline review corpus for the research.

4.1.2 Review Meta Characteristics Extraction

Each element on the product page and review page on Amazon ORP could be

extracted using XPath expressions.

Table 6. One Sample Product Review Meta Characteristics Extraction

XPath Expression

Extracted Feature

List of Review ids

JI*[@id="cm_cr-review_list']

R1GPD028CILB
07,
R20ALNG0290I
YL, etc.

Customer rating for
a review

JI*[@id="customer_review-
R1GPD028CILBO07']/div[1]/a[1]/i/span

5.0 out of 5 stars

Number of people
found useful

JI*[@id="customer_review-
R1GPD028CILB07'/div[5]/div/span[3]
/span/span[1]/span

25

Date of review

JI*[@id="customer_review-
R1GPD028CILB07'/div[2]/span[4]

OnJune 5, 2014

Number of
comments

JI*[@id="customer_review-
R1GPDO028CILBO7')/div[5]/div/a/span/
span[2]

1 comment

XPath expressions can query any node in a XML document to get the value of that

node element and attribute as needed. Table 6 shows a sample of XPath queries that
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were executed to get several meta characteristics from a single review. The results of

the queries were stored in the database for further analysis.

The same technique was used to extract the text characteristics of a single review as

explained in the next section.

4.1.3 Review Textual Data Extraction

Similar to extracting review meta-characteristics (see Section 4.1.2), the textual
characteristics of reviews were collected using XPath queries. The result of extracting

a single review data is presented in Table 7.

Table 7. One Sample Product Review Collected from Amazon.com

Product id BOOKHR4ZL6
Review title Surface Pro 3 is the Future
Review text (truncated) I currently own Surface 2, MacBook PRO 15 inch, and

an iPhone 5 so | am not bias to either side (replacing
the MacBook Pro/S2 with the SP3). Choose the
product that is best featured, not best brand - this
drives competition and consumer quality. I am going
to list PROs and CONs organized into significant and
common. Significant PROs/CONSs is a term for
uniqueness or high-end / setback or low-end. Common
is a term for similar features or specifications amongst
its peers. Most comparisons are between the SP3 12
to MacBook Air 11.6" (2013) model (due to its public
familiarity, size, and prestige). The MacBook Air
11.6" (2014) model improves with a slight faster CPU
clock (0.1 GHz) and PCle SSD almost making it the
same MacBook Air - refer to TechnoBuffalo (2014)
for technical specifications of the MacBook Air 11.6"
2014 model, thus it is safe to compare SP3 with the
MacBook Air 2013 model. Everything will be cited
(loosely APA format) for viewers to check credibility.

Reviewer name C.Vu
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The review text data was collected from all the reviews of a product. Once a review
text data was collected, the characteristics of the text were extracted using natural
language processing. For this task, the Stanford NLP software tool [132] was used.

The extracted details from a review text are presented in Table 8.

Table 8. Product Review Textual Characteristics

Product id BOOKHR4ZL6

Review title Surface Pro 3 is the Future

Review text with no stop | I currently Surface 2, MacBook PRO 15 inch, iPhone 5
words (truncated) | bias (replacing MacBook Pro/S2 SP3). Choose

product best featured, best brand - drives competition
consumer quality. I going list PROs CONs organized
significant common. Significant PROs/CONs term
uniqueness high-end / setback low-end. Common term
similar features specifications peers. Most comparisons
SP3 12" MacBook Air 11.6" (2013) model (due public
familiarity, size, prestige). The MacBook Air 11.6"
(2014) model improves slight faster CPU clock (0.1
GHz) PCle SSD making MacBook Air - refer
TechnoBuffalo (2014) technical specifications
MacBook Air 11.6" 2014 model, safe compare SP3
MacBook Air 2013 model. Everything cited (loosely
APA format) viewers check credibility.

Review raw word count 2111

Review word count after | 1383
removing stop words

4.1.4 Product Feature Extraction

One major step of the research is to identify product features that are discussed in the
reviews of that product. In this research, topic modeling using LDA was used to
identify the product features that are discussed the most by the reviewers. A basic
LDA analysis using the Mallet library'® was performed for product feature extraction.

The code took individual product reviews as input and extracted pre-defined number

Ohttp://mallet.cs.umass.edu/
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of topics from reviews (see Figure 15) along with the top keywords appeared under
each of the topics. Once the topics and associated top keywords were extracted from
the reviews, the product features appeared most in these topics were used for the

development of the review ranking personalizer.

Amazon Review
Crawler

g

. NLP
Module

Raw Review Text

N
LDA
Module
Clean Review Text
¥

Power
Bluetooth
Screen
Camera

Techniéal Features
Figure 15. Product feature identification using LDA from Amazon reviews

In particular, the following steps were involved in the LDA process on the product

reviews.
Stepl: Extraction of Review Text into Separate Text Document

As discussed in Section 4.1.3, the review text data were first collected from Amazon
ORP and saved in a MySQL database after removing the stop words from the
collected data. For analysis using Mallet library, the cleaned review text data (i.e.
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reviews with no stop words) were placed in separate text files. For the Microsoft
Surface 3 review analysis, 1041 separate text files were created where each text file
represented one review. Next, these text files were imported into mallet’s internal

format.

Step2: Importing Reviews into Mallet’s Internal Format

Using mallet for LDA analysis requires that the data should be in the internal mallet
format. It represents data as lists of "instances”. All mallet instances include a data
object. An instance can also include a name and (in classification contexts) a label.

Each review text was considered as a single instance for LDA analysis using Mallet.

Table 9. Importing individual reviews into Mallet internal format

C:\> mallet import-dir --input "C:\>Data\BOOKHR4ZL6" --
output BOOKHR4ZL6.mallet

Table 9 shows the command that was executed to import all the exported reviews into
mallet format for Amazon product id BOOKHR4ZL6 (i.e. Microsoft Surface Pro 3).

The LDA model was built by using the imported mallet file.

Step3: Setting Parameters and Building LDA Model

The next step was to set various parameters before building the LDA model. The
parameters required are described below. The parameters that were set before doing
the LDA analysis are given below. The default values (most common values used in
many previous research) were given as the parameters.

e --input [FILE]: specifies the MALLET collection file created in the previous

step.
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e --num-topics: Number of topics (20), given by researcher

e num-iterations: The number of sampling iterations is a tradeoff between the
time taken to complete sampling and the quality of the topic model.

e optimize-interval: This option turns on hyper parameter optimization, which
allows the model to better fit the data by allowing some topics to be more
prominent than others. Optimization is performed every 10 iterations.

e optimize-burn-in: The number of iterations before hyper parameter
optimization begins. Default is twice the optimize interval.

e alpha_sum: This is the magnitude of the Dirichlet prior over the topic
distribution of a document. The default value is 5.0. With 10 topics, this
setting leads to a Dirichlet with parameter ax = 0.5. It is the number of
"pseudo-words", divided evenly between all topics that are present in every
document no matter how the other words are allocated to topics.

e Deta: This is the per-word weight of the Dirichlet prior over topic-word
distributions. The magnitude of the distribution (the sum over all words of this
parameter) is determined by the number of words in the vocabulary. Again,

this value may change due to hyper parameter optimization.

Table 10. Building LDA model using Mallet internal format

C:\> mallet train-topics —--input BOOKHR4ZL6.mallet --
num-topics 20 --optimize-interval 20 --output-topic-

keys BOOKHR4ZL6 top keywords.txt --output-doc-topics

BOOKHR4ZL6 topic percentage.txt
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Table 10 shows a sample command to build the LDA model as well as the output of
the LDA analysis in a text file (e.g. BOOKHR4ZL6_top_keywords.txt) for

interpretation.

Step4: Product Feature Extraction by Interpreting the Results of the Analysis

LDA helps with identifying the important product features that are described in the
product reviews. Table 11 shows a sample output from the LDA model built from the
Microsoft Surface Pro 3 reviews. The table shows many product features that
contributed towards the identified topics. These product features were incorporated to
build the review ranking personalizer. A manual supervision was performed to select
the top terms appearing under each topic to be considered as potential product
features. For example, it can be seen that from Table 11, Topic 0 is mostly about
display resolution and screen factors of the product. These product features were used

as the covariates in the LCR analysis as described in section 4.2.

Table 11. Product feature extraction from top terms of LDA topics

Topic Top Terms in a Topic Selected Terms

0 0.00796 | display works touch display, resolution,
resolution games computing time screen, touch

1 0.05398 | windows apps android system app, apps

download app installed issues
software google

2 0.03655 | power onenote hrs day kindle battery life, power
life computer day battery

3 0.25923 | keyboard click device mouse keyboard, mouse, button
allows laptop issues button wireless

4 0.01096 | stylus perfect write smooth pen, stylus
pen users android cloud

5 0.03975 | port power surface usb firmware port, usb

cover time wireless cloud
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4.1.5 Review Polarity Extraction using Sentiment Analysis

As discussed earlier in section 3.2.4, for sentiment analysis, an opinion lexicon list
developed by Finn Arup Nielsen [133] was used to assign a positive score and a
negative score to every review. As a part of this research, a custom java code (i.e.
sentiment analysis module) was developed to tokenize the words in the cleaned

review text.

Once the review was tokenized, the words were compared against the opinion lexicon
(see Figure 16). When the words matched the opinion lexicon, the score of the word

was added to the positive and negative score of the review.

Amazon Review

Crawler
o
» NLP
Module
Raw Review Text
¥

» Sentiment Analysis
Module

Clean Review Text

9

301 114 16
302 25 4
303 52 8
304 10 [
305 134 13

Review Polarity

Figure 16. Sentiment analysis on Amazon reviews
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This process was continued until there were no more words left in the review. At the
end of the process, a cumulative positive and negative score of the review was saved
in the database and was used towards the development of the review ranking

personalizer.

Table 12. Review sentiment score calculation

Review id Positive Score Negative Score
1026 114 16
1027 25 4
1028 52 8
1029 10 0
1030 134 13
1031 18 3
1032 6 4

Table 12 shows the calculated positive and negative scores for the corresponding

reviews.

Once the meta characteristics, textual characteristics, product features, and sentiment
scores were extracted from the product reviews, the LCR model was built to develop

the online review ranking personalizer.

4.2 Development of an Online Review Ranking Personalizer

Development of the proposed online review ranking personalizer mainly involved the
analysis of product reviews with the LCR model to find out distinct consumer classes
and generate a separate review ranking for each consumer class. After applying data
pre-processing steps as described in section 4.1 on the reviews of the product
(Microsoft Surface Pro 3), the LCR model was applied on the preprocessed review

data to develop a review ranking personalizer system for that product. As described in
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section 4.1, reviews of the product were extracted from amazon.com and pre-
processed to extract various review characteristics (review stylistic characteristics and
sentiments) and product features discussed in the reviews. There were a total of 1041

unique rows in the review dataset where each row represented an individual review.

Table 13. Basic Descriptive Statistics
Variables Description Mean Stdv
Dependent People found Indicates the helpfulness of | 19.42 101.60
variable useful the review
(bV)
Independent | Number of days | It specifies the how long 187.23 |93.28
Variables has been the review posted
(V) since the first review.
Word count Review text with no stop 638.58 | 327.70
words and special
characters (i.e. length of
the review)
Total Number | Specifies the total number | 22.65 106.48
of people of people that have read the
review
Comments Specifies the number of 186.03 | 232.83
comments the review has
got.
Rating The number of stars the 4.05 1.44
review has got
Positive score Positive sentiments of 18.62 21.81
review
Negative score | Negative sentiments of 5.62 7.85
review
Covariates Pen, stylus Product features mostly NA NA
(CV) App, apps discussed in the reviews NA NA
Battery life, NA NA
power
Display, NA NA
resolution,
screen, touch
Keyboard, NA NA
mouse, button
Port, usb NA NA
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And each review was associated with different review characteristics and product
features. Basic descriptive statistics were obtained as shown in Table 13. The table

also describes each variable used in the LCR analysis.

4.2.1 Building and selecting the LCR analysis model

In this research, as described in section 4.1, Latent GOLD?! software was used to
perform LCR analysis of the review dataset. LCR analysis was performed on the
review data by taking people found useful as the dependent variable (DV) in the
analysis. The predictor variables or the independent variables (IV) were used to
predict the helpfulness of the reviews while the identified product features were used

as covariates to predict the class membership of the reviews as shown in Table 13.

Table 14. LCR Model Selection

LL BIC(LL) p-value R2

Model 1 1-Class -2276.99 4611.436 | 3.0e-605 | 0.8924
Regression

Model 2 2-Class -1394.48 2948.544 | 2.70E-289 | 0.9974
Regression

Model 3 3-Class -1265.55 2792.815 | 1.90E-250 | 0.9994
Regression

Model 4 4-Class -1232.51 2828.889 | 1.60E-244 | 0.9994
Regression

Model 5 5-Class -1226.52 2919.035 | 7.80E-248 | 0.9995
Regression

In LCR analysis, various regression models were developed for a different number of
classes (e.g. 1 class, 2 class, 3 class and so on) and the optimum model among them
was chosen by looking at various model statistics such as Akaike information
criterion (AICs), Bayesian information criterion (BICs) and R? values. In particular, a

latent class model with a lower BIC and a higher R? (overall) value would be

1 http://www.statisticalinnovations.com/latent-gold-5-1/
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selected. In LCR analysis, each model was also associated with two underlying output
models, namely, (i) model for dependent (i.e. regression analysis) and (ii) model for
classes (i.e. covariates statistics). After choosing the optimal model, the coefficients
of the underlying associated model were used to determine the class membership of
the covariates and estimate a regression equation for each of these classes. In this
case, after running the LCR models for different classes, the best model was model 3
with a lower BIC (2792.8154) and higher R?value (0.9994) for this review dataset

(see Table 14).

4.2.2 Determining class belonging of each co-variate from the output of LCR
model (model for classes)

The first output of the LCR model was the model for classes. As shown in Table 15,
every covariate had a certain degree of class membership in each of the three classes.

The degree of class membership is shown by the coefficient values as shown in the

table.
Table 15. Model for classes
Classl | Class2 Class3 Wald p-value
Intercept 2.0912 | -0.6013 | -1.4899 | 174.3225 | 1.40E-38
Covariates Classl | Class2 Class3 Wald p-value
app, apps 0.0347 | -0.1997 | 0.1649 2.2806 0.32
battery life, power -0.1856 | 0.2035 | -0.0179 | 10.5699 0.0051
display, resolution, -0.0257 | -0.0601 | 0.0858 2.1011 0.05
screen, touch
keyboard, mouse, button 0.0096 | -0.0614 | 0.0518 0.675 0.02
pen, stylus -0.2428 | 0.4232 | -0.1804 | 11.2993 | 0.0035
port, usb 0.2399 | -0.3764 | 0.1365 6.6859 0.035

Those coefficients were used to calculate each covariate’s class membership. For

example, pen~stylus had more contribution towards class2 (beta ~ 0.4232) than classl
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(beta~ -0.2428) and class3 (beta~ -0.1804). Also, the p value associated with each
covariate showed that some covariates were highly significant (i.e. p < 0.05) in
predicting the class membership such as pen/stylus, port/usb, and battery/power.
Those highly significant covariates were then considered as important product

features of the product on which consumers have mostly discussed in the reviews.

The model for classes output was used to find the consumer class of a consumer
based on his/her selection of a covariates (i.e. preferred product features). For
example, if a consumer selected a product feature, such as “pen, stylus”, then he/she
would primarily belong to class2 as the pen/stylus had mostly contributed to class2.
He/she would also have a membership with class 1 and class 2, however with a lower
degree. In this research, a participant was assigned to one particular class only based
on his/her selection of preferred product feature(s). However, LCR analysis allows
probabilistic assignment of the same individual to multiple classes and uses a
weighted average technique to recalculate the scores of reviews across multiple
classes and re-rank reviews per each class. That will be explored in future research

given the scope of this study.

4.2.3 Estimate the regression models for each of the classes and re-calculate
and re-rank the helpfulness of all the reviews.

The second output of the LCR model, model for dependent is shown in Table 16. The
overall R? for the classes was 0.9994 indicating the result was statistically significant.
The result shows that, there was significant differences among the predictors’
contribution toward the helpfulness of the reviews on all three classes (p < 0.05),
except positive score (p > 0.05) which had more or less same significance on all three
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classes. While the positive coefficients were positively contributing toward the
helpfulness of the reviews and negative coefficients were negatively influencing the
helpfulness of the reviews. However, the amount of contribution of each predictor
(i.e. coefficients of each predictor) was different in each class. For example, it can be
interpreted that, class 1 is mostly about word count and positive rating and classl is
positively influenced by the non-stopword word count but negatively influenced by
product rating. It indicates that consumers belonging to a particular class may

emphasize different characteristics of reviews.

Model for dependent is used to calculate the helpfulness of the reviews for each class.
More specifically, the regression coefficients of the predictor variables in each class
are used to calculate the helpfulness of the all reviews for that class. For each class,

the steps for calculating the helpfulness of the reviews are given below.

1. Multiplying the coefficients of each of the predictors into the corresponding
value in the dataset to estimate the regression equation for each of the classes
which can be represented as the following regression equation:

Helpfulness. = Constant. (intercept) + f1c word_count + f2c comments+ B3¢
num_days + 4 negative score + 5. total_num_people + S6¢ positive_score

+ p7c rating+ ¢
2. Calculating helpfulness of all the reviews for each class using the

corresponding regression equation.

In this case study, for each class, a separate regression equation was developed using

the corresponding regression coefficients. Then helpfulness scores of all the reviews
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were calculated for each class using the corresponding regression equation and
reviews were ranked based on the calculated scores. In other words, each class had a
separate review ranking that showed reviews to the consumers in a different order

than other classes.

Table 16. Model for dependent
Classl Class2 Class3
R? 0.7509 0.9985 0.9998
people found useful Classl Class2 Class3 p-value
Intercept 0.6795 1.3828 1.8205 5.70E-60
Predictors Classl Class2 Class3 p-value
Word count 0.0076 0.0042 0.0007 3.70E-05
Comments 0.0643 0.0587 -0.0699 1.30E-12
Number of days 0.0043 0.0082 0.0096 4.60E-103
Negative score -0.0141 -0.0411 0.0244 7.50E-10
Total Number of people 0.0037 0.0023 0.0046 1.20E-27
Positive score -0.0038 0.0041 -0.0024 0.46
Rating -0.1772 -0.2296 -0.1619 1.30E-22

Table 17 shows an example of LCR based helpfulness scores calculated for all 3
classes, for 5 random reviews of the product used in this case study. It can be seen
that, LCR based helpfulness scores of reviews (i.e. Class 1 score, Class 2 score and
Class 3 score) were different in each class and upon ranked by the scores of each
class, it gave three separate rankings of the reviews, one for each class. Also, the
given example showed that the helpfulness scores of the reviews were zero in the
original helpfulness ranking. However, after applying LCR analysis on the reviews,
the helpfulness scores were changed to non- zero scores. This indicates that LCR
analysis calculates helpfulness scores of all the reviews of a product including the
reviews that have not got any helpfulness score in the original helpfulness ranking.

For example, Figure 17 shows an excerpt from a review that was ranked high by LCR
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ranking for consumer class 2 of product2 (i.e. Microsoft Surface pro tablet).

Consumers that belong to class 2 preferred “pen/stylus” as the product feature.

This comes with only the Surface Pro 3 with the pen. ... Overall it's nice tablet. I'd
buy a cheap glove or glove liner for using the pen. Because it's a tablet, it will
detect the side of your hand on the screen while you're writing. This causes extra
pen marks from the side of your hand. ...

Figure 17. A Review discussing about the pen feature of tablet

The original people found useful score (i.e. the helpfulness score) for the review
shown in is zero in the helpfulness ranking, but the content of the review suggests that
the review will be useful for a consumer trying to know more about the “pen/stylus”
feature of the tablet. This example shows that LCR ranking can help bring a relevant
review to the notice of prospective consumers by weighing them higher in the ranking

system.

Table 18 shows the reviews ranked in three different order (LCR based) including the
original helpfulness based order. When a consumer selected a product feature, such as
pen/stylus, he/she was first classified to class2 (as described in section 4.2.3) and then
class 2 review ranking was shown to him/her where reviews were ordered in

differently than reviews ordered in classl and class3.
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Table 17. Example LCR based helpfulness of the reviews

id | Clean | Comments | Number | Negative | People | People | Positive | Rating Class 1 Class 2 Class 3
word of days score found total score score score score
count useful

639 | 140 0 29 6 0 0 15 5 0.171 0.4849 1.3862
640 | 125 0 4 4 0 0 18 4 0.2083 0.5788 1.2524
641 | 133 0 0 0 0 0 17 5 0.1709 0.5313 0.9685
648 | 103 0 12 3 0 0 11 5 0.1082 0.4335 1.1725
650 | 106 0 210 2 0 0 19 5 0.9229 2.1184 3.0246
Table 18. Reviews ranked by different order
Reviews Helpfulness rank LCR Classl rank LCR Class2 rank LCR Class3 rank

639 612 612 615 615

640 613 613 627 627

641 614 615 614 614

648 615 627 613 613

650 627 614 612 612
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Chapter 5. Performance Evaluation of FDPPR

This chapter presents an evaluation of the proposed FDPPR framework for providing
personalized review ranking to the consumers. Section 5.1 presents hypotheses
development that are aimed at comparing the existing review ranking with the review
ranking developed by FDPPR framework. Section 5.2 presents research methodology
of the online user study in detail. Section 5.4 discusses the experimental procedure

followed by Section 5.3 that presents details about the participants of the study.

5.1 Hypotheses Development

In this research, an online user study was conducted to evaluate the effectiveness of
the proposed FDPPR framework by comparing the performance and user perceptions
of the proposed product feature oriented, personalized review ranking with the most
widely used helpfulness ranking. In particular, it was tested whether LCR ranking that
takes consumer’s personal product feature preferences into consideration, provides
more relevant and helpful reviews than traditional helpfulness ranking. The
performance and user perceptions are captured by using 3 widely used measures in
the IS research for system evaluation, namely, (1) relevance, (2) knowledge and (3)
satisfaction. A website (i.e. www.curetext.com) was designed to perform this online

experiment.
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5.1.1 Personalized Review Ranking vs. Helpfulness Review Ranking with
respect to Relevance

According to various models of information systems (IS) success,

information relevance has been an important dimension of information quality [104].
A study of digital libraries found that relevance of the information retrieved from the
information retrieval (IR) systems had a significant effect on perceived helpfulness of
IR systems [134]. Helpfulness ranking provides a lot of information about a product
irrespective of any specific feature(s) of the product. But most of the time consumers
have varying interests on different features of a product while evaluating the quality
of the product. Thus, providing information about specific features of a product that
are of interest to consumers seems more helpful to them. Extant research has shown
that providing relevant information to the users based on their preferences (i.e.
personalized approach) helps them quickly assess the quality of the items and
subsequent decision making [135, 136]. As the amount of reviews abundantly
increase with time, it is not only important to find relevant reviews but also
presenting them to the consumers in an effective order (i.e. rank) so that users can
quickly evaluate the product based on their personal preferences. There have been
many studies that have substantiated the need of ordering of information while
accessing information because it helps faster judgement and decision making by
human beings [137, 138]. Based on the discussed theoretical ground, it is predicted
that, the personalized review ranking proposed in this research will provide more
relevant information to the consumers than the currently available helpfulness

ranking. The first hypothesis is proposed as follows:
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Hypothesis 1(H1): Consumers will be able to access more relevant reviews from the
top reviews ranked by the personalized review ranking (i.e., LCR ranking) as
compared to the top reviews based on helpfulness ranking

5.1.2 Personalized Review Ranking vs. Helpfulness Review Ranking with
respect to Knowledge

As a part of the review data analysis performed during this research, it is observed
that the top reviews (i.e. reviews ranked high) in the traditional helpfulness ranking
system usually contain a lot of discussion about the product features of the product.
Those reviews contain in-depth analysis of some product features and their quality.
For example, many reviews compare the product features with other competitive
products’ product features and provide additional details about the product features
that increase the knowledge of consumers on the product features. Before making a
purchase decision, usually consumers evaluate the quality of a product based on their
preferences for certain features of the product. They prefer to read reviews where they
gain more information about their preferred product features. In the helpfulness
review ranking, consumer’s product feature preferences are not taken into
consideration. So, it can be assumed that top reviews in such ranking system provide
detailed information of some of the product features on which the consumer might
not be interested at all. On the other hand, in the personalized review ranking, the
consumer is first requested to provide his/her choice for a particular product feature
of the product on which he/she want to see some reviews. Based on that feedback, the
reviews are ranked and presented to the consumers where the top reviews in the
raking provide more relevant discussion and information about the consumer desired

product features. The assumption is that the consumer will prefer the reviews that
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provide more knowledge about the product features that is of interest to a perspective
consumer. Thus, the second hypothesis is proposed as follows:
Hypothesis 2 (H2): The top reviews ranked by personalized review ranking (i.e. LCR

ranking) will provide a higher level of knowledge about interested features of a
product to consumers than those ranked by helpfulness ranking

5.1.3 Personalized Review Ranking vs. Helpfulness Review Ranking with
respect to Satisfaction

Consumer satisfaction has been considered as a perceptual or subjective measure of
system success and one of the important determinants of information system
effectiveness [104]. If an ORP makes it very difficult and time consuming for
consumers to find reviews that meet their needs, consumers will become dissatisfied
and look elsewhere [139, 140] . Traditional helpfulness ranking does not consider
consumers’ specific needs (i.e., product feature preferences) while assessing and
ranking reviews, which may end up ranking those reviews that receive a large number
of helpful votes but do not necessarily comment on the specific product features
important to a consumer, leading to high consumer dissatisfaction. In contrast, the
personalized review ranking better caters a consumer’s need by taking product
features commented in reviews and consumer preferences into consideration, thus can
make the search for relevant reviews much easier for consumers and better satisfy
them than the helpfulness ranking. Based on this assumption, the third hypothesis is
proposed as follows:

Hypothesis 3 (H3): Personalized review ranking (i.e. LCR ranking) will lead to
higher consumer satisfaction than helpfulness ranking
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5.2 Research Methodology

To test the hypotheses discussed in Section 5.1, a user study was designed that
captured ranking of a set of reviews by the participants based on their product feature
preferences. This user study aimed to derive a ranking of 6 reviews by comparing

each review to another review (i.e. pairwise comparison of reviews). A pairwise

comparison of 6 reviews (i.e., n = 6) provides a set of 15 (i.e. "("T_l)) review pairs.

Thus, 15 review pairs were shown to the participants sequentially in a random order.
For each pair, the participants were asked to compare them and select the review that
better matches their interest and provide the relative importance of one review to
another by answering a set of questions (i.e. providing scores in a Likert scale). Using
these scores, a user ranking was derived for each participant (i.e. each participant’s
own ranking of the reviews) and was used as gold standard benchmark for comparing
the performance between two system generated rankings namely (see Figure 18), (i)
people found useful ranking (i.e. helpfulness ranking) and (ii) FDPPR ranking based

on the LCR analysis (i.e. LCR ranking).

Pairwise Comparison
to get Preferred Ranking

User Preferred
Ranking

R1 R1 R2
R4 R3 R5
= — R4 — R1
R2 2 R4
R5 R5 R3
R6 R6 R6
l Kendall tau Distance : Kendall tau Distance J
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Figure 18. Research methodology for the evaluation of FDPPR using user
study

A system generated ranking would be considered better and more desirable if it ranks

reviews in a more similar way to a participant’s self-ranking.

The design of the user study is divided into five separate steps, namely

Q) Review Selection

(i) User Class Determination

(iii)  User Review Preference Capture using Pairwise Comparison
(iv)  Determine the Preferred Ranking of the User

(V) Grade the Review Ranking System

5.2.1 Product and Review Selection

Two products were chosen for the evaluation study that belonged to two different
electronic product categories. The first product chosen was Celestron SkyMaster
Binoculars with Tripod Adapter (amazon id: BOO0O08YOVN), referred to as product 1
in the experiment to avoid product bias of the participants, and the second product
chosen was Microsoft Surface Pro 3 laptop (amazon id: BOOKHR4ZL6, a niche
electronic product category), referred to as product 2 (a common electronic product
category). In the experiment, along with the 6 eligibility/demographic questions (see
Appendix B) and 2 demo video questions (see Appendix B), each participant had to
answer 5 questions during each pairwise comparison of reviews. This process resulted
into a total of 150 questions (i.e. 15 pairwise comparisons * 2 products * 5 questions)
per participant. Thus, to avoid cognitive overload and to limit the number of
questions asked to a participant within a reasonable time frame, 6 reviews per product

were selected to be ranked by each participant.
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Table 19. Review selection process based on two different types of ranking
Review ID Reviews by helpfulness | Reviews by LCR ranking per class
ranking
1 High Low
2 High Low
3 High Low
4 Low High
5 Low High
6 Low High

Also, among those 6 reviews, to avoid any kind of bias towards a particular type of
review, 3 reviews were chosen with high helpfulness scores and very low LCR based
scores while the other 3 reviews were chosen to have a high LCR based scores with
low helpfulness scores. It is to be noted that while choosing reviews having high LCR
scores and low helpfulness score, 3 separate reviews were selected for each consumer
class that was identified during LCR model building process. Based on the calculated
class of the participant, the corresponding set of reviews were selected for that
participant in the user study. Also, to eliminate extremely long or short reviews,
reviews of similar length were selected in this user study. More specifically, the

number of words in each review would fall in a range of 250 to 350 words.
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Feature Selection

Please select one of the product features of your interest and click
“Next »"

Display (e.g. Screen)

USB Connectivity (e.g. USB, Port)
Writing Capability (e.g. Pen, Stylus)
Power (e.g. battery life)

Figure 19. Product feature selection by participant

5.2.2 User Class Determination

In this step, participants were first shown a detail description of a product and were
instructed to select a product feature of their choice from a list of available product
features as shown in Figure 19. Based on their selected product feature, participants

were classified to a particular consumer class pre-determined by the LCR analysis.

5.2.3 User Review Preference Capture using Pairwise Comparison

After a participant selected a particular product feature, he/she was presented with
pairwise comparison of reviews (see Appendix B). As discussed earlier, 15 review
pairs were presented to the participants sequentially in a random order. For each pair,
the participants were asked to compare them and select the review that better matches
their interest in the selected product feature. First, participants were asked a primary
level question (see Figure 20) and provided the relative superiority of one review to

another. The purpose of primary level question was to capture the overall preference
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of the participants for a particular review in the review pair. The primary level

question was asked as follows:

Q: Which review provides better information about the feature, you selected?

Upon answering the primary level question, they were asked three secondary level
questions (i.e. the 3 Likert scale questions) and provided the relative superiority of
one review to another with respect to three specific measures (i.e. relevance,

knowledge and satisfaction). The questions were framed as follows:

(1) Review A provides more relevant information about the selected feature

than review B

(2) Review A provides more knowledge about the selected feature than review B

(3) I am more satisfied by the information provided by review A than review B about

the selected feature

A seven-point Likert scale from *‘strongly disagree’ to ‘‘strongly agree’” was used to
capture the score given by each participant on the review pair (see Appendix B). The
participants were also asked a question about the reviews, such as “In which review,
the reviewer has provided negative comments on the selected product feature?” to
make sure that they actually read the content of the reviews before they answered the

primary and secondary level questions.

This user study has used 3 widely used system evaluation measures (i.e. relevance,

knowledge, and satisfaction) to capture participants’ feedback on the quality of the

85



reviews. However, there are several other measures used in IS research for system
evaluation and including those in this research would certainly enhance the quality of
the evaluation process. But with the limited resources and other constraints such as a
reasonable time frame, cognitive overload of the participants etc., the scope of the
research has been restricted to the use of these three measures. In future, more
resources will be allocated to include several other measures to conduct a
comprehensive user study.

Please provide answers to the questions on the reviews asked below.

Review 1 Review 2

| absolutely love this thing Surface Pro 3 is & sma

00

nnology savvy. The appicat

00d 10 spend &

u have 10 renew it every year.. uniess you are

cof monay for the 4 year pan. The Windows 2.1 ook a few cays o get use to but available in the Microsc# marketpiace m: @ of ia’s most laborious tasks simpler

you figure &t all out, It's great, Having !e USB 2 port is amazing. | am atie to use my

8pp stores are in tis depanment Microsoft Office is 3lso avaiabie for the

ven though Microsclt Ofice and the type cow

Review 1 SEparale purcnases. thay are well worth the buy
eview A

Review 2

Please answer the following questions about Review 1 and Review 2

Which review provides better information about the particular product feature, USB Connectivity (e.g. USB, Port) , you selected ?
Review 1 is better than Review 2 @ Review 2 is better than Review 1 Both Reviews are equally good or bad

Figure 20. Primary level question

In addition to that, to avoid any kind of bias, review pairs shown to the participants
were also randomized for each participant. An example “review preference” dataset

after capturing the answers from a single participant is shown in Table 20.
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Table 20. Basic review preference using pairwise comparison
Comparison Review a Review B | Preferred Review | Scale (AHP)
No.

1 R2 R1 R1 5
2 R3 R1 R1 4
15 Rn R15 Rn 7

5.2.4 Determine the Preferred Ranking of the User

In this step, Analytical Hierarchical Processing (AHP) was applied to develop a rank
of the 6 reviews for each participant (i.e. user ranking). AHP uses pairwise
comparison method to measure the weight of two criteria by measuring the relative
importance of one criteria over the other. In this case, AHP was applied to weigh
reviews using the scales provided by the participants in the pairwise comparisons and
assign a score to each review. The reviews were then ranked by these scores. The
process is depicted by Figure 21. As AHP involves with the modeling of subjective

judgements by the users, it is necessary to check the consistency in the subjective

judgements.
Review |
/,(wfy‘\\
& - »{ =
L
User \/L/“/

Pairwise Comparison of Reviews

Figure 21. Getting reviews ranked by the user in a user study

AHP provides a measure called Consistency Ratio (CR) at each level of comparison
that determines the level of consistency in terms of proportionality and transitivity in

the subjective judgements by a decision maker [107] (i.e. participant). A low
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consistency ratio indicates that the pairwise comparisons are adequately consistent,

hence the subjective judgements of the participants would be acceptable.

Table 21. Priorities and ranking consistency using AHP

Reviews | Weight from pairwise matrix Participant’s User Ranking
eigenvalues
R1 0.2533351 1
R2 0.1266676 6
R3 0.1266676 4
R4 0.1436136 5
R5 0.1436136 3
R6 0.2061025 2

Consistency Ratio (CR) = 0.03949082

In the user study, consistency ratio was calculated first, to ensure that the answers
given to the pairwise comparisons by the participants were consistent. Any highly
inconsistent answers (i.e. having consistency ratio more than 0.15) were excluded
from further analysis. Table 21 shows an example of the user ranking with review

priorities and the ranking consistency ratio calculated using AHP.

In this study, for each participant, the answers to the primary level questions were
used to obtain a primary level user ranking. Similarly, the answers to the secondary
level questions were used to develop three secondary level user rankings (i.e. user
relevance ranking, user knowledge ranking and user satisfaction ranking). Table 22
shows an example analysis of secondary level user rankings and the associated

consistency ratios.
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Table 22. Calculating secondary level of rankings using AHP

Reviews | Relevance | Relevance | Knowledge | Knowledge | Satisfaction | Satisfaction
priorities | ranking priorities ranking priorities ranking
R1 0.1644 2 0.0944 4 0.1644 2
R2 0.1469 6 0.2460 2 0.1469 6
R3 0.1469 5 0.1254 3 0.1469 5
R4 0.1644 3 0.0333 6 0.1644 3
R5 0.1644 4 0.0463 5 0.1644 4
R6 0.2127 1 0.4542 1 0.2127 1
Consisten 0.04 0.08 0.01
cy Ratio (
CR)

5.2.,5 Grade the Review Ranking Systems

After obtaining consistent user ranking of each participant, next step was to find

which one of the two system generated rankings ((i.e. helpfulness ranking and LCR

ranking) ranked reviews in a more similar way to the user ranking. To achieve this,

normalized kendall tau distance (d) was used to calculate the distance between user

ranking and two system generated rankings as shown in Figure 18. Kendall tau
distance (d) is a metric that counts the number of pairwise disagreements between
two ranking lists after performing some bubble sorting swapping. The calculation for

normalized kendall tau distance is given by:

d=—2— (1)

- n(n-1)/2

Where n, the number of discordant pairs. For a pair (i, j) if observation i is ranked
above observation, then the pair is called concordant. Otherwise, it is marked as

discordant. Given this definition, if d = 0 both lists are perfect in agreement. If d = 1
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one list has a complete reverse order than the other list. Thus, in this case, the system
generated ranking which has less distance from the user ranking was considered as

the preferred review ranking.

Table 23. Distance (d) between primary level user ranking and system
generated rankings
User Review | Helpfulness LCR Ranking
Ranking ID Ranking
4 R1 6 3
2 R2 5 1
3 R3 1 4
6 R4 2 2
5 R5 3 5
1 R6 4 6
Distance (d) -0.333 0.0666

In this user study, distance was computed both for primary level and secondary level
user rankings. First, kendall tau distance (d) was computed between the primary level
user ranking and the two system generated rankings for each participant as shown in

Table 23.

Table 24. Distance (d) between user ranking and system generated rankings
at primary level

Participants | distance (d) with helpf | distance (d) with LCR Ra
ulness ranking nking
Participant 1 -0.466 -0.25
Participant 2 0.122 -0.34
Participant 3 -0.301 -0.178
Participant n 0.004 0.066
(n=66)

Next, distance was computed for the secondary levels user rankings using the same

procedure. More specifically, distance was computed between, (i) user relevance
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ranking and the system generated rankings, (ii) user knowledge rankings and system

generated rankings, and (iii) user satisfaction ranking and system generated rankings.

5.3 Participants

A total of 66 participants (online panel of professional survey takers at Amazon

Mturk) were recruited for the user study on a voluntary basis with an IRB approval.

Table 25. Participants background information
Total Participants = 66 Number of Participants
Age <18 0
18-25 12
26-35 24
36-45 21
46-55 8
56-65 1
>65 0
Education Level Graduate 8
Undergraduate 37
High school/Diploma 18
Other 3
Gender Male 37
Female 29
Familiarity with review Moderately 9
websites Strongly 18
Extremely 39
Frequency browsing online Daily 14
product reviews Weekly 34
Monthly 18
Impact of online reviews on To a moderate extent 31
product purchase To great Extent 19
To very great extent 16

To ensure data quality, only those MTurk workers with at least 5,000 approved
Human Intelligence Tasks (HIT) and a 97% of HIT approval rate were allowed to
participate in the user study. The user study also made sure that any MTurk worker

could not participate more than once in the user study. All the qualified MTurk
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workers were further asked to fill out a pre-study questionnaire to ensure that all
participants had prior experience with using online review platforms/online reviews

and online shopping.

Participants received up to $10 in cash (through Amazon MTurk) after successful
completion of the study. Among the participants 29 (i.e. 43 %) were female and 37
(i.e. 57 %) were male. Most of the participants were in the age range of 26-45 (i.e. 68
%). In general, almost 86 % of all participants were strongly familiar with the review
websites and 51 % of participants browsed reviews about a product before making
purchase decisions on a weekly basis. Also, for 53 % of the participants, online
reviews had a strong impact on their product purchase decisions. Table 25

summarizes the background information of all participants in the study.

5.4 Experimental Procedure

This user study was a web-based user study where participants conducted the user
study online. They were instructed to read through each steps of the user study
thoroughly before proceeding with the experiment. Participants were requested to
complete the user study in one sitting and were able to ask us any questions through

email at any time during the study.

1. First all participants browsed “www.curetext.com” website and were asked to
answer a few questions to determine their eligibility to participate in the user
study. In particular, participants filled in a pre-questionnaire on their

demographic information (including age and gender) and experience with
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review platforms such as amazon.com to buy products (see Appendix B).
Participants not eligible for the study, were politely requested to withdraw

from the study.

Eligible participants, (Amazon MTurker) were auto registered based on their
worker id before they start the user study. Then participants were asked to
read a disclaimer suggesting that they had to follow all the steps of the user
study correctly and provide answers to the questions asked to them during
different steps of the user study correctly. To ensure that participants were
answering to the questions correctly, a method (AHP consistency ratio) was
employed that checked consistency in their answers. Participants who
provided highly inconsistent answers, (incorrect answers) were not
compensated and their feedback was not incorporated in the analysis (see

Appendix B).

On agreement with the disclaimer, brief objective/aim of the study was
presented to the participants first (see Appendix B). Next, online consent was
obtained from each participant who wanted to participate in the study.
Participants were allowed to withdraw from the study at any time and the data
entered by each participant were removed and excluded for any kind of further
analysis. After providing their consent to continue with the study, participants
were shown the procedure/tasks of the experiment followed by the demo of
the experiment. A web portal was provided to the participants with a

training/demo session of how to select product features, compare reviews and
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provide their answers to the questions regarding the reviews. Participants were
able to view the demo whenever they needed throughout the experiment by
visiting the demo page at http://www.curetext.com/home/showdemo. After
viewing the demo, participants went through a pre- experiment test, where
they were asked two questions regarding the demo video to ensure that the
participants correctly understood the tasks. They were able to continue with
the experiment only after providing correct answers to the questions. Also,
participants were instructed to ask any questions through email if they had any
problem with understanding the tasks/procedure of the study before they

started the experiment.

Upon successfully providing correct answers, participants were directed to a
page that shows a product name. Participants were then requested to select the
product to see some description, technical specifications, visual of the product
and a list of features of the product (the information of the product was
exactly the same as it was posted in the original Amazon.com website). After
instructed to read the information about the product, participants were asked
to choose only one of the product listed features. On selecting a particular
feature that they liked, they were presented with a set of review pairs (15 pairs

of reviews) sequentially (see Appendix B).

Participants were asked to thoroughly read a pair of reviews and provide their
answers to the questions related to the presented reviews. Also, an additional

question was asked about the two reviews in each review comparison process
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to ensure that the participants are actually reading the reviews before they
provide their answers to the questions. Once the participant completed the
review comparison for the first product, the same steps were repeated for the

second product.

After the experiment, the Amazon Mturk participants got compensated by typing a

unique code provided in the user study web portal.
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Chapter 6. Data Analysis and Results

This chapter presents data analysis and results of the user study. The data collected in
the user study were statistically analyzed by AHP and normalized kendall tau distance
measure to determine the efficacy of FDPPR. This chapter is divided into three
subsections as follows. Sections 6.1 analyzes the data from the participants to
determine whether the answers provided by them were consistent. Section 0 describes
the results of primary level user ranking analysis. In section 6.3, the results of the
secondary level user ranking analysis are presented. The secondary level user ranking

analysis was the basis for testing the three hypotheses proposed in the user study.

6.1 Results on Consistency

As discussed in Section 5.2.4 in pairwise comparisons, inconsistent answers (i.e. a
consistency ratio more than 0.15) were removed before further data analysis. In the
primary level ranking, 59 participants for product 1 and 62 participants for product 2
provided consistence answers (see Table 26). Thus, primary level user rankings
corresponding to participants who provided consistent answers were only taken for

further analysis.

Table 26. Participants’ consistency ratios (CR) for primary level user ranking
Total Participants with | Percentage | Minimum | Maximum
Participants CR<0.15 CR CR

Product 1 66 59 89% 0 0.14

Product 2 66 62 94% 0 0.13

In the secondary level user rankings, consistency ratios were only calculated for the

participants who already provided consistent answers in the primary level ranking. In
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the secondary level user rankings, about 66% of participants in both products
provided consistence answers for relevance. For knowledge, while 54% provided
consistence answers in product 1, about 48% of participants provided consistent
answers for product 2. For satisfaction, 42% provided consistence answers for
product 1 and 62% provided consistence answers for product 2. Table 27 also shows
the range in the consistency ratios for secondary level of rankings. From both levels
of user rankings, the result showed that some participants provided perfectly
consistent answers (consistency ratio of 0) while other participants provided

consistent answers at a permissible level (i.e. CR less than 0.15).

Table 27. Participants’ consistency ratios for secondary level user ranking
Type of Ranking | Number of consistent | Consistency Ratio (CR)
participants (%)
Product 1 Relevance 39 (66.1%) Min CR =0.0
Max CR =0.14
Knowledge 25 (42.3%) Min CR =0.0
Max CR =0.14
Satisfaction 32(54.2%) Min CR =0.0
Max CR =0.14
Product 2 Relevance 41 (66.1%) MinCR=0
Max CR =0.14
Knowledge 30 (48.38%) Min CR =0.0
Max CR =0.13
Satisfaction 39 (62.09%) MinCR=0
Max CR =0.14

6.2 Results on Primary Level User Ranking

The primary level user ranking data were analyzed to find out the overall
performance (i.e. ranking reviews in a more similar way to a participant’s self-
ranking) of the system generated rankings. As discussed in section 2.3.2, for each
participant, normalized kendall tau distance (d) was calculated between user ranking
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and the system generated rankings. The system generated ranking having less
distance from user ranking was considered as the better and desired ranking for the
participants. In this analysis, first distance (dheip) Was calculated between user ranking
and helpfulness ranking. Next, distance (dLcr) was computed between user ranking
and LCR ranking for each participant (see Appendix C and Appendix D). A paired
sample t-test (see Appendix E) was performed on this data that showed that average
distance between LCR ranking and user ranking was significantly less than the
average distance between helpfulness ranking and user ranking. For product 1, tsg =
5.2 (p < 0.05) and product 2, ts1 = 6.9 (p < 0.05). This result implied that, for each
product, LCR ranking had less distance from user ranking than helpfulness ranking.
The data analysis on primary level user rankings also showed that more than 70% of
user rankings were close to the LCR ranking in product 1. A similar result was also
obtained for product 2, where more than 80% of user rankings were close to the LCR
ranking. From the analysis, it was confirmed that LCR ranking was close to
participants’ self-rankings (i.e. user rankings). Thus, it can be concluded that overall
participants preferred the proposed LCR ranking than the existing helpfulness

ranking.

6.3 Hypotheses Test Results

The secondary level user rankings data were analyzed to test the three hypotheses
proposed in the user study (see Section 5.1). The hypotheses were tested to
understand the participants’ preference for a particular system generated ranking with

respect to each of the three measures (i.e. relevance, knowledge, and satisfaction).
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The same data analysis procedure as presented in Section 6.2 was performed to test

the 3 hypotheses.

In the next section, the details of the hypotheses tests are presented. Table 28 presents

the results of the hypotheses test.

Table 28. Hypotheses test results (results on participants’ secondary level user

lead to higher
consumer satisfaction
than helpfulness
ranking

user ranking)
<

Distance
between
helpfulness
ranking and
user ranking)

rankings)
Hypotheses Measures Expected Result of | Supported?
Outcome t-test
Product | H1: Consumers will Relevance | Distance Y
1 be able to access more between (LCR | Significant
relevant reviews from ranking and (<0.05)
the top reviews ranked user ranking)
by the personalized <
review ranking (i.e., Distance
LCR ranking) as between
compared to the top helpfulness
reviews based on ranking and
helpfulness ranking user ranking)
H2: The top reviews Knowledge | Distance Significant | Y
ranked by between (LCR | (< 0.05)
personalized review ranking and
ranking (i.e. LCR user ranking)
ranking) will provide <
a higher level of Distance
knowledge about between
interested features of a helpfulness
product to consumers ranking and
than those ranked by user ranking)
helpfulness ranking
H3: Personalized Satisfaction | Distance Significant | Y
review ranking (i.e. between (LCR | (< 0.05)
LCR ranking) will ranking and
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Table 28. Hypotheses test results (results on participants’ secondary level user

rankings)

Product | H1: Consumers will Relevance | Distance Significant | Y
2 be able to access more between (LCR | (<0.05)

relevant reviews from ranking and

the top reviews ranked user ranking)

by the personalized <

review ranking (i.e., Distance

LCR ranking) as between

compared to the top helpfulness

reviews based on ranking and

helpfulness ranking user ranking)

H2: The top reviews Knowledge | Distance Significant | Y

ranked by between (LCR | (< 0.05)

personalized review ranking and

ranking (i.e. LCR user ranking)

ranking) will provide <

a higher level of Distance

knowledge about between

interested features of a helpfulness

product to consumers ranking and

than those ranked by user ranking)

helpfulness ranking

H3: Personalized Satisfaction | Distance Significant | Y

review ranking (i.e. between (LCR | (< 0.05)

LCR ranking) will ranking and

lead to higher
consumer satisfaction
than helpfulness
ranking

user ranking)
<

Distance
between
helpfulness
ranking and
user ranking)

6.3.1 Results of H1: Personalized Review Ranking vs. Traditional Helpfulness
Ranking with respect to Relevance

H1 posits that consumers will be able to access more relevant reviews from the top

reviews ranked by the personalized review ranking (i.e., LCR ranking) as compared

to the top reviews based on helpfulness ranking. To test the hypothesis, normalized

kendall tau distance (d) was calculated between user relevance ranking and the two
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system generated rankings (i.e., helpfulness ranking and LCR ranking) for each
participant. The system generated ranking having less distance from user relevance
ranking was considered as the better and desired review ranking. First, distance
(dneip_re1) was computed between user relevance ranking and helpfulness ranking.
Next, distance (dicr_re) was computed between the user relevance ranking and LCR
ranking for each participant (see Appendix F and Appendix I). A paired sample t-test
was performed on this data that confirmed that the average distance between the LCR
ranking and user relevance ranking was significantly less that the average distance
between helpfulness ranking and user relevance ranking (see Appendix E). For
productl, tzs = 2.2 and p < 0.05; and for product2, ts = 4.6 and p < 0.05). So, the
result of the analysis indicated that compared to helpfulness ranking, LCR ranking
ranked reviews by their relevance in a more similar way to a participants’ self-
ranking of the same reviews (i.e. user relevance ranking). Thus, it was concluded that
participants obtained more relevant reviews by using the LCR ranking than

helpfulness ranking; thus, hypothesis 1 was supported in this research.

6.3.2 Results of H2: Personalized Review Ranking vs. Traditional Helpfulness
Ranking with respect to Knowledge

H2 posits that top reviews ranked by personalized review ranking (i.e. LCR ranking)
will provide a higher level of knowledge about interested features of a product to
consumers than those ranked by helpfulness ranking. For testing the hypothesis, the
same procedure was repeated as in H1 (see Section 6.3.1). Normalized kendall tau
distance (d) was computed between user knowledge ranking and the system generated

rankings for each participant. First, distance (dheip_know) Was computed between user
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knowledge ranking and helpfulness ranking followed by the distance (diLcr know)
calculation between user knowledge ranking and LCR ranking for each participant
(see Appendix G and Appendix J). A paired sample t-test (see Appendix E) was
performed that showed that the average distance between LCR ranking and user
knowledge ranking was significantly less than the average distance between
helpfulness ranking and user knowledge ranking. The results of the t-tests were
highly significant (i.e. for product 1, t24 = 1.88 (p < 0.05) and for product2, tog = 4.23,
(p < 0.05)) for both of the products. So, the result of the analysis indicated that LCR
ranking ranked reviews by their knowledge in a more similar way to a participant’s
self-ranking of the reviews (i.e. user knowledge rankings). Thus, it was concluded
that LCR ranking was more effective in showing reviews to the participants that had
more knowledge about the product features selected by them than helpfulness

ranking. Hence, H2 was also supported in this research.

6.3.3 Results of H3: Personalized Review Ranking vs. Traditional Helpfulness
Ranking with respect to Satisfaction

H3 posits that personalized review ranking (i.e. LCR ranking) will lead to higher
consumer satisfaction than helpfulness ranking. To test the hypothesis, normalized
kendall tau distance (d) was again computed between user satisfaction ranking and
the two system generated rankings for every participant (see Appendix H and
Appendix K). In line with the results of H1 and H2, the result of the analysis showed
that, for both product 1 and product 2, LCR ranking was closer to the user satisfaction
ranking than helpfulness ranking. The result of the paired sample t-test (see Appendix

E) confirmed that the average distance between LCR ranking and user satisfaction
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ranking was significantly less that the average distance between helpfulness ranking
and user satisfaction ranking. For product 1, tz1 = 1.81 (p < 0.05) and for product 2,
tss= 3.06 (p < 0.05). The result of the analysis indicated that LCR ranking ranked
reviews by their satisfaction level in a more similar way to a participants’ self-ranking
of the same reviews (i.e. user satisfaction rankings). Hence, the result of the analysis
implied that LCR ranking provided more satisfactory reviews to the participants than
helpfulness ranking, based on their selected product features. Thus, hypothesis 3 (H3)

was also supported in this research.

6.4 Summary of the Study Results

From the above data analyses, it was found that personalized review ranking (i.e. the
LCR ranking) was significantly closer to user rankings (i.e. participant’s self-ranking
of the reviews) than helpfulness ranking. First, the result of the primary level user
ranking analysis indicated that overall, LCR ranking proved to be a better and desired
ranking by the participants compared to helpfulness ranking. Similarly, the results of
the secondary level user ranking analyses (see Table 28) showed that LCR ranking
performed significantly better than helpfulness ranking. Based on these results, it was
concluded that LCR ranking provided more relevant, knowledge rich and satisfactory

reviews to the participants than helpfulness ranking.
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Chapter 7. Discussion

This research thoroughly examined and explained the need for a personalized review
ranking system that provides more relevant and helpful reviews to the consumers
based on their personal preferences. Towards this end, FDPPR, a personalized review
ranking framework was constructed and applied to several product review data. This
research also evaluated the effectiveness of the personalized review ranking
framework by conducting a user study that compared the performance of the
personalized review ranking with respect to the most widely used helpfulness ranking
(i.e., people found useful). To the best of the author’s knowledge, this is the first
study that provides a personalized framework for predicting the helpfulness of
consumer reviews based on product features of a product. In addition, by conducting
the user study on the real product review data, it is also set as the first empirical study
that examined the possible benefits consumers get by using a personalized review
ranking system. This chapter summarizes the user study results, then discusses the
implications for theory and practice, along with its limitations and future research

possibilities.

7.1 Summary of Findings

The overall findings of the study showed that, personalized review ranking (i.e. LCR
ranking) was significantly closer to user ranking (i.e. each participant’s own ranking

of reviews) than helpfulness ranking for both products.
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First, the results of the user study showed that, when providing relevant reviews to the
participants based on their product feature preference, personalized review ranking
(i.e. LCR ranking) was significantly close to user ranking than the traditional
helpfulness ranking. Specifically, the results supported the proposed hypothesis (H1)
that posits that consumers will be able to access more relevant reviews from the top
reviews ranked by the personalized review ranking as compared to the top reviews

based on helpfulness ranking.

Second, a significant evidence was also found to support the second hypothesis (H2)
that posits that the top reviews ranked by the personalized review ranking provide a
higher level of knowledge about interested features of a product to consumers than
those ranked by helpfulness ranking. As shown by the user study results, personalized
review ranking was also significantly close to user ranking than the traditional

helpfulness ranking.

Third, the results of the study also showed that personalized review ranking was
significantly close to user ranking than the traditional helpfulness ranking while
providing satisfactory reviews to the participants based on their product feature
preferences. This indicated that personalized review ranking provided higher
consumer satisfaction than helpfulness ranking, thereby supported the third

hypothesis (H3) of this research.
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7.2 Theoretical Implications

This research makes three main theoretical contributions. First, this study offered a
new lens to examine review helpfulness. Compared with most prior studies, which
focused on exploring a series of review characteristics influencing review helpfulness
[15, 17, 24], this study, as one of the first attempts, theorized and tested the combined
effect of product features and review characteristics on the helpfulness of the reviews.
The user study showed that both product features and review characteristics of
reviews were important when predicting readers’ perceptions of the helpfulness of

reviews.

Second, this study is the first to predict helpfulness of online reviews in a
personalized way using a latent class modeling approach. This study extended the
earlier studies [11, 24] with its application of a latent class regression model for
verifying the combined effects of product features and review textual characteristics
on helpfulness of the reviews. LCR analysis used in this research, provided insights to
wade through large volume of online reviews and extract only the relevant and
helpful reviews that cater to the consumer’s specific information needs. The results of
this study confirmed and extended the knowledge about the varied impact of the
review characteristics on the helpfulness of the reviews for different consumer
classes. Moreover, this research provided an effective way to reduce the difficulty

associated with the great variation in the review content and review quality.

Third, this research took a user driven system evaluation approach to test the real

efficacy of the proposed framework of review ranking personalization. Despite
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expensive and time consuming, user driven studies have great potential as end users
get directly involved with the system. The effectiveness of the system is validated by
the users’ personal satisfaction with the system. Most helpfulness prediction models
in the literature used a model based evaluation strategy to evaluate the performance of
the constructed models. This research is the first to conduct a comprehensive user
study to capture users’ perceptions towards the personalized review ranking system
that was designed to provide more relevant, satisfactory, and knowledge-rich reviews
to the users based on their specific needs (i.e. product feature preferences). The user
study followed an evaluation framework where the performance of the personalized
review ranking system was captured by using widely-accepted evaluation measures,
such as relevance, knowledge and satisfaction and analyzed by using well-known

statistical methods.

7.3 Practical Implications

This research will help multiple stakeholders of ORPs (e.g. perspective consumers,
retailors and the manufactures of the product) in searching, organizing, and

presenting product reviews effectively.

The research will help prospective consumers get personalized ranking of reviews
that better suit their product feature preferences when looking for new products to
purchase. This will lower the information overload and help consumers make better
and quicker purchase decisions. The research will facilitate the design of user
interface by which prospective consumers will be able to specify their product feature

preferences when searching reviews for a product. The research will provide greater
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flexibility to the prospective consumers by allowing them to change their product
features preferences dynamically and see a different customized review list based on

their changed product feature preferences.

From the retailer’s perspective, the research will assist retailors of the system (e.g.,
Amazon.com) in better organizing and presenting consumer reviews to prospective
consumers. Several product features of the product will be automatically extracted
and identified from consumer reviews that improve the understanding of the product
by the retailors from the consumers’ point of view. Organizing consumer reviews
around the identified product features will enable a feature-based review search that
will help individual prospective consumers find their personalized information easily
and decrease the cost of information search. The retailors can also track the preferred
product features of a consumer and can provide better product recommendations to

individual consumers.

From the manufacturers’ perspective, the research will help them better understand
consumers’ needs. Companies will also find out the product features most discussed
by the reviewers, which will help businesses improve product features in the next
release of the product. This research employed techniques to identify various features
and find consumers’ opinions (positive or negative) concerning the features.
Analyzing the negative opinions on the product features will enable manufacturers to
understand consumers’ needs and release improved products in the future that will

increase sales.
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7.4 Limitations and Future Work

Due to limited resources and other constraints, this research has also several
limitations that serves as suggestions for future work. First, in this research, product
technical features were only extracted and used in the FDPPR modeling framework to
identify consumer classes in the reviews. Usually text reviews contain many non-
technical features such as “small” for size of a product. Considering all possible kind
of features in the LCR modeling process could enhance the results of the analysis in
terms of finding more meaningful consumer segmentation and their associated
characteristics. This research involved with extracting product features from review
text using a graphical model, LDA. In future, other approaches such as simple term
frequency-inverse document frequency (tf/idf) or non-negative matrix factorization
(NMF) techniques could be applied to find product features from the review text. In
addition to that, in this research sentiments of the reviews were extracted at the
document level (i.e. review level). In future, a fine-grained product feature level
sentiment analysis could be carried out to better determine the sentiments of the
reviews. Previous studies on review helpfulness prediction used many other review
characteristics to predict the helpfulness of the reviews. However, in this research,
only a subset of several well-established review characteristics was considered that
contributed towards the helpfulness of the reviews in the review personalization
framework. In future, the proposed FDPPR framework will be made more robust by
considering several other review characteristics (e.g., number of features mentioned
in review, number of times a feature has been discussed in a particular review, other

lexical features such as number of adjectives/nouns/pronouns, number of spelling
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mistakes present in a review etc.) as well as the reviewer’s characteristics (see Section
2..1.1) while predicting the helpfulness of the reviews for different consumer classes.
Also, post processing can be introduced to boost LCR ranking of certain reviews
based on subjective rules derived from subject matter experts. In addition to that in
future diversity based ranking techniques such as maximal marginal relevance
(MMR) can also be applied to the LCR based ranking to maximize the relevance and

novelty in the finally retrieved top-ranked reviews.

Although this research used a user centric approach to evaluate the performance of
the FDPPR framework, it suffers from several problems associated with user centric
system evaluations such as higher cost, longer time, and scalability. Thus, in future a
hybrid approach could be applied to integrate a system centric approach with the
current user-centric approach to check the real efficacy of the framework. In the user
study, to minimize cognitive overload of the participants while reading long textual
reviews and answering multiple questions during the study, only a small set of
reviews were chosen to be ranked by the participant. In future, with the availability of
enough resources and other methods (e.g. presenting succinct version of a review text
without losing the context of the review), a large number of reviews could be selected
for the evaluation of the framework. In addition, in this research, three measures (i.e.
relevance, satisfaction, and knowledge) were used to capture the user feedback about
the quality of the reviews. As a part of the future work, more objective/subjective
measures could be included to in the user study to capture user feedback at the lower
level of granularity that could potentially enhance the quality of the evaluation

process.
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Chapter 8. Conclusion

Frequently visiting review websites (ORPSs), such as Amazon.com, has become a very
regular habit of consumers while doing online/offline shopping. Online reviews
provided by ORPs have become potential decision-making tools for consumers.
Online reviews provide abundant information about products or services that
consumers want to buy. However, the number of reviews in the review portals is
increasing at a very rapid pace and creating a problem of information overload for
consumers. Consumers are vigorously getting confused with a lot of information of
varying quality and content while trying to assess the real value of a product.
Consumers often evaluate the quality of a product based on specific product features
of a product. These phenomena underline the need for developing a personalized
review-ranking system that can provide relevant and helpful reviews to the users

based on their personal preferences on specific product feature(s) of a product.

This research made several contributions to the field of personalized helpfulness
prediction of online reviews and user-centered evaluation of proposed personalized
helpful prediction model. First, a generic framework, FDPPR, for personalizing the
ranking of online reviews was developed using a systematic approach. This
framework provided a theoretical interpretation and a mathematical estimation
technique to model the helpfulness of online reviews in a personalized way. Several
NLP and text-mining approaches such as sentiment analysis, LDA were performed on
the review data to quantify the reviews in terms of several product features and

review textual characteristics. A statistically robust method, LCR, was utilized to
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model the helpfulness of the review that could simultaneously use the extracted
product features and the review textual data to predict helpfulness of the reviews
based on the product feature preferences of the users. Second, the FDPPR framework
was applied on several product review data to generate personalized review rankings
for those products. Third, to understand the importance and benefits of developing a
personalized review-ranking system, an empirical user study was conducted. The
findings from this study suggested that review ranking personalization is an effective
process of reducing information overload by providing relevant and helpful reviews
to the consumers based on their product feature preferences. In addition, this study
provided new insights about how to design and conduct a user study in the domain of

review helpfulness prediction.
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Appendix A. User Study Setup in Amazon mTurk

Amazon mTurk was used as the primary platform to recruit the participants for the

study. For recruiting participants for the study first a “requester” account was created

in the Amazon mTurk website (https://requester.mturk.com).

« go to MTurk.com Anupama Dash | My Account | Sign Out | Helg

amazonmechanicalturk =~ REQUESTER

Home Create Manage Developer Help

New Project  New Batch with an Existing Project

Create HITs individually

Start a New Batch with an Existing Project

Project Name Title Created ¥ Last Edited

Compare product

Product Review reviews, 30 ————————————————— |
ruoiengsen | e | cor | omete

Comparison comparisons, ~70
mins

Leave feedback for this page.

Help | Contact Us | Policies | Siate Licensing | Press Inquiries | Blog Service Health Dashboard Careers i3 Follow Us on Twitter

MTurk.com | Requesters \Workers = Developers

©2005-2017 Amazon.com, Inc. or its Affiliates. All rights reserved.
An amazoncom. company

Figure 22. Creating a User Study Project in Amazon mTurk

Next a project was created to recruit the participants (see Figure 22) for the user study

(i.e. a Human Intelligence Task or HIT). When setting up the study the reward for the

HIT was setup.
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Setting up your HIT

Reward per assignment
$ 10.0

This is how much a Werker will be paid for completing an assignment. Gonsider how long it will take a Worker to complete each assignment
Number of assignments per HIT
How many unique Workers do you want to werk on each HIT?

Time allotted per assignment

3 Hours v
mum timi & sk Be h kers are not
HIT expires in
T Day v
Masimum time your HIT will be available to Workers on Mechanical Turk:
Auto-approve and pay Workers in
3 Days v
R he am F time ject 3 Worker ment after h a

Figure 23. Setting Amazon mTurk HIT rewards for the user study

Figure 23 shows the setup of a HIT for the user study project created in Amazon

mTurk. When setting up the HIT the worker requirements were set to an acceptable

level to make sure only experienced good mTurk workers participate in the user

study.

Worker requirements

Require that Workers be Masters to do your HITS (Who are Mechanical Turk Masters?

® Yes No

Specify any additional qualifications Workers must meet to work on your HITs:

HIT Approval Rate (%) for all Requesters' HITs v || greater than v 97 * | Remove
Number of HITs Approved v || greaterthan v || 5000 T | Remove

| (+) Add anofher criterion |
(Premium Qualifications incur additional fees, see Pricing Details to learn more)

Figure 24. Amazon mTurk HIT worker requirements

In this user study the HIT approval rate for the Amazon mTurk worker was set at

greater than 97 and the number of HITs approved was set at greater than 5000 (see

Figure 24.

The design for the HIT contains (i) brief description for the Amazon mTurk worker

about the user study and (ii) a Java Script code to get the mTurk works unique mTurk
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id that needs to be sent to the user study website at http://www.curetext.com. The
Amazon workers mTurk worker id is saved on the user study website to prevent

repeat work by the workers.

This is an academic study. We have developed a personalized product review ranking system that filters and
organizes online product reviews based on individual consumer’s interests in specific product features. The
aim of the study is to examine the potential effectiveness of this newly developed personalized product review
ranking system. You will be shown two reviews side by side. You have to chose the review you like and why. There
are two products and each product will have 15 review comparisons to do (total 30 comparisons). You have to do the
work in one sitting (~ 70 mins).

We have to ask you fo accept this HIT because we need fo venfy that you have not completed this survey before.
According fo MTurk support, accepting and then returning HITs does not affect your account or your eligibility to
complete other HITs.

Make sure to leave this window open as you complete the survey. When you are finished, you will return to this
page to paste the code into the box.

Study link: Click Here to Start the Survey

Figure 25. Instructions for the Amazon mTurk Worker

Figure 25 shows the instructions for the workers before they start the study. When the
worker clicks on the survey link the Turk worker is taken to a ubique URL based on
the worker’s id, http://www.curetext.com/mturk/mturk-worker-id. The worker is them
asked a set of eligibility questions to find out the worker’s suitability for the user

study.
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Appendix B. User Study Website Details

The user study was conducted online at http://www.curetext.com, a website
developed as part of this research, that (i) allows participants from Amazon mTurk as
well as regular users to participate in the study, (ii) verify the eligibility of the users
for the user study, (iii) get necessary consent from the users, and (iv) perform a
comparison of reviews that span across two products, namely, Microsoft Surface Pro3

and Celestron SkyMaster Binoculars.
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Review User Study — @Help

Welcome to the User Study on Online Consumer Reviews

This user study focuses on evaluating the performance of a newlv developed personalized review ranking system with the performance of two state of the art
review ranking systems.

Please answer the following questions to start the user study
Eligibility Questions

What is your age?
below 18 18-25 26-35 36-45 46-55 56-65 65 and above

How familiar are you with the review websites (e.g. Amazon.com) that provide online consumer reviews of products
and services?

Extremely Familiar Strongly Familiar Moderately Familiar Slightly Familiar Not Familiar

How often do you browse reviews about the products/services before you make purchases (e.g. an electronic
product)?

Daily Weekly Monthly Quarterly Vearly Never

To what extent do online reviews influence your product or service purchase decisions?

Notatall To a small extent To a moderate extent To a great extent To a very great extent Never

Demographic Questions

What is your education level?

High school/Diploma Undergraduate student Master student Ph.D. student Other
Gender
Male Female

Your Invitation ID:

AgMFIBYaXT3UUK

Please click Next to continue.
Next »

Figure 26. Eligibility questions for the participants
Figure 26 shows the eligibility questionnaires that are asked to every participant to

determine their eligibility for the user study.

Review User Study  @relp

Message

Sorry, You are not eligible to take the study.

Figure 27. Message for the participants who are not eligible for the user study
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If the participant is not eligible for the study he/she is shown a message notifying
about it (see Figure 27).

Review User Study  @Help

Message

User [A3MFIBY2XT3UUZ] already exists in the database. You are not allowed to repeat the
study. If there were issues during the study please contact me. Thanks.

Figure 28. Message for the participants who try to repeat the user study

The user study can be done by a user only once. If the same user tries to do the user

study again he/she is conveyed the message that it is not allowed (see Figure 28).
Review User Study ~ @Help Demo & AMFIBY2XT3UUK-invited @anupama us ® Sign Cut

Congratulations !!! You are eligible to take this study.

Disclaimer
Please read the disclaimer carefully. Please click on "l Agree” to continue.

In this user study, vou are going to compare the consumer reviews of two electronic products. You are supposed to read the reviews carefully and answer a set of
questions related to the reviews. In this regard, vou are requested to provide your answers with utmost consistency. We have developed a method of detecting
highlv inconsistent feedback provided by the participants based on which we mav not consider the feedback for the analysis. Consequently, participants who
do not carefully and seriously accomplish the experimental tasks will NOT be considered as part of the study and thus be denied of any
compensation (i.e. monetary and,/or extra credit course).

| do NOT Agree

Figure 29. Disclaimer for the participants who are eligible for the user study

Once the participant is determined to be eligible for the user study he/she is shown
the disclaimer and he/she has to agree to the disclaimer to continue to the study (see

Figure 29).
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Review User Study ~ @Help Demo & AIMFIBYZX T UK-invited @anupama.us ® Sign Cut

User Study Guidelines

A3MFIBY2XT3UUK-invited

Welcome to the guidelines section of the user study. In this section, there are 5 steps (pre-requisites) that have to be completed before starting the experiment.
Vou can only start the experiment after completing all the steps one by ane.

Please go through each of the steps by clicking on the corresponding "» Start" button.
Once you complete all the steps, please click "Next »" to continue.

You may view each step that you have completed.

Step Action Status

1 Aim of the User Study Not Done
X Online Consent Not Done

3 Procedure,Tasks Not Done

4 Demo Not Done

5 Questions about the Demo Not Done

Please complete the above steps to start the experiment.

Figure 30. User study guidelines for eligible participants

Once the participant accepts the user study disclaimer he/she is shown the user study
guidelines (see Figure 30). There are five steps in the user study guidelines, namely
(1) Aim of the user study, (2) online consent, (3) procedure/tasks, (4) a video demo of
the user study, and (5) some questions to the participants to make sure he/she

understands how to do the user study.

The aim of the study is shown to the participants first (see Figure 31).
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Review User Study  @Help Demo

Aim of the User Study

Online review platforms (ORPs) such as Amazon.com provide consumer reviews so that prospective consumers can gain
insights about the quality of produets and/or services from them. However, an overwhelming number of online reviews
available makes it very difficult and time consuming for the consumers to find relevant reviews that meet the
information needs of a particular product. To address this problem, a personalized produet review ranking system has
been developed that filters and organizes online product reviews based on individual consumers’ interests in specific
product features.

The aim of the user study is to examine the potentizal effectiveness of a newly developed personalized product review
ranking system. In particular, the performance (participant’s feedback about the quality of the reviews provided by a
review ranking systems) of the newly developled review ranking system will be compared with two mostly used existing
review ranking systems. The objective of the comparison is to show that the newly developed review ranking system
provides more relevant reviews to the consumers based on their personal preferences than the existing review ranking
systems.

Please click on the check box below first and then click Submit to provide
your consent.

If for anv reason you do not want to continue with the user study, please click on the sign out button above.

Figure 31. Aim of the user study

« |read and understand the aim of the user study

& A3MFIBY2XT3UUK-invited @anupama.us

® Sign Cut

Please provide vour consent by
clicking the check box below.

For any questions, concerns
please send an email to
adashi1@umbe.edu.

You can click demo at any time
to learn about the study.

You can sign out at anyvtime and
start where you left when you
come back again. The website
will save vour state.

Once the participant reads and understands the aim of the user study he/she is taken

back to the user study guideline page (see Figure 32).

Review User Study  @Help Demo

User Study Guidelines

A3MFIBY2XT3UUJ-invited

& A3MFIBY2XT3U U -invited@anupama.us

= Sign Out

Welecome to the guidelines section of the user study. In this section, there are 5 steps (pre-requisites) that have to be completed before starting the experiment.

Vou can only start the experiment after completing all the steps one by one.

Step Action Status

1 Aim of the User Study ¥  Complete
2 Online Consent Not Done
3 Procedure, Tasks Not Done
4 Demo Not Done
5 Questions about the Demo Not Done

Please complete the above steps to start the experiment.

Figure 32. Completed aim of the user study

Next the participant is shown the “Online Consent” form (see Figure 33).
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Review User Study — @Help Demo & AIMFIBYZXT3UU-invited@anupama.us = Sign Out

.
Online Consent

Please provide your consent by

Before we start, we'd like you to read the informed consent information below. Informed consent refers to the - clicking the check box below.
voluntary choice of an individual to participate in research based on an aceurate and complete understanding of its

purposes, procedures, potential risks, benefits, and alternatives. The participation in this study is completely For any questions/ concerns
anonymous and voluntary. We will not ask or identify any participants of this study. If vou have any questions before please send an email to

or during this study, please contact the investigator Anupama Dash by (Phone: 301 476 0204, email: adashi@umbe.edun.
adashi@umbe.edu).

Vou can click demo at any time

INFORMED CONSENT to learn about the study.

I am 18 vears or older. Therefore, I am eligible to participate in this user study. Vou can sign out at anytime and
start where vou left when you

|. PURPOSE OF THIS RESEARCH STUDY come back again. The website

I am invited to participate in the research project entitled “Performance Evaluation of a Personalized Product Review will save your state.

System”. The objective of this study is to evaluate the performance of a produet review personalization system. I'will

compare the reviews presented by the proposed system and existing systems. [ will be shown reviews provided by

two different review ranking systems and the preference of the participants will be captured by asking a series of

questions about the reviews, The feedback provided by the participants about the reviews will help determine the

performance of the review ranking systems (i.e. both existing as well as the proposed review ranking system). Tam  ~

Please click on the check box below first and then click Submit to provide
your consent.

If for anv reason vou do not want to continue with the user study, please click on the sign out button above.

« | provide my consent to participate in the user study

Figure 33. User study online consent form

Once the participant accepts the online consent form he/she is returned back again to
the user study guidelines page (see Figure 34) which now shows that both (i) aim of

the user study, and (ii) online consent is already done.

Review User Study  @Help Demo & A3MFIBY2XT3UU-invited @anupama us @ Sign Out

User Study Guidelines

A3MFIBY2XT3UUJ-invited

‘Welcome to the guidelines section of the user study. In this section, there are 5 steps (pre-requisites) that have to be completed before starting the experiment.
You can only start the experiment after completing all the steps one by one.

Step Action Status

1 Aim of the User Study ¥ Complete View
2 Online Consent ~  Complete

3 Procedure/Tasks Not Done

4 Demo Not Done Start
5 Questions about the Demo Not Done Start

Please complete the above steps to start the experiment. ;
Next »

Figure 34. Completed (i) aim of the user study and (ii) online consent form
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Review User Study ~ @Help Demo

Procedure/Tasks
Please go through the procedure and the tasks of the user study below.
In this user study, you are going to evaluate consumer reviews of two electronic products.

Specifically, you will be shown the first preduct. On selecting the product, you will be presented with some information
about the produet and list of produet features. You will be requested to read the product information first. Next, vou will
be asked to choose a feature of your interest (from the feature list shown to vou) on which vou want to see some reviews.
After selecting a feature, you will be presented with 15 pairs of reviews one by one. For each review pair (two reviews
side by side), vou will be asked to read both of the reviews and provide answers to a set of accompanying questions
related to the guality of the presented reviews to vou. Once you complete this process for the first product, you will be
presented with the second preduct. You will be asked to repeat the same process for the second product too.

For a clear understanding, vou are going to conduct the following tasks sequentially.
Taska: Selecting a product
Taskea: Selecting only one feature of the selected product to see reviews on them

Tasks3: Reading the pairwise reviews (15 pairs) presented to you one by one thoroughly and answering questions
associated with the reviews.

Repeating taska, tasks, and tasks for the second product too.

Please click on the check box first and then Submit button to provide vour
consent.

If for any reason vou do not want to continue with the user study, please click on the sign out button above.

« | read and understand the procedure/tasks of the user

study

Figure 35. Procedure and tasks page

The participant is shown the demo video next (see Figure 36).

Review User Study  @Help Demo

User Study Demo

This demo video is going to show vou the process of review evaluation (the major task) of the user studyv.

Please click the Demo button below to view the demo of the user study in a new window. Once vou have seen the demo,
please elick on the check box below first and then click Submit to acknowledge it. Upon your acknowledgment, vou
can view the demo at anvtime by elicking the Demo botton on top of the page.

«| | have viewed the demo once before | start the user study.

& A3MFIBY2XT3UUI-invited @anupama us

& A3MFIBY2XT3UUL-invited@anupama.us

Next the participant is shown the procedure/tasks page (see Figure 35).

™ Sign Out

Please provide vour consent by
clicking the check box below.

For any questions, coneerns
please send an email to
adashi@umbe.edu.

You can click demo at any time
to learn about the study.

Vou can sign out at anytime and
start where you left when you
come back again. The website
will save vour state.

= Sign Out

Please provide vour consent by
clicking the check box below.

For any questions/concerns
please send an email to
adashi@umbe.edu.

You can click demo at any time
to learn about the study.

You can sign out at anytime and
start where vou left when you
come back again. The website
will save your state.

Figure 36. User study demo video page

A video that shows the user how the user study is performed is shown (see Figure

37).

122



Review User Study ~ @Help Demo & A3MFIBY2XT3UUL-invited@anupamaus @ Sign Out

Demo of this experiment

The following video provides details about the experiment (i.e. the process of evaluating the reviews). If you have any questions, please send me an email at
adashi@umbe.edu. The video is best viewed at quality 48op or higher.

Providing Feedback about Product Reviews

User Study Demo

Figure 37. User study demo video player

Next the participant is asked two questions about the user study to make sure he/she

understands the details about the study (see Figure 38).

Review User Study  @Helo Demo & A3MFIBY2XTIUUL-invited @anupama.us ® Sign Cut
Guestions about the Derm
uestions abou e bemo lease provide sour concent by

Please answer the following questions by choosing one and only one option for each question based on the content of clicking the check box below.

the video demo you just watched. Please answer the two questions correctly to continue. You can change your

responses. For any questions/concerns

. please send an email to

Demo Questions dashi@umbe.edu,

Question 1

How many features of a product you can select to see the reviews on the features? You can click demo atany time

© Only One to learn about the study.

O Two . .

oT Vou can sign out at anvtime and

© Four or More start where you left when you
come back again. The website

Question 2 will save your state.

After reading a review pair, the next step is to ? i

© Sign out of the study Review User Study Demo

© Read aim of the experiment

© Answer a few questions on the reviews User Study Demo

© None of the above

>

-

Figure 38. Questions about the demo
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Once the participant answers the questions about the demo correctly he/she is shown
the prerequisites completion screen and he/she is informed about the subsequent user

study (Figure 39).

Thank you for completing the
prerequisites
Now you are going to start evaluating the reviews of two real

electronic products one by one. Please click Next to proceed.

Next »

Figure 39. Participant completing the prerequisites and starting the study
The participant starts the user study by selecting the first product (see Figure 40).
Review User Study  @Help Demo & AIMFIEYZXTIUUL invited@anupamats B Sign out
Select a Product
e NS

Please select the following product by clicking on the “Select »” button below.

Celestron SkyMaster Giant 15x70 Binoculars with Tripod Adapter

Figure 40. Participant selects the first product for the user study
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Once the participant selects the product he/she is shown the details about the product
and is requested to choose one feature that interest him the most (see Figure 41).

Review User Study @Help Demo & A3MFIBY2XT3UUL-invited @anupama us @ Sign Cut

Select a Product Feature

Please go through the product specification description of the product carefully. Then, please select only
one feature of your interest (shown in "Feature Selection” table) to see some consumer reviews that have
some information about your selected feature.

Celestron SkyMaster Giant 15x70 Binoculars with Tripod Adapter

Celestron and ;s SkyMaster Series of large aperture binoculars are a phenomenal value for high
performance binoculars ideal for astronomical viewing or for terrestrial (land) use - especially over long
distances. Each SkyMaster model features high quality BAK-4 prisms and multi-coated opties for
enhanced contrast. Celestron has designed and engineered the larger SkyMaster models to meat the
special demands of extended astronomical or terrestrial viewing sessions. The 15370 version is one of the
most popular models in the series. It offers serious large aperture light gathering in an affordable and

— S
reasonably lightweight configuration. -

Feature Selection

« Multi-coated optics

_ Please select one of the product features of your interest and click
« Tripod adapter “Next »"

« Large aperture perfect for low
light conditions and stargazing

« 13 mm (0.511n) long eve relief
ideal for eveglass wearers

« Diopter adjustment for fine
focusing Cost (e.g. Price)

Weight (e.g. Heavv)
Glass Quality (e.g. Lens, Focus)

Zoom (e.g. Magnification)

Tripod Compatibility (e.g. Adapter, Tripod)

Figure 41. Product feature selection page in User Study

Once the participant selects a product feature he/she is show two reviews to compare
(see Figure 42). The participant is asked a question about the two reviews to make
sure he/she is paying attention to the reviews. The participant is also asked the three
follow on questions about the knowledge, satisfaction, and relevancy. A progress bar
is shown to the user on top to keep him aware of the progress in the user study. The
participant is also shown the feature that he/she has selected in the product feature

selection page.
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User Study @H:elp Demo & A3MFIBY2XT3UUL-invited@anupama.us @ Sign Out

Evaluate the Reviews

Flease read both of the reviews thoroughly and evaluate the reviews based on the following factors,

= Towhat extent tha r
= Towhat extent, inform

vs provide you more relevant information about the feature that vou
on 2bout the selected product feature, Cost (e.g. Price) , inthar

ected namely, Cost (e.g. Price) .
E need and increass your koowledge sbout the faature.

Please provide answers to the questions on the reviews asked below.

Review 1 Review 2

Good Bino, Bad adapter Celestron sky master 15270 stargazer binoculars worthy of the money spent

By Unknown on July, 2015 By Unknown on July, 2016

Worthy Binoculars. The supplied tripod adapter will nesd to be upgraded %o do anything | bought tweo pairs of these binoculars with rather low expectations considering what other
with these. | find that the barska medsl sdapter is fine for this purpose. Celstron supslies 5 pecple had to say. Some good, some bad but it certainly caused me to question whether or
plasic adapter which mounts “less than optimally” on standard phote triped threads. My not i should buy these. I'm a rebel and said you know what, I'm net going to buy a pair.. Il

tripod iz very heavy duty 3nd the weakest link is that adspter You dogst lens caps, and 3 buy TWO. | have 3 friend who decided he wanted a pair also =0 | sdded them to my cant

somewhat O bag to carmy the bincculars with. The exit pupil is not that lange, but you do and it was done. When they arrived | unpacksd the first pair which | immedizstety saw
knows how to compuss for that as you have the variables to do so with the 15<T0mm double vision, which | was prepared for so | though well so much for that. Next pair
specifications. Fine encugh for older eyes such a5 mine, but note that the eyecups do rall AMAZING, no doubls vision, excellent magnification, a tad heawy but wel a well rounded
doven (or up) to help. Without 3 tripod, these sre much too heavy and unwiledy te use. For inzxpansive way to sosk in the amazing night sky. Would | buy these again? Absolutehy
Astronomy purposes, thess ane excellent price to performanes ratio binos. Gat them with 3 W¥ss | hapoy? es sin great price, 23s= of use and the tipod adsprer that some people

3nd party adapter and you will b= happy. Have a triped and you will do best. squawik sbout . i7's fine, just ne=d 3 tripod nowe Rememier these binoculars s under 345,
=0 am | going to get S300 qualty? Ne. Did | expect it? No. Just buy yourssf a pair and
enjoy the signts!!

Review 1
Review 2
Please answer the following questions about Review 1 and Review 2
Which review states that the evecups do roll down (or up) to help?
Review 1 @ Review 2 Both Reviews None of the Reviews

Which review provides better information about the particular product feature, Cost (e.g. Price) , you selected ?
® Review 1 iz better than Review 2 Review z iz better than Review 1 Both Reviews are equally good orbad

Flease read each of the following statements and indicate how strongly vou agree or disagree with the statement by clicking an appropriate number on the
scale, with 1 indicating strongly dizagree and 7 indicating strongly agree.

(a) Review 1 provides more relevant information about the selected feature, Cost (e.g. Price) , than Review 2 :
STRONGLY DISAGREE 1 2 3 4 5 [ 7 STRONGLY AGREE

(b) Review 1 provides more knowledge about the selected feature. Cost (e.g. Price) . than Review 2 :
STRONGLY DISAGREE 1 2 3 4 5 6 7 STRONGLY AGREE

(c) I am more satisfied by the information provided by Beview 1 about the selected featurs, Cost (e.g. Price) , than Review 2 :
STRONGLY DISAGREE 1 2 3 4 5 6 7 STRONGLY AGREE

Where, 1=Strongly Dizagree, 2=DNotAgree, 3= Somewhat Disagree, 4=DNeuotral, 5=SomewhatAgrese, G=Agres 7 =Strongly

Agree

Figure 42. Product feature selection page in User Study

Once the participant completes all the pairwise comparison of the reviews he/she is

shown the second and last product (see Figure 43) to provide feedback on.
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Review User Study  @Help

Demo & A3MFIBY2XTIUUL-invited@anupama.us [ Sign Out

Select a Product

Thank you for evaluating the reviews of the 1st product. You are now going to start evaluating the reviews of the 2nd (final) preduct.

Please select the following product by clicking on the “Select »” button below.

Microsoft Surface Pro 3 8GB/256GB - PS2-00001

Figure 43. Product selection page in User Study

Similar to the first product the participant is again requested to choose a product

feature from the second product that is of interest to him.

Review User Study  @Help

Demo & A3MFIBY2XT3UUL-invited @anupama.us [ Sign Cut

Select a Product Feature

Please go through the product specification description of the product carefully. Then, please select only
one feature of your interest (shown in "Feature Selection” table) to see some consumer reviews that have

some information about your selected feature.

Microsoft Surface Pro 3 8GB/256GB - PS2-00001
The tablet that can replace your laptop.

Surface Pro 3 is in a category of its own. With a stunning 12" display in a sleek magnesium frame, Surface Pro
3 has all the power and performance of a laptop in an incredibly lightweight, versatile form. It may just be

the ultimate device.

« Intel 4th Generation Core i5 Processor

« 12-Inch HD {2160 x 1440) Touchscreen
Display

« B8GB RAM; 256 GB Storage Capacity (212
GB Available)

« Windows 8.1 Pro

« 36W Power Supply and Surface Pen Included; Kevboard sold
separately

« Two 5MP HD cameras, front and rear-facing, with 108op HD video
recording

« Ambient light sensor, Accelerometer, Gyroscope, Magnetometer

« Dimensions: 7.93in X 11.5In X .36 in (201.3 mm ¥ 292 mm X 9.1 mm)

» Weight: 1.76 lbs (Soog)

« 1-vear limited hardware warranty

Feature Selection

Please select one of the product features of your interest and click
“Next »"

» Screen and Kevboard
© USB Connectivity (e.g. USB, Port)
© Writing Capability (e.g. Pen, Stylus)
@ Power (e.g. battery life)

Figure 44. Product feature selection page in User Study

The participant is shown pair wise reviews from the second product and his/her

feedback is collected. Once all the pairwise comparison is completed the participant
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is shown the unique completion code that he/she enters in the Amazon mTurk page to

provide evidence of user study completion (see Figure 45).

Review User Study @Help Demo & A3MFIBY2XT3UUL-invited@anupama us ® Sign Out

User Study - Complete

Thank you for evaluating the reviews of both of the products.

User study completion confirmation code: 524F
For Amazon MTurk user, please copy and paste the code into Amazon MTurk website and click the Finish button.
For others, please elick the Finish button.

Figure 45. User Study completion page with unique confirmation code

The user is then requested to close the browser (see Figure 46).

Review User Study 9 Help Demo & A3MFIBY2XT3UUL-invited@anupama.us @ Sign Out

Finish
Thank you for taking your time to complete the user study. You may close the

browser now or sign out.

Figure 46. User Study finish page
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Appendix C. Consistency and Distance Score for Product 1

Mturk Worker ID | LCR Class | Consistency | Helpfulness | LCR
Ranking Ranking
A3MFIBY0000000 |1 0.044 -0.333 0.733
A2EEL9Y0000000 |2 0.102 -0.467 0.467
A2P4SHX0000000 |1 0.104 -0.067 0.467
A119ZBVv0000000 1 0.102 -0.067 0.467
A2EI10750000000 1 0.120 -0.067 0.733
A29VL3MO0000000 |2 0.122 -0.333 0.067
A36SM7Q0000000 |2 0.083 -0.200 -0.067
A1945US0000000 2 0.142 -0.333 0.333
AX06ZUC0000000 |2 0.120 -0.733 0.733
A35D31Q0000000 |2 0.102 -0.600 0.333
ALNM7ZP0000000 |2 0.120 -0.200 0.200
A2KLJKD0000000 |2 0.102 -0.467 0.467
A11S81A0000000 2 0.102 -0.467 0.467
A3DRSE70000000 |2 0.121 -0.467 0.467
A1A3TGZ0000000 |3 0.036 0.067 0.067
A2TT6FA0000000 |1 0.060 -0.600 0.733
A2WGW5Y0000000 | 3 0.035 0.200 -0.067
A27W0250000000 |3 0.049 -0.200 0.067
ADKKDK®60000000 |3 0.026 0.200 -0.333
A2071HY0000000 3 0.026 0.067 0.067
A1V6P1Z0000000 |2 0.120 -0.067 -0.200
A2EEUQO00000000 |2 0.120 -0.333 0.600
A302NOP0000000 |1 0.165 0.200 -0.067
A5EU1AQ0000000 |3 0.022 0.200 -0.067
A11NM7Z0000000 |2 0.009 0.067 0.200
A1VNYP50000000 |2 0.159 -0.200 -0.067
A2EOOF90000000 |2 0.045 0.067 0.200
A19WXS10000000 |1 0.063 -0.067 0.200
A3BIOAX0000000 |2 0.091 0.467 -0.200
A2AAY4V0000000 |1 0.031 -0.200 0.067
AHL33DD0000000 |3 0.022 0.067 -0.200
A8F6JFG0000000 3 0.122 -0.600 0.733
A20AZPR0000000 |3 0.091 0.067 0.333
AINKBXO0000000 |1 0.044 -0.467 0.600
A2WNWBS8A0000000 | 2 0.040 0.067 -0.067
A28PS7T0000000 3 0.064 0.200 -0.333
A3EZOH00000000 |3 0.063 -0.467 0.333
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Mturk Worker ID | LCR Class | Consistency | Helpfulness | LCR
Ranking Ranking
A2SY4E70000000 |3 0.035 0.200 -0.067
A3RU7ANO0000000 |1 0.049 -0.467 0.333
A3UUH360000000 |3 0.159 -0.200 0.333
AJDXSXA0000000 |2 0.018 -0.333 0.600
A1VW8Y70000000 |2 0.083 0.333 -0.333
A1IWRYUF0000000 |2 0.102 -0.467 0.467
A3175TP0000000 3 0.035 0.067 0.067
A5LYLHG0000000 |2 0.165 0.067 -0.067
A3C3RLZ0000000 |2 0.156 -0.600 0.867
A1SBFOZ0000000 |2 0.063 -0.200 0.467
A303MN10000000 |2 0.190 -0.333 0.600
A1DR8T10000000 |2 0.104 0.067 -0.067
A28A3HF0000000 |2 0.083 -0.067 0.333
A9KSSJX0000000 |2 0.044 -0.200 0.200
A27NN240000000 |3 0.013 -0.067 0.200
A362CVv80000000 |2 0.063 -0.333 0.333
ASDKBXZ0000000 |3 0.000 -0.067 0.200
A22051N0000000 2 0.075 -0.067 0.067
AKLVOWI0000000 |2 0.059 0.067 -0.067
A1EI4NMO0000000 |2 0.039 -0.067 0.067
AROOCBMO0000000 | 2 0.120 -0.467 0.467
ACCXC5Vv0000000 |1 0.040 0.333 0.333
A10BH9P0000000 |2 0.022 0.067 0.200
A2NT30Q0000000 |1 0.035 -0.067 0.733
A1XUZFDO0000000 |3 0.083 -1.000 0.600
A163J5T0000000 2 0.045 -0.200 0.467
A1LJKHCO0000000 |3 0.102 -0.467 0.867
ASTDBTV0000000 |3 0.017 0.333 0.067
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Appendix D. Consistency and Distance Score for Product 2

Mturk Worker 1D LCR Class | Consistency | Helpfulness | LCR
Ranking Ranking
A3MFIBY0000000 2 0.044 -0.600 0.733
A2EEL9Y0000000 2 0.083 -0.733 0.867
A2P4SHX0000000 2 0.126 -0.467 0.600
A119ZBVv0000000 2 0.102 0.067 0.333
A2EI10750000000 2 0.083 -0.200 0.067
A29VL3M0000000 2 0.121 -0.600 0.200
A36SM7Q0000000 2 0.063 -0.733 0.867
A1945US0000000 2 0.063 -0.333 0.467
AX06ZUC0000000 3 0.120 -0.333 0.733
A35D31Q0000000 3 0.122 -0.867 0.467
A1NM7ZP0000000 |3 0.139 -0.600 0.733
A2KLJKD0000000 3 0.102 -0.333 0.733
A11S81A0000000 1 0.120 -0.467 0.467
A3DRSE70000000 1 0.122 -0.333 0.333
A1A3TGZ0000000 1 0.000 -0.600 0.600
A2TT6FA0000000 2 0.022 -0.067 -0.067
A2WGW5Y0000000 |2 0.000 -0.200 0.067
A27W0250000000 2 0.009 -0.467 0.067
ADKKDK60000000 |2 0.000 -0.200 0.067
A2071HY0000000 3 0.026 -0.333 0.200
A1V6P1Z0000000 2 0.059 -0.600 0.467
A2EEUQ00000000 2 0.102 -0.467 0.600
A302NOP0000000 2 0.159 -0.067 0.200
A5EU1AQ0000000 |2 0.044 -0.733 0.600
A11NM720000000 2 0.000 -0.200 0.067
A1VNYP50000000 3 0.119 0.067 0.067
A2EOOF90000000 2 0.044 -0.467 0.600
A19WXS10000000 3 0.075 -0.333 0.200
A3BIOAX0000000 1 0.105 -0.600 0.600
A2AAY4V0000000 |2 0.000 -0.200 0.067
AHL33DD0000000 |2 0.091 -0.200 -0.200
A8F6JFG0000000 1 0.139 -0.467 0.200
A20AZPR0000000 |1 0.111 -0.600 0.600
AINKBXO0O0000000 |3 0.031 0.067 0.333
A2WNWBS8A0000000 |2 0.013 -0.867 0.733
A28PS7T0000000 3 0.072 0.733 -0.333
A3EZ0OH00000000 2 0.036 0.333 0.067
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Mturk Worker 1D LCR Class | Consistency | Helpfulness | LCR
Ranking Ranking
A2SY4E70000000 2 0.000 -0.200 0.067
A3RU7ANO0000000 |2 0.000 -0.200 0.067
A3UUH360000000 1 0.104 -0.067 0.333
AJDXSXA0000000 |3 0.035 -0.333 0.467
A1VW8Y70000000 |3 0.122 -0.200 0.333
AIWRYUF0000000 |2 0.009 -0.200 0.067
A3175TP0000000 2 0.022 -1.000 0.600
A5LYLHGO0000000 |2 0.118 -0.333 -0.067
A3C3RLZ0000000 2 0.100 0.067 -0.467
A1SBFOZ0000000 2 0.121 -0.467 0.067
A303MN10000000 2 0.063 -0.067 0.200
A1DR8T10000000 2 0.083 -0.200 -0.200
A28A3HF0000000 2 0.044 0.467 -0.600
A9KSSJX0000000 2 0.022 0.200 -0.067
A27NN240000000 3 0.081 0.067 -0.200
A362CVv80000000 2 0.102 -0.333 0.467
ASDKBXZ0000000 |2 0.022 -0.733 0.333
A22051N0000000 2 0.009 -0.467 0.333
AKLVOWI0000000 |2 0.040 -0.200 0.333
A1EI4NMO0000000 2 0.000 -0.200 0.067
AROOCBMO0000000 |3 0.053 -0.867 0.467
ACCXC5Vv0000000 |2 0.000 -0.200 0.067
A10BH9P0000000 2 0.000 -0.200 0.067
A2NT30Q0000000 |3 0.083 0.200 -0.333
A1XUZFDO0000000 |1 0.063 -0.467 0.467
A163J5T0000000 2 0.000 -0.200 0.067
A1LJKHC0000000 2 0.081 0.200 -0.600
ASTDBTV0000000 |3 0.022 -0.467 0.333
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Appendix E. T-Test results

This appendix presents the t-test results of the user study.

Table 29. T-Test for primary level user ranking of product 1

Variable 1 Variable 2
Mean 0.572881 0.380791
Variance 0.0227 0.023916
Observations 59 59
Pearson Correlation -0.71667
Hypothesized Mean Difference 0
Df 58
t Stat 5.216166
P(T<=t) one-tail 1.28E-06
t Critical one-tail 1.671553

Table 30. T-Test for primary level user ranking of product 2

Variable 1 | Variable 2
Mean 0.650256 0.377436
Variance 0.027088 0.029205
Observations 62 62
Pearson Correlation -0.75654
Hypothesized Mean Difference 0
Df 61
t Stat 6.995913
P(T<=t) one-tail 9.46E-10
t Critical one-tail 1.669013

Table 31. T-Test for user relevance ranking of product 1

Variable 1 Variable 2
Mean 0.50991 0.423423
Variance 0.01635 0.016844
Observations 37 37
Pearson Correlation -0.68765
Hypothesized Mean Difference 0
Df 36
t Stat 2.222762
P(T<=t) one-tail 0.0163
t Critical one-tail 1.688298
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Table 32. T-Test for user relevance ranking of product 2

Variable 1 | Variable 2
Mean 0.62439 0.417886
Variance 0.020835 0.024894
Observations 41 41
Pearson Correlation -0.79537
Hypothesized Mean Difference 0
Df 40
t Stat 4.618793
P(T<=t) one-tail 1.98E-05
t Critical one-tail 1.683851

Table 33. T-Test for user knowledge ranking of product 1

Variable 1 | Variable 2
Mean 0.557333 0.424
Variance 0.031067 0.037363
Observations 25 25
Pearson Correlation -0.8275
Hypothesized Mean Difference 0
Df 24
t Stat 1.887016
P(T<=t) one-tail 0.035656
t Critical one-tail 1.710882

Table 34. T-Test for user knowledge ranking of product 2

Variable 1 | Variable 2
Mean 0.633333 0.351111
Variance 0.035172 0.037987
Observations 30 30
Pearson Correlation -0.81759
Hypothesized Mean Difference 0
Df 29
t Stat 4,239755
P(T<=t) one-tail 0.000104
t Critical one-tail 1.699127
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Table 35. T-Test for user satisfaction ranking of product 1

Variable 1 | Variable 2
Mean 0.5125 0.452083
Variance 0.010735 0.01168
Observations 32 32
Pearson Correlation -0.57857
Hypothesized Mean Difference 0
Df 31
t Stat 1.8172
P(T<=t) one-tail 0.039433
t Critical one-tail 1.695519

Table 36. T-Test for user satisfaction ranking of product 2

Variable 1 | Variable 2
Mean 0.598291 0.452991
Variance 0.023974 0.023668
Observations 39 39
Pearson Correlation -0.84063
Hypothesized Mean Difference 0
Df 38
t Stat 3.064235
P(T<=t) one-tail 0.002001
t Critical one-tail 1.685954
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Appendix F. Consistency and Distance Score for Product 1:

Relevance

UserID LCR Consistency Helpfulness LCR

Class Ranking Ranking
1 1 0.125309 0.666667 0.133333
2 2 0.100748 0.6 0.266667
3 3 0.099559 0.466667 0.466667
4 3 0.038188 0.466667 0.466667
5 3 0.098901 0.666667 0.4
6 3 0.026174 0.4 0.666667
7 3 0.026754 0.4 0.533333
8 3 0.043482 0.4 0.533333
9 2 0.009534 0.533333 0.333333
10 2 0.145382 0.6 0.4
11 1 0.061479 0.466667 0.466667
12 2 0.137395 0.266667 0.6
13 1 0.080194 0.666667 0.4
14 3 0.030185 0.466667 0.6
15 1 0.055837 0.666667 0.266667
16 2 0.056966 0.466667 0.533333
17 3 0.141443 0.333333 0.733333
18 3 0.09734 0.866667 0.2
19 3 0.051516 0.4 0.533333
20 1 0.02183 0.666667 0.4
21 2 0.014497 0.533333 0.333333
22 2 0.101258 0.6 0.4
23 3 0.054007 0.466667 0.466667
24 2 0.096293 0.6 0.266667
25 2 0.085504 0.466667 0.4
26 2 0.08948 0.6 0.4
27 3 0.02587 0.466667 0.466667
28 2 0.030898 0.466667 0.4
29 3 0 0.533333 0.4
30 2 0.138044 0.6 0.4
31 2 0.077036 0.466667 0.533333
32 2 0.037754 0.466667 0.533333
33 1 0.142877 0.266667 0.4
34 2 0.063051 0.466667 0.4
35 1 0.04345 0.4 0.266667
36 2 0.092089 0.666667 0.2
37 3 0.082892 0.333333 0.466667
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Appendix G. Consistency and Distance Score for Product 1:

Knowledge

UserID LCR Class Consistency | Helpfulness | LCR
Ranking Ranking

1 3 0 0.466667 0.466667

2 3 0 0.533333 0.4

3 3 0 0.866667 0.066667

4 3 0 0.466667 0.6

5 3 0 0.466667 0.6

6 3 0 0.4 0.666667

7 2 0 0.533333 0.333333

8 1 0.043414 0.8 0.4

9 3 0 0.533333 0.533333

10 1 0 0.4 0.533333

11 2 0 0.733333 0.266667

12 3 0 0.866667 0.066667

13 3 0.129122 0.4 0.533333

14 1 0 0.8 0.4

15 2 0 0.266667 0.733333

16 3 0.143448 0.466667 0.466667

17 3 0 0.466667 0.466667

18 3 0 0.466667 0.6

19 2 0 0.733333 0.2

20 2 0 0.6 0.4

21 1 0 0.733333 0.2

22 2 0 0.466667 0.4

23 1 0.129646 0.466667 0.2

24 2 0 0.733333 0.266667

25 3 0 0.266667 0.8
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Appendix H. Consistency and Distance Score for Product 1:

Satisfaction

UserID LCR Class Consistency | Helpfulness | LCR
Ranking Ranking
1 2 0.081199 0.666667 0.466667
2 3 0.093834 0.466667 0.466667
3 3 0.034445 0.533333 0.4
4 3 0.104665 0.533333 0.533333
5 3 0.031735 0.466667 0.6
6 3 0.026754 0.4 0.533333
7 3 0.037454 0.4 0.533333
8 2 0.018674 0.6 0.266667
9 1 0.069628 0.6 0.466667
10 2 0.143375 0.533333 0.466667
11 1 0.075351 0.533333 0.533333
12 3 0.051062 0.466667 0.6
13 3 0.091515 0.533333 0.4
14 2 0.098992 0.466667 0.533333
15 3 0.05058 0.4 0.666667
16 3 0.066223 0.8 0.266667
17 3 0.051516 0.4 0.533333
18 1 0.055979 0.666667 0.4
19 2 0.01592 0.6 0.266667
20 3 0.061311 0.466667 0.466667
21 2 0.139797 0.533333 0.333333
22 2 0.095911 0.6 0.4
23 3 0.042724 0.4 0.533333
24 2 0.065008 0.533333 0.466667
25 3 0 0.533333 0.4
26 2 0.132366 0.6 0.4
27 2 0.102718 0.466667 0.533333
28 2 0.053228 0.466667 0.533333
29 2 0.092397 0.466667 0.4
30 1 0.063977 0.4 0.266667
31 2 0.1261 0.6 0.266667
32 3 0.098593 0.266667 0.533333
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Appendix I. Consistency and Distance Score for Product 2:

Relevance

UserID LCR Class | Consistency | Helpfulness Ranking | LCR Ranking
1 2 0.065274 0.8 0.266667
2 2 0.123008 0.8 0.266667
3 2 0.120416 0.533333 0.266667
4 2 0.107245 0.866667 0.066667
5 3 0.116869 0.533333 0.266667
6 1 0 0.8 0.2

7 2 0.037379 0.533333 0.533333
8 2 0 0.6 0.466667
9 2 0.0088 0.733333 0.466667
10 2 0 0.6 0.466667
11 3 0.040623 0.666667 0.4

12 2 0.039959 0.8 0.266667
13 2 0 0.6 0.466667
14 3 0.101532 0.6 0.466667
15 1 0.12546 0.866667 0.133333
16 2 0 0.6 0.466667
17 2 0.031516 0.733333 0.466667
18 3 0.076649 0.466667 0.333333
19 2 0 0.6 0.466667
20 2 0.026581 0.333333 0.6

21 2 0 0.6 0.466667
22 2 0 0.6 0.466667
23 3 0.026958 0.6 0.333333
24 2 0.022807 0.6 0.466667
25 2 0.054664 0.866667 0.2

26 2 0.100975 0.466667 0.466667
27 2 0.124433 0.6 0.6

28 2 0.057618 0.266667 0.8

29 2 0.029937 0.466667 0.466667
30 2 0.039959 0.666667 0.4

31 2 0.014497 0.666667 0.533333
32 2 0 0.6 0.466667
33 2 0.048542 0.733333 0.333333
34 2 0 0.6 0.466667
35 2 0 0.6 0.466667
36 2 0 0.6 0.466667
37 3 0.141235 0.4 0.666667
38 1 0.125434 0.733333 0.266667
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39 2 0 0.6 0.466667
40 2 0.044323 0.4 0.8
41 3 0.080857 0.866667 0.2
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Appendix J. Consistency and Distance Score for

Product 2: Knowledge

UserID LCR Class | Consistency | Helpfulness Ranking | LCR Ranking
1 1 0 0.866667 0.266667
2 2 0 0.666667 0.266667
3 2 0 0.733333 0.2

4 2 0 0.933333 0.266667
5 2 0 0.733333 0.2

6 3 0 0.666667 0.4

7 2 0 0.6 0.333333
8 2 0 0.733333 0.2

9 2 0 0.733333 0.2

10 2 0.090507 0.6 0.6

11 3 0.083316 0.466667 0.466667
12 2 0 0.4 0.4

13 3 0 0.2 0.6

14 2 0 0.2 0.733333
15 2 0 0.733333 0.2

16 2 0 0.733333 0.2

17 3 0 0.666667 0.266667
18 2 0 0.733333 0.2

19 2 0 0.666667 0.4

20 2 0 0.466667 0.333333
21 2 0 0.8 0.266667
22 2 0 0.333333 0.866667
23 2 0 0.533333 0.4

24 2 0 0.733333 0.2

25 3 0.131042 0.933333 0.133333
26 2 0 0.733333 0.2

27 2 0 0.733333 0.2

28 2 0 0.733333 0.2

29 2 0 0.466667 0.733333
30 3 0 0.466667 0.6
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Appendix K. Consistency and Distance Score for

Product 2: Satisfaction

UserID LCR Class | Consistency | Helpfulness Ranking | LCR Ranking
1 2 0.076689 0.6 0.6

2 2 0.118565 0.533333 0.4

3 1 0.022807 0.866667 0.266667
4 2 0.037379 0.533333 0.533333
5 2 0 0.6 0.466667
6 2 0.0088 0.733333 0.466667
7 2 0 0.6 0.466667
8 3 0.040623 0.666667 0.4

9 2 0.148732 0.8 0.266667
10 2 0.0725 0.666667 0.133333
11 2 0 0.6 0.466667
12 3 0.128363 0.6 0.466667
13 3 0.071265 0.466667 0.6

14 1 0.148773 0.8 0.2

15 2 0 0.6 0.466667
16 2 0.0088 0.533333 0.533333
17 3 0.06578 0.6 0.333333
18 2 0 0.6 0.466667
19 3 0.121683 0.2 0.6

20 2 0.041012 0.333333 0.733333
21 2 0 0.6 0.466667
22 2 0 0.6 0.466667
23 3 0.033385 0.6 0.333333
24 2 0.037379 0.6 0.466667
25 2 0.054664 0.866667 0.2

26 2 0.057618 0.266667 0.8

27 2 0.022807 0.266667 0.666667
28 2 0.036424 0.8 0.266667
29 2 0.037379 0.733333 0.466667
30 2 0 0.6 0.466667
31 2 0.032321 0.733333 0.333333
32 2 0 0.6 0.466667
33 2 0 0.6 0.466667
34 2 0 0.6 0.466667
35 3 0.125703 0.466667 0.6

36 1 0.119979 0.666667 0.333333
37 2 0 0.6 0.466667
38 2 0.044323 0.4 0.8
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| 39

| 0.102422

0.8

| 0.266667
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