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Abstract

The ability and ease for users to create and publish content has provided vast
amount of online product reviews. However, the amount of data is overwhelmingly
large and unstructured, making information difficult to quantify. This creates
challenge in understanding how online reviews affect consumers’ purchase decisions.
In my dissertation, | explore the structural, stylistic and semantic content of online
reviews. Firstly, | present a measurement that quantifies sentiments with respect to a
multi-point scale and conduct a systematic study on the impact of online reviews on
product sales. Using the sentiment metrics generated, | estimate the weight that
customers place on each segment of the review and examine how these segments
affect the sales for a given product. The results empirically verified that sentiments
influence sales, of which ratings alone do not capture. Secondly, | propose a method
to detect online review manipulation using writing style analysis and assess how
consumers respond to such manipulation. Finally, | find that societal norms have
influence on posting behavior and significant differences do exist across cultures.
Users should therefore exercise care in interpreting the information from online
reviews. This dissertation advances our understanding on the consumer decision
making process and shed insight on the relevance of online review ratings and
sentiments over a sequential decision making process. Having tapped into the
abundant supply of online review data, the results in this work are based on large-

scale datasets which extend beyond the scale of traditional word-of-mouth research.
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Chapter 1.
An Introduction of Online Reviews

1.1. Background and Motivation

Social media has radically changed the way we communicate and share
information on the web. The shift from a one way communication to a conversation
style interaction has led to the generation of online reviews, pictures, videos and
audio. The content produced in social media is often referred to as “user-generated
content”. As opposed to professionally edited text (news sites and magazine articles
for instance), user-generated content contributes to a rapid growth of content present
on the Web today. Earlier, when an individual is thinking of which book to buy, there
were very few sources of information to help the consumer make his or her purchase
decision. Now, one can simply go to online review sites to gather information on
prior customers’ sentiments of the product and then make their purchase decision

based on the online reviews read.



Since there are large amount of customer reviews" available, they serve as an
informative indicator of customers’ sentiments and satisfaction. Bickart and Schindler
(2001), drawing upon intuition from the rich literature on persuasion, hypothesize that
Internet forum content may be more persuasive than other traditional sources of
information (such as marketer-generated content) since the reported experiences of
peer consumers have the ability to generate empathy among readers and may appear
more credible, trustworthy, and relevant. And it is this capacity of persuasion - one of
the defining features of online reviews that provide the strongest possible reason for
studying the value of online reviews. Nielsen in a large scale (26,000 participants)
global study in April 2007 found that 78% of participants trust recommendations
from other consumers® . Power Reviews in a November 2007 survey found that 68%
of the online shoppers read at least four product reviews before purchasing®.

Evidently, user-generated online reviews have become an important source of
information to consumers in their search, evaluation and choice of products. A
comprehensive understanding of online reviews and the sentiments* expressed in
them is of high importance, because these online reviews can be a very good indicator
of the product’s future sales performance. Thus, the motivating question that has
guided this thesis is: “What is the value of online reviews?” The word ‘value’ here

may refer to estimating the impact of online reviews on product sales (for firms) or it

L In this dissertation, references will be made to “online reviews”, “online/electronic word-of-mouth”,
“customer reviews”, “consumer reviews” and “online customer/consumer review”. These terms will be
used interchangeably throughout this thesis.

2 http://www.nielsen.com/media/2007/pr_071001.html
® http://www.powerreviews.com/social-shopping/news/press_breed 11122007.html
* Sentiments refer to the positive or negative opinions expressed in customer reviews. In marketing

literature, it is called valence. The measurement of valence in marketing, however, is either based on
numeric rating or human coded.
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may refer to the informative worth of online reviews which help users of online
reviews to gauge the true perceived quality of products.

This dissertation is based on two key observations:

1. Understanding the value of online reviews requires identifying the
structure, properties, assumptions and underlying bias in online reviews.

2. In terms of the online review content, ratings and sentiments may play
different role in the decision-making process. As the decision-making
process may consist of various stages such search, evaluation and
purchase, the main focus for this dissertation however, will be at the
purchase stage. (The understanding of how online reviews affect search
and evaluation will be interesting future work to be explored, see
Appendix).

The next subsection covers some current misconception and background
which will motivate the issues to be discussed in Section 1.1.2 and Section 1.1.3.
Then, Section 1.2 presents the objectives of the dissertation and Section 1.3 lists out
the specific research questions and contributions of the 3 main studies in this
dissertation. Section 1.4 presents the implications of the findings and finally Section

1.5 outlines the organization of the dissertation.

1.1.1. Design: Structure and characteristics of online reviews
Misconception 1: Rating provides a summary of the text sentiments.

Although numerous research use ratings as representative summaries of the text
(e.g. Godes and Silva 2009; Moe and Trusov 2009; Duan, Gu and Whinston 2008;

Dellarocas, Zhang and Awad 2008; Li and Hitt 2008; Chevalier and Mayzlin 2006;



Clemons, Gao and Hitt 2006; Hu, Pavlou and Zhang 2006; Godes and Mayzlin 2004),
ratings may not be good summaries of consumers’ real sentiments. Often, we can
assume that ratings are a numeric quantification of the text and their valences are
consistent, this may not always be valid. Figure 1.1.1a shows some instances in which
ratings are not supported by text. Although both reviews are given 3-stars rating out
of 5-stars, the sentiments expressed in the first two sentences as clearly illustrates a
positive or even high sentiment scores.

Customer Review

14 of 15 people found the following review helpful:

emmmended Reading, April 21, 2000

By A Customer
s Lo The Lose of the Last Tucooo [Baoechack)

Don't be mislead by the three-star rating. This was clearly going to be a four- or five-star
book, except that Fitzgerald died after completing only the first 17 of 30 intended

provides good fodder for Fitzgerald's recurring theme of scandal among the wealthy or
celebrated, The story is related, for the most part, by a woman, the daughter of a well-
known producer, about events that occurred five years ealier, when she was in college and
in love with a dynamic young producer named Monroe Stahr. Though she loves him from a
distance, her somewhat obsessive interast in the man 15 a useful way to relate his story.
The writing was at times vintage Fitzgerald, sometimes recognizably unfinished, but always
worth the experience. The notes, letters and outlines included in the version I read were
extremely interesting and worth their inclusion. This is a book that I don't think anyone can
read without saying, "I wish he had finished this.” This is also a book that I recommend to
anyone who appreciates and enjoys the writing of F. Scott Fitzgerald.

3 e G
b

I'm having such an easier time getting into this than Here Be Dragons.

on't be misled by the 3 star rating, this was a very good book! I notice another review
vs "I'm glad I read it, and I'm glad it's over”, which is how I feel.

The history was fascinating, I knew nothing about Maude and the civil war in 12 century
England. Both she and Stephen, who usurped her erown, were extremely well depicted and
fully fleshed out into real people. And when one thinks of a usurper, one usually things of a
power hungry egomaniac, vet Stephen was far from that - he was so likable. A sweet nice
man, a baaaad king really because he was so nice. Likewise Maude, so admirable, had her
faults as well, exacerbated by being a strong intelligent independent woman in a world
where women are supposed to be just the opposite - well, which is why her queenship was
snatched from her, a WOMAN as the consecrated monarch?

I also loved the way Mathilda, Stephen's wife, grew into herself. There were many
characters in this history, all of whom were made very real and complex.

Figure 1.1.1a: Examples of rating-sentiment inconsistency.

4



Hence, to fully understand the influence of online reviews, we first have to
understand its structure/design and find out the relative importance of each segment,
yet this is an issue which had been overlooked in current studies. Figure 1.1.1b shows
an example of an online customer review in Amazon.com. For each review, there is a
review date, reviewer’s name /nickname, number of people who found the review
helpful, the numeric rating and text review provided by a reviewer. Specifically in the
text portion of an online review, there are two sub-components 1) the review title
which is a highlighted short summary of the customers’ overall sentiments and 2) the
review content / body which contains the detailed comments of the customers’
evaluation of the product. Such a design is also found in other websites such as
IMDB.com (see Figure 1.1.1c). The bolded font of the title suggests that sentiment
expressed in this portion of the review summarizes the overall level of satisfaction
experienced by the customer. Since it is more eye-catching than other textual content,
it may also have a higher influence on sales than the sentiments expressed in the
review body. Also most of studies have either investigated either the impact of text or
ratings, but not their interplay. Therefore, in consideration of this design, we are
interested in conducting a systematic study on how each segment of an online review

and the interaction between rating and sentiments will affect sales.



7 0f 7 people found the folowing review helpful:

By Matt Humphrey¥ (San Francisco, CA USA) - See all my reviews
Sway: The Irvesistible Pull of Irvational Behavior (Hardcover

The Brafmans do an excellent job showcasing the irational behavior all around us, Whether you're a dactor, venture capitalist, teacher, or even a callege foatbal
caach, there are subtle psychological cues driving you to engage in irrational behaviors that can have a sigrificant negative impact an your life. Reading the
anecdotes, one might wonder 'how can anyane ever do that?' The book's close inspection of many different situations shows us that we all do it, and in fact,
most of us are quity of imationality every single day. 'Sway' ifts the mystery behind these subtleties of imational thinking and allows us to be mare cntical of
ourselves so we can understand really what is driving the decizions we make day in and day out,

Overall, 'Sway' is 2 qreat read, It's very well-wnitten, fast-moving, inherently entertaning, insightful, and just downright fun, Tt will l2ave you in a healthy state of
self-reflection and critical thinking of the world around vau,

Figure 1.1.1b: Screenshot of Customer Reviews in Amazon.com

26 out of 44 people found the follawing review uzeful:

Visually stunning, subtle, dreamy, & Fabruary 2010
author: Chadelle (chadelle b aliceadsl.f] fom france

Abzalutely stunning. Simply the most beautiful underwater imagery v ever seen. It's hard to remain not too affected when talking about
ecology. Here, the off screen speech is quite subtle, not too naive and nat boring, because sparingly used, which leaves long lapse of dreamy
sequences, without a word. Technically, it's easily one of the best documentary ever made. The camera wark and phatography are incredible,
the mantage is very effective, alterating slow and fast paced sequences. The score is nat tao abtrusive. There is a very striking scene, which
reminds me the nautical funerals of Laetitia in "Les Aventuriers” by Raber Enrico, if you see what I'm referring to, you will easily notice it, and |
assure this scene will stick to your mind for days.. Visually stunning, subtle, very recommended.

Figure 1.1.1c: Screenshot of Customer Reviews in IMDB.com

Misconception 2: Online reviews are written by customers

Generally, it is assumed that online reviews are posted by customers who have
bought and tried the product. However, in many online review sites, it is optional for
reviewer to disclose their real name. Since participants of online review communities
can assume any identities or choose to be anonymous, marketers are able to disguise
their promotion as consumer recommendations. For example, due to software errors,
Amazon.com’s Canadian site accidentally revealed the true identities of some of its
book reviewers. And it was found that a sizable proportion of these reviews were
actually written by the book’s own publishers, authors and their friends or relatives

(Harmon 2004). The music industry for instance is known to hire professional



marketers who surf various online chat rooms and fan sites to post positive comments
on new albums (Mayzlin 2006; White 1999). Hence the extent to which online
reviews are manipulated has been a question of interest to analysts, researchers and
consumers. While there are some recent commitment to investigate online review
manipulations through analytical works (Dellarocas 2003 & 2006; Mayzlin 2006),
there has been little empirical work in investigating and detecting online review
manipulation.
Misconception 3: Online reviews reported match average perceived assessments.
Although user-generated online reviews are a major source of information for
consumers to infer product quality, prior research (Hu et al. 2006) has found evidence
that online reviews may not be representative of the average perceived assessments
due to under-reporting bias. Under-reporting bias is a form of self-selection bias
described in the literature on satisfaction (Anderson 1998). Consumers who are very
satisfied or very dissatisfied will be more motivated to voice their opinions through
reviews and thus are more likely actually to do so. It has been found that under-
reporting bias does exist in certain U.S. online review websites (Hu et al. 2006).
Hence, the average of reported ratings (created by a small population of those
sufficiently motivated to post their reviews) do not match the average of perceived
assessments of the general population. Since consumers are becoming increasingly
dependent on online reviews to make purchase decisions, it is necessary to find
whether under-reporting bias exists across cultures, and whether online consumer
rating behavior will yield biased or unbiased estimators of a product’s quality in

various markets.



Given the background on current misconceptions, the next two subsections

explore the issues which will be studied in this dissertation.

1.1.2. Value: Underlying mechanism and economic value

A good number of researchers have focused on examining the value of online
consumer reviews on product sales concentrating on numeric ratings that accompany
the reviews (e.g. Godes and Mayzlin 2004; Dellarocas et al. 2004; Li and Hitt 2008;
Clemons, Gao and Hitt 2006; Dellarocas and Narayan 2006; Hu, Pavlou and Zhang
2006; Chevalier and Mayzlin 2006). However, little work has been done in examining
the role on the qualitative aspects of the review (text sentiments) in affecting product
sales.

Taking into consideration of Misconception 1, we are interested in conducting a
systematic study on how each segment of an online review and the interaction
between rating and sentiments will affect sales. While numeric ratings can be viewed
as codified assessments on a standardized scale, sentiments expressed in the text
provide more tacit, context-specific explanations of the reviewer’s feelings,
experiences and emotions about the product or service. They could be framed as
highly positive, neutral, or negative statements with varying degrees of emotion.
Such sentiments provide rich information to their readers and are likely to provide

them with a tacit feel, beyond the numeric ratings.

Our stance is that consumer sentiments influence products’ sales, which the numeric
ratings alone do not capture. It is vital to capture this rich semantic aspect of online

reviews to better understand the purchase behavior of online consumer. For these



reasons, we aim to understand how consumers derive quality information from online

reviews to make purchase decision.

1.1.3. Behavior: Posters’ motives and behavior

Misconception 2 and 3 has presented issues on online review poster’s fraudulent
motives and under-reporting bias behavior which have not been thoroughly dealt with
in current online review literature.

There is growing evidence that consumers are influenced by online reviews
before making their purchase decisions (e.g. Senecal and Nantel 2004; Chevalier and
Mayzlin 2006), hence it is lucrative for firms to manipulate consumer perceptions by
posting anonymous messages that praise their products. And as more firms realize the
persuasive power of online reviews, it is expected that more will engage in
manipulation practices. Therefore, it is important and timely to understand the impact
of such fraud posters’ behavior.

Secondly, as each posted online review is an assessment of an individual’s
perceived quality of a product; such reported quality could be influenced by cultural
factors. The behavior of individuals in online networks can be very different, may
vary in systematic ways across cultures, and may differ from offline behavior as well.
Then, the information in online networks needs to be interpreted carefully before

these reviews can be of use to either the community or marketers.



1.2. Objectives

Given the background and motivation presented in Section 1.1, this dissertation
contains 3 studies relating to the value of online reviews. This section specifically
addresses the objectives for each study.

Given the backdrop, many interesting questions arise on how we can analyze
online reviews and study its utility? The first study mainly examines: How do users
use the information in online reviews to make their purchase decisions? While the
second study presents an online review manipulation detection technique and
examines the impact on sales rank if reviews are manipulated. Finally, the third study
examines whether the reported average evaluation of the reviews matches the

perceive assessment of the population of both raters and non-raters.

1.2.1. Interplay: Differing forces between sentiments and ratings

As with offline search behavior, a consumer searching for product information
in cyberspace does not read every relevant online review recommendation before
making a purchase decision. Doing so would be nearly impossible given the number
of Web sites dedicated to providing consumer reviews and the time pressure
consumers often face in searching for and purchasing products. Even a single Web
site may contain far more reviews than what consumers can process. How then do
consumers select the reviews they read?

Our sense is that customer typically screens through a list of search results and
identify a subset to evaluate in greater depth. Based on the search results returned,
they become aware of a subset of books which they are interested to click on and

evaluated further. Hence, (apart from price and other attributes of the product) we

10



envisage that average ratings are used in the filtering of search results at the initial
stage while sentiments are used to further evaluate the products. Figure 1.2.1 presents
a conceptual framework on the relevance of rating and sentiments over the stages of

decision making process.

To date, the relevance of rating and sentiments over the stages of decision
making process is still unclear, particularly at the purchase stage. Very little work has
investigated the interplay of ratings and sentiments (Tsang and Prendergast 2009).
Therefore, it is crucial to comprehensively study how consumers derive quality
information from online reviews, by taking into consideration the interplay between
ratings and sentiment. To achieve this, the first objective is to 1) quantify text
sentiments; then 2) analyze how ratings, sentiments and their interplay affects

consumer’s purchase decision.

Relevance of Rating ‘

T
Search & .
Evaluation Purchase
Awareness
<

Relevance of Sentiment

Figure 1.2.1: Stages in the Decision Making Process

11



1.2.2. Manipulation: Posters’ motives and effect on sales

As consumers become increasingly reliant on online reviews to make
purchase decision, the sales of the product becomes dependant on the word of mouth
that it generates. As a result, there can be attempts by firms to manipulate online
reviews of products to increase their sales. Despite the existence of such manipulation,
the amount of such activity is unknown, and deciding which reviews to believe in is
largely based on the reader’s discretion and intuition. Thus, the second objective is
then to develop a method to detect manipulation of reviews and examine how the

manipulation of reviews affects product sales.

1.2.3. Cultural forces: Reporting behavioral patterns across cultures

Under-reporting bias is a form of self-selection bias described in the literature
on satisfaction (Anderson 1998) and prior research (Hu et al. 2006) has found
evidence that online reviews may not be representative of the general consensus
opinions as the posters of online reviews are mostly those who are either very
satisfied or very dissatisfied with the product. Since consumers are becoming
increasingly dependent on online reviews to make purchase decisions, the third
objective is to study raters’ behaviors to find out whether under-reporting bias exists
across cultures, and whether online consumer rating behavior will yield biased or

unbiased estimators of a product’s quality in various markets.

1.3. Dissertation Questions and Contributions

This dissertation specifically addresses the following research questions for each

study:
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First study

1. What is the influence of rating, sentiments and rating-sentiment interplay on
sales?

2. What is the impact of each segment of an online review on sales?

3. Is there a differential role between ratings and sentiments on sales?

Second study

4. What is the extent of manipulation amongst online reviews?

5. How can such manipulation be detected? What are some of the characteristics
that can be used to distinguish between manipulated and non-manipulated
reviews?

6. What is the impact of manipulation activity on the sales of products?

Third study

7. What factors motivate consumers to write online reviews?

8. How does culture influence raters’ behavior when writing reviews and how
cultural differences manifest in differences among ratings?

My dissertation fills in the gap of current online word-of-mouth research that will

support the efforts and advance the understanding of a growing community of scholars in

this area. The key contributions are:

First, we conduct a systematic study on the value of online reviews on product
sales. Using the sentiment metrics generated, we estimate the weight that customers
place on each segment of the review and examine how these segments affect the sales
for a given product. The results empirically verified that sentiments influence sales

rank, of which ratings alone do not capture. Taking into consideration of the online
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review design, the results showed that there is a differential effect of sentiments

expressed in the title of the review and the content of the review.

Second, prior work either examines ratings or sentiments and not their differential
role. Our experiential survey shed insight on the relevance of rating and sentiments
over different stages of the consumer decision making process. We find that
customers tend to use ratings in their search for information and in filtering of the
search results and sentiments to evaluate and make their final choice. The results in
this study suggests the relevance of ratings and sentiments may be different over the
course of search, evaluation and purchase and we hope that these findings would be

an impetus for future research on this timely and important topic.

Third, historical work in this area such as that of Chevalier and Mayzlin (2006),
Archak et al (2007), Forman et al. (2008) have used sales rank as the dependent
variable in their analyses. We went beyond our existing dataset and obtained the
actual point-of-sales data provided by Neilson Bookscan to check the veracity of our
results. Our results still hold and the conclusion remains the same i.e. the variance
explained by sentiments is much higher than that of ratings; the sentiments in the
content impact sales more compared to the sentiments in the title alone; the
interaction between ratings and sentiments is statistically significant on sales. This
has led us to robust findings that shed light on the effect of online reviews.

Fourth, a statistical method is proposed to detect online review manipulation, and
an assessment is made on how consumers respond to such manipulation. In particular,
the writing style of reviewers is examined and the effectiveness of manipulating

through ratings, sentiments and readability is investigated. Our analysis examines
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textual information available in online reviews by combining sentiment mining
techniques with readability assessments. We discover that around 10.3% of the
products are subjected to online reviews manipulation. In spite of the deliberate use of
sentiments and ratings in manipulated products, consumers are only able to detect

manipulation through ratings, but not through sentiments.

Finally, we find that societal norms have influence on posting behavior and
significant differences do exist across cultures and firms should exercise care in
interpreting the information from online reviews.

Having tapped into the abundant supply of online review data, the results in
this work are based on large-scale datasets which extends beyond the scale of
traditional word-of-mouth research. The rigor of the analyses in each study presents
robust and consistent results which are compelling and directional to managers,

marketers and users of online reviews.

1.4. Implications for Research and Practice

The empirical analyses in this dissertation have generated useful insights which
are supported by robustness check. We present the implications for research and

practice from two perspectives —managerial and readers>.

1.4.1. Managerial Perspective

As online reviews are gaining in popularity, the information within the reviews will
become one of the major drivers for consumers’ adoption of products and services. It is

therefore imperative for businesses to extract actionable business intelligence from the

® Reader refers to anyone who read online reviews e.g. potential customers, movie goers who wish to
find out what others say about the movie etc.
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vast amount of user-generated online reviews in order to gain their share of the market
pie.

For companies, online consumer reviews provide some advantages over
traditional survey. They are free to access, provide up-to-the-minute information and
reviews are at the brand-model specific level. The results in this dissertation present
directions in which firms can increase the marketability of their products. Using the
constructed methodologies and leveraging on the massive amount of reviews related
to their products, managers can integrate customer preferences and satisfaction data
into the marketing / advertising process

Our large-scale comprehensive analyses on the impact of consumer reviews could
assist firms in understanding how consumers use reviews in the decision making process.
Properly utilized, the results found can be helpful in various aspects of business
intelligence, ranging from market analysis to product planning and targeted advertising.
As online reviews significantly affect consumers’ purchase decisions, this dissertation
provide constructed methodologies which can help firms to better predict the impact of

reviews.

Online consumer review information can also be useful for identifying consumer
preferences, finding out product defects and in correcting inadvertent mistakes.
However, our study suggests that firms should be aware of, and should make
adjustments in response to, biases that exist in online consumer reviews. Since online
posting is self-reported by consumers, there may be non-random sample bias. Also,
given the amount of manipulative activity going on in the online reviews forum, it is

also possible that the reviews may be written by their competitors. Although our
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results suggest that manipulation of review have a positive effect on sales, the cases
of manipulation found in our data is large. If such an activity expands, the

consequences may be detrimental to the credibility of online reviews.

1.4.2. Readers’ Perspective

The findings in this dissertation show that consumers’ rating behaviors are
affected by cultural influences. Based on the data collected from IMDB.com and
DOUBAN.com, we found significant differences across raters from these two
different cultures. As user-generated online reviews are becoming an important
source of information for consumers to make purchase or investment decisions, there
is a need to understand that online reviewing behavior differs greatly from market to

market, and might cause a reader to misjudge the quality of the product.

Also, online consumer reviews are subjected to under-reporting bias, which is,
consumers with extreme opinions are more likely to report their opinions than
consumers with moderate reviews causing online reviews to be a biased estimator of
a product’s true quality. Hence, we compare the consumer reviews posted online with
those from an experimental study. Our results shows that under-reporting is more
prevalent among U.S. online movie reviews, thus online movie reviews are a better
perceived quality proxy in China and Singapore than in the U.S. If online behavior is
not representative of offline behavior, and if the differences between online and
offline behavior vary by nation, readers have to be aware that cultural influences and

bias exists in online reviews and therefore should adjust their judgments accordingly.
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1.5. Organization of the Thesis

The remainder of the dissertation is organized as follows. Chapter 2 is a literature
review, which examines relevant research in marketing and text mining literatures
that have studied the association between sales and reviews. Chapter 3 provides the
dataset description and methodology for sentiment extraction and mining. Chapter 4
studies the economic impact of ratings, sentiments and their differential impact on
sales. Chapter 5 examines the issue of review manipulation, the method to detect
manipulation and the influence of such manipulation. Chapter 6 shed light on the
existence of cultural differences in review posting and the existence of under-
reporting bias. Finally, Chapter 7 concludes the dissertation with a review of the main

results and an agenda for future research, with some preliminary findings.

18



Chapter 2.
Background and Related Work

UGC research covers a broad range of topics and has fueled interest and
enthusiasm from information systems scientist, computational linguist to marketing
scientists and psychologists alike. In this chapter, we discuss some of the background
and related work in the scope of our primary question: “What is the value of online
reviews?” To estimate the value of online reviews, we explore some of the techniques
used by marketing and text mining researchers.

Section 2.1 covers the related work on UGC in marketing which mostly
examines the quantitative information such as ratings and volume of reviews. Section
2.2 covers the related work on sentiment mining and its challenges in automation.
Finally, Section 2.3 presents the issues which current research have not considered

and how the studies in this dissertation attempt to tackle them.
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2.1. Word of Mouth

2.1.1. Quantitative Analysis — A Marketing Perspective

This section covers the related work which mainly examines the quantitative
information of the online review. A majority of the work are largely drawn from the

marketing literature with a couple from information systems literature.

Prior literature in marketing mainly focused on measuring the impact on product
sales from two dimensions of online reviews, (1) the volume and (2) the valence (e.g.
Liu 2006, Zhang et al. 2004). Volume measures the number of online reviews, and
has been used to see the impact of online reviews on product sales (e.g. Chevalier and
Mayzlin 2006). Therefore, the high volume of product reviews increases the
promotion of the product and thus generates high product sales (Liu 2006). Valence
on the other hand, measures the positive or negative opinions of online reviews
(either based on the ratings or human coded as in Reddy et al. 1998 and Liu 2006).
Unlike volume, the impact from the valence of online reviews is mixed. For example,
using user reviews on Yahoo! Movies, Liu (2006) and Duan et al. (2008) found that
the valence of previous movie reviews does not have significant impact on later
weekly box office revenues. Zhang and Dellarocas (2006) on the other hand found a

significant relationship between the valence of online WOM and box office revenues.

Apart from looking at the impact of online reviews, some researchers began to
consider the pattern of reviews. For example, Hu et al. (2006) examined the aggregate
pattern of online reviews and found that online reviews ratings reveal either a U or J-
shaped pattern. They showed that most online reviews are either extremely positive

(e.g. 5 stars in a 5-star review system) or extremely negative (e.g. 1 star). Few
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reviews have moderate ratings (e.g. 3 stars). Duan et al. (2008) characterize the
process of the feedback mechanism between word-of-mouth and retail sales through a
dynamic simultaneous equation system. They show that a movie’s box office revenue
and word-of-mouth positive valence significantly influence word-of-mouth volume
which in turn leads to higher box office performance. Moe and Trusov (2010) model
the arrival of posted product ratings to measure the impact of social dynamics that
may occur in the ratings environment and on both subsequent rating behavior as well
as product sales. Godes and Silva (2006) investigate the evolution of ratings over time
and order. They argue that the more ratings there are, the more dissimilar a shopper is
from the entire set of previous reviewers and this leads to more purchase errors and
thus lower ratings. Li and Hitt (2008) compared the early reviews with late reviews
and tried to identify the difference in ratings between reviews at different time
window. They argued that due to consumer heterogeneity and self-selection bias,
early reviews could be systematically different from late reviews which may deliver
biased opinions on the product. They reported evidence showing that for some books,
early review ratings could be systematically higher or lower than the late reviews.
Thus, they concluded that early review bias exists and could potentially reduce future
consumer surplus.

Several other researchers have also actively examined the various effects of WOM
(e.g. Chintagunta 2010; Moe and Trusov 2009; Godes and Silva 2009; Duan, Gu and
Whinston 2008; Dellarocas, Zhang and Awad 2008; Li and Hitt 2008; Liu 2006;
Clemons, Gao and Hitt 2006; Dellarocas and Narayan 2006; Chevalier and Mayzlin

2006; Hu et al. 2006; Godes and Mayzlin 2004; Dellarocas et al. 2004), primarily

21



analyzing the quantitative and numeric aspects of product reviews while ignoring the
unstructured text comments in the reviews. Gruhl et al. (2005) show that volume of
blog postings can be used to predict spikes in actual consumer purchase decisions at
online retailer Amazon. Other researchers started to investigate various factors that
could influence online reviews such as the impact of online reviewers’ characteristics
(Forman et al 2008; Ghose and Ipeirotis 2010) and product prices (Li and Hitt 2010).
Forman et al. (2008) considers the effect of reviewers’ online identities on the impact
of reviews. They find that reviews posted by real name reviewers will have a larger
impact on product sales than those posted by anonymous reviewers. Li and Hitt (2010)
model the price effects in the reviews and suggest that companies should consider
such effects when developing optimal pricing strategies.

However, these WOM research has focused on analyzing numeric ratings, mostly
ignoring vast amounts of qualitative text product reviews. To fill this research gap,
we intend to determine whether we can elicit additional useful information from

qualitative text reviews beyond what we can learn from quantitative ratings.

As Chevalier and Mayzlin (2006) have indicated that consumers read text reviews
rather than relying on only summary numeric ratings, one major challenge of research
in this area would be to find ways to analyze the vast amounts of unstructured

qualitative information.
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2.2. Mining Online Reviews

2.2.1. Qualitative Analysis — A Sentiment Mining Perspective

As the volume of online review expands, it poses difficulty in finding and
monitoring the relevant sources. Thus, automated sentiment analysis becomes a need.
It is however, a challenging natural language processing / text mining problem.

The primary way to represent a document is by using the bag-of-word model: A
document is represented entirely by the words that it contains and how many times
the word appears, neglecting the order in which the words appear. This representation,
although rather simplistic, delivers surprisingly good results in performing a diverse
array of tasks. It is also one of the most viable approaches in processing millions of
documents’ sentiments.

Other sentiment mining techniques employed include combinations of machine
learning, natural language processing methods and bags-of-words approach (Dave et
al. 2003, Liu et al. 2005, Pang et al. 2002, Turney 2002). Previous work on sentiment
analysis uses automatically generated sentiment lexicons, in which a list of seed
words is used to determine whether a sentence contains positive or negative
sentiments. Then, the polarity (i.e. positive or negative direction) of an opinion is

identified based on the words within the review.

A simple machine learning approach for classifying products and services as
recommended (thumbs up) or not recommended (thumbs down) was proposed by
Turney (2002). Another approach for semantic classification of product reviews was
presented in Dave et al. (2003). It involves a feature mining technique that is used to

identify product features e.g. digital products such as camera. Thereafter, sentences
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that give positive or negative sentiments for a product feature (e.g. picture quality,

size, lens etc.) are extracted to give a summary on the comments of the opinions.

Apart from simply classifying the sentiments expressed as binary variables
indicating that they are either negative or positive, greater depth in extracting richer,
contextual sentiments and relating those to product choice or sales is needed.
However, even the two-category version of the rating-inference problem for movie
reviews has proven quite challenging for many automated classification techniques
(Pang et al 2002, Turney 2002). Nevertheless, Pang et al 2005 has addressed the
rating-inference problem in determining an author’s evaluation with respect to a
multi-point scale. Based on a supervised learning experiment, they achieved about
54.6% in accuracy for a four-class labeled data. Their technique however, requires
annotated data and does not consider objective sentences.

Recently, the application of text mining techniques on online product reviews has
also begun to draw the attention of text mining and information systems management
researchers. Table 2.2.1 presents some selected relevant research that has applied

sentiment analysis and linked online word-of-mouth to sales.
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Table 2.2.1: Selected Studies in Word-of-Mouth Research

Sentiments Dependent Interaction Impact Sample size (context) If text is nsed, how
variable between ratings of many reviews
Mining & sentiments segments analyzed?
Archak et al (2007) v Sales Rank 115 (Camera & Photo); 127 1.955 Camera & Photo
(Audio & Video) Teviews;
2.580 Audio and Video
Reviews
Berger et al. (2010) v Sales Quantity 244 (Books) 1942 reviews
Chevalier & Mayzlin Sales Rank 2.387 (Books)
(2006)
Chintagunta et al Box Office Sales 148 (Movies)
(2010)
Clemons (2006) Beer Sales 1.159 (Beer companies) -
Das & Chen (2007) V Stock Prices 145,110 (Stocks) 145,110 messages
Dellarocas et al (2004) Box Office Sales 80 (Movies) -
Duan et al (2008) Box Office Sales 71 (Movies)
& Total reviews
Feldman et al. (2010) v Co-occurrence 135 (Car models); 868,174 messages (car);
5 (Drug forums) 671,102 messages (drug)
Forman et al (2008) Sales Rank 786 (Books) -
Fowdur et al. (2009) v Market Share 082 (Movies) 082 movie plots
Ghose & Ipeirotis v Sales Rank 144 (Audio & video 522 reviews (Audio);
(2008) players): 109 (Digital 3.795 reviews (Digital
Cameras); 158 (DVDs) camera); 431 reviews
(DVD)
Godes & Mayzlin Rating 44 (TV shows) -
(2004)
Li & Hitt (2008) Sales Rank 2.651 (Books) -
Liu (2006) Box Office Sales 40 (Movies) 12,136 messages
Reddy et al (1998) Box Office Sales 142 (Broadway shows) 1.254 reviews
& Longevity of
Show
Tsang & Prendergast Interestingness, 24 reviews (Controlled
(2009) Trustworthiness & experiment)
Purchase Intention
Zhang & Dellarocas Box Office Sales 128 (Mowies)
(2006)
This work A Sales Rank W A 50,380 (Books) 737,284 reviews

From Table 2.2.1, we find that one of the areas for potential investigation in the

area of online reviews lies in the ability to analyze large-scale observations and

extract relevant sentiment information from the reviews. Apart from simply

classifying the sentiments expressed as binary variables indicating that they are either

negative or positive, greater depth in extracting richer, contextual sentiments is

needed. In the next section, we review the techniques for such automation.

2.2.2. Scale and the need for automation

“The meaning coded into words can’t be measured in bytes. It’s deeply compressed.
Twelve words from Voltaire can hold a lifetime of experience.”

Mark Horowitz, “Visualizing Big Data.

6

® Wired, June 23, 2008, http://www.wired.com/science/discoveries/magazine/16-07/pb_visualizing
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Sentiment mining is still technically challenging. There are still tough issues on
human communication norms and computer processing limitations. In reality, it takes
a person to understand a person — and even then it is easy to misunderstand
sometimes.

Although, it is possible to build a statistical model using a sample of manually
annotated documents and then automatically score the remaining documents, this may
not truly represent the customer’s opinion — just the reader’s interpretation of what
the customer thinks.

Suppose, we have rich human resources to manually annotate documents to
determine if a statement is positive, negative or neutral. Even for human coders, this
IS not an easy task. Consider the following:

The cake is in the oven. — Neutral

The cake is delicious. — Positive

The cake is the worst I’ve ever tasted. — Negative

The cake is inedible. — Difficult to tell. It might just be a statement of fact.
The cake is better than my mother’s. — Sarcastic and with faint praise?

From this, we can see that scoring sentiments on a multi-point scale is even more
difficult. In addition, sarcasm, irony, slangs are some nemeses of automated
sentiment classification and this is only part of the problem. Sentiments can also be
very different from conventional norm, for example, ‘disgusting and horrible’ can be
bad when applied to food, but a good thing when applied to horror movies. Sadly,
none of the sentiment mining techniques today are able to provide scalable and

effective solutions to these problems.
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Although the use of natural language processing to reveal the sentiment of
reviews is still at the infancy, the techniques will improve in time. While not
necessarily precise, the trends of sentiments revealed are certainly indicative and
compelling for decision makers. Thus sentiment analysis should be viewed as a
directional tool instead of a silver bullet. It is the trend that matters and they present
directional managerial implications. Despite the imperfection of the techniques, it is
still important to leverage the large amount of text reviews available and study their
value and influence on consumers.

Given the vast amount of reviews available online, it is best to take advantage
of the large-scale data so as to understand the sentiments of the massive online review
population and their influence. To achieve this, we have to use a method that is viable
on automatically extracting sentiments from consumer reviews for 1) a large number
of reviews and is able to 2) quantify sentiments on a multi-point scale.

A few recent studies have applied various text mining techniques to quantify and
analyze text product reviews, focusing on functional products represented by digital
cameras (Archak et al. 2007; Ghose and Ipeirotis 2010; Hu and Liu 2004). Hu and
Liu (2004) provide approaches for analyzing and comparing customer reviews and
product reputation. Ghose and Ipeirotis (2010) perform analysis at the lexical,
grammatical, semantic, and stylistic levels to identify text features that have high
predictive power in identifying the perceived usefulness and the economic impact of a
review. Furthermore, they examine whether the past history and characteristics of a
reviewer can be a predictor for the usefulness and impact of a review. In this task, one

essential issue is on how to quantify the qualitative reviews into quantifiable
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information that can be integrated into a linear regression model (Archak et al. 2007;
Ghose, and Ipeirotis 2010). Drawing upon their techniques, our research extends this
line of effort to look into how ratings, sentiments and their interplay can influence the
sale of books in Amazon.

Besides the various researches on the ratings and/or sentiments of online
reviews, there are some aspects of online review to consider in assessing its value.
The next section explores the gaps in current work and examines the characteristics,

assumptions and bias of online reviews.

2.3. Gaps in Current Research for Online Reviews

2.3.1. Structure and Characteristics

In several online review websites such as Amazon.com, IMDB.com or Epinions’,
the online review structure / design consists of the review title, which is a highlighted
short summary of the review content / body. Since members may often read only
some titles without reading detailed review content, reviews titles may have a
differential impact on sales the than detailed review bodies. However, the format of
online reviews has not been carefully considered in current research. Thus, in
consideration of this design, we conduct sentiment mining on the review title and
review content to gauge their differential impact.

In terms of online review characteristics, it has been found that online review
ratings reveal the J-shaped distribution. This pattern stems from two self-selection

biases — purchasing bias and under-reporting bias (Hu, Pavlou, and Zhang 2006).

" The online reviews on these websites have been used by tremendous number of studies such as Hu et
al. 2006, Duan, Gu and Whinston 2008, Li and Hitt 2008, Chevalier and Mayzlin 2006, Forman et al
2008, Archak et al. 2006, Ghose and Ipeirotis 2010 and so on.
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First, consumers with higher product valuations who purchase a product have a
higher tendency to write reviews than those with lower valuations are less likely to
purchase (purchasing bias). Second, among consumers who purchased a product,
those with the extreme ratings are more likely to express their views to “brag or moan”
(under-reporting bias). This finding provides a backdrop on the modeling of our
empirical analyses which current empirical models of UGC have not considered.

With the understanding of the design and characteristics of online review, we can
take these into account for our empirical analyses and improve on the veracity of the
results and this issue is addressed in Chapter 4. Also, with the extensive global usage
of online reviews, it would be important to examine if the characteristics of reviews

are consistent across cultures and we will be examining this is Chapter 6.

2.3.2. Assumptions and Bias

With the proliferation of online review systems, many people believe that
online consumer reviews are a good proxy for overall word-of-mouth and can also
influence consumers’ decisions. The efficacy of online reviews could nonetheless be
limited. First, reviewers are not a randomly drawn sample of the user population.
Anderson (1998) finds that extremely satisfied and extremely dissatisfied customers
are more likely to initiate WOM transfers. This led to the findings by Hu et al. (2006)
who found that online review ratings revealed J-shaped distribution characteristics;
while Li and Hitt (2008) find potential bias in consumer reviews during early product
introduction periods. Secondly, interested parties can easily manipulate online forums.

Dellarocas (2006) and Mayzlin (2006) theoretically analyze scenarios in which firms

29



can anonymously post online reviews to praise their products or to increase awareness
about them.

Given the power of electronic word-of-mouth, many firms are taking
advantage of online consumer reviews as a new marketing tool (Dellarocas 2003).
Studies show that firms not only regularly post their product information and sponsor
promotional chats on online forums, such as USENET (Mayzlin 2006), they also
proactively induce their consumers to spread the word about their products online
(Godes and Mayzlin 2004). Some firms even strategically manipulate online reviews
in an effort to influence consumers’ purchase decisions (Dellarocas 2003; Harmon
2004). An underlying belief behind such strategies is that online consumer reviews
can significantly influence consumers’ purchasing decisions. Some recent studies
have looked into how marketers can strategically manipulate consumers' online
communications (Dellarocas 2003; Mayzlin 2006).

Manipulation or fraud is not a new area of research in the traditional business
fields. For example, in the area of accounting there is extant research on the profiling
of earnings manipulators through the identification of their distinguishing
characteristics as well as the development of models to detect earnings management
(Beneish 1999; Chevalier and Goolsbee 2003). The variables used in such models
represented the effects of manipulation or preconditions that prompted firms to
engage in such activities. Research in this area identified the existence of a systematic
relationship between the probability of manipulation and some key financial
statement variables. As a result, the analysis of the accounting data of the companies

could be used to identify firms which have engaged in earnings manipulation. In fact,
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by comparing the accrual levels for one company over different years and under
different types of financial situations, the investigator is able to identify the abnormal
accruals that were closely related to earnings management. Although the models used
in the earnings manipulation literature were easy to implement, the financial reports
of the same company had to be available for over several years to effectively detect
such fraudulent activity.

Another similar area of research is the detection of Internet click fraud. A click
fraudster is defined as a person or an automated computer program that imitated the
online behavior of a legitimate user using a web browser. This is done by clicking on
a web-based advertisement for the purpose of generating a charge per click without
having any real interest in the content of the advertisement. Click fraud can be
conducted using either automated robots or human agents. A common way to conduct
this is by clicking on the advertisers' hypertext links that were displayed on websites
or listed in the results of search engine queries using programmed robots. An
alternative way to do this is -by hiring low-cost workers from developing countries to
manually click on the advertisements (Majumdar 2007). Both methods can involve
clicking advertisements on own websites to gain more revenue from advertisers who
often made payments on the basis of the number of clicks that the advertisements
received, or clicking on advertisements placed in websites of competitors to waste
their marketing budget and skew search results®. Various methods are available for
the detection of online click fraud. These methods generally use a combination of

web traffic analysis, and web surfing behavior recognition. For example, Metwally,

& http://news.cnet.com/Exposing-click-fraud/2100-1024_3-5273078.html

31



Agrawal and El Abbadi (2005) used association rules for the detection of fraud in
web advertising networks, whereas Majumdar, Kulkarni, and Ravishankar (2007)
proposed protocols that could be used to identify fraudulent behavior by brokers and
other intermediaries in content-delivery networks.

However, the models used in the detection of earnings management or click fraud
could not be adopted directly for the detection of online reviews manipulation due to
some unique features of the online review environment, which present new
challenges:

1) Manipulators in the online environment could assume any identity that resembled a
real consumer, or could even remain anonymous;

2) Manipulators use both numeric ratings and text comments to influence potential
consumers’ purchase decisions; and

3) Techniques used for the detection of click fraud required knowledge of the IP
addresses and having access to the proprietary users browsing behavior data that were
generating the clicks, and such knowledge and data are usually available only to the
online vendors. However, in case of online reviews the IP addresses of the reviewers
were only available to the site administrators and could not be released to the public
due to privacy concerns.

Due to the above challenges, a method for the detecting manipulation in
online reviews is crucial. In Chapter 5, the objectives will be to develop a method for
detecting manipulation and understand the impact of such activities.

To wrap up, this chapter has examined relevant work that examines the value

of online reviews / WOM. Most of the studies however, either examine the effect of
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quantitative information of online reviews such as the volume of reviews and numeric
ratings or just the textual sentiments and both ratings and sentiments nor their
interplay. Taking into consideration of the design of online reviews, a comprehensive
and large-scale systematic study on the rating-sentiment influence is necessary. Also,
the ability to detect manipulation and examine its impact on sales is another issue that
needs to be addressed. Finally, for users of online reviews (be it firms or individuals),
it is important to assess the cultural influence on online reviews reporting and assess

the level of under-reporting bias across countries.
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Chapter 3.
Methodology and Measurements

This chapter describes the system design for sentiment mining in the studies
of this dissertation. The main contribution of this system is that it is viable on
automatically extracting sentiments for 1) a large number of reviews and is able to 2)
quantify sentiments on a multi-point scale. Leveraging large number of reviews
allows us to understand the sentiments of the massive online review population and
their influence, while the ability to quantify sentiments on a multi-point scale allows
us to empirically estimate the impact of sentiments and sets the direction for
managerial strategy.

The first section describes the system designs we have employed to perform our
sentiment mining. Section 3.2 presents additional measurements necessary for
understanding the writing style of each review which will be used in our technique for

manipulation detection. Section 3.3 introduces the dataset used in the studies.
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3.1. Technology & systems for scalable, semi-automated execution

Figure 3.1 shows a typical online review in Amazon. For each online review, we
have the numeric average ratings and text review provided by a reviewer. Specifically
for sentiments, we have two sub-components, sentiments in the title and sentiments in
the content of the review. It is likely that the consumers might pay more attention to
the sentiments in the titles of the review as 1) the titles summarize the overall
sentiments of the customer; 3) it is highlighted in bold on each customer review
leading to greater attention, and 2) processing the title information requires limited
cognitive power and time. We intend to investigate the differential impact of
sentiments in customer review title as well as the sentiments in the content on product
sales. To do so, we have to first perform sentiment mining on the online reviews. The
next subsection describes the systems for scalable and semi-automated execution of
sentiment analysis.

Customer Reviews

18 Reviews Numeric Rating
5 stan (13) gy T Customer
& stan (o) sy [18 Er reviews)
2 star (4] Share your thoughts with othar custorners:
i z::: Ef; | Create your own review |

Title

Most Helpful Customer Reviews Most Recent Customer Reviews
33 of 34 people found the following rew) elpful: ['f.&—;{—-,:»;:zzﬁ Great magazine for any
Yriirdrink (Not just for "experts"...,|June &, 2003 content woodworker

This 15, in my opinion, one of the top two

By 1. Mikkelson "Walnut Yale Woodworks" [+ (Albany, OR PS4a) -
See all my reviews

I've subscribed to this magazine for several years now, though )
somehow {sadly) I let my subscription expire. Trust me, I'm fizing !
that! :
I've gone from hobbyist to almost-full time professional woodworker '
over the past few years, making everything from small desk clocks to
custom cabinetry and furniture. I'd have to roger up with the other
reviewers who've said that, if they could only have one woodwarking 1
magazine, this would be it.

I
. . !
Strengths -- I don't care where you are in your woodwaorking |
skill/experience level; you WILL find something worth a careful read
in each issue. I've subscribed to several other woodwaorking |
magazines of which that could not be said. Yes, much of what is ]
- " o . ; ML et 5 T el

f— i U ey

s

woodworking magazines in America. reading
it with raise the level of your craft.
Published 13 days ago by Mark Hochstein
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Got my first copy (april issue) week of April
Tth, 2008, Got two mare issues (June and
Februarynext week {April 14th, Read more
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Hrirk Overpriced magazine
1 have b Wears,

but for $34.95, it just isn't worth it
anymaore, Woodwork is a better magazine
with more original content. Read more
Publizhed & rmonths age by 1, Vaos

Figure 3.1: Screenshot of Customer Reviews in Amazon.com
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3.1.1. System designs for sentiment extraction and mining

Instead of merely determining whether a review is “thumbs up” or not, we attempt
to infer the reviewer’s implied numerical evaluation from the text sentiments on a
multi-point scale. Figure 3.1.1a presents the main system design of our sentiment

extraction and mining process.

Amazon.com

Java crawling code +
Amazon web service API

!

Raw Dataset Items Reviews
. ASIN, CustormerID,
) N l AvgRating, Rating,
— SalesRank, HelpfulVotes,
Dictionary Preprocessing: Author, ReviewTitle,
Cleanup HTML, Price, etc. Contents, etc.
. deduplicate,
Str positive: partition dataset...
e.g. Excellent,
Fantastic
Str negative: Counts
e.g. Terrible, Worst
Ord positive: . Stron Stron
P ; Sentiment + g _ 9 Computes
e.g. Nice, Like Mining: Sentiment
Ord negative: 9 !
e.g. Dislike, Java Code Ord Ord Score
Uninteresting + -

Figure 3.1.1a: System Design of Sentiment Extraction and Mining Process

The sequence of tasks is as follows. We wrote a java crawling code using the
Amazon Web Service Application Programming Interface (API) to collect product
information and online reviews from Amazon Web Service.® Structure analysis is

performed for each online review such that the numeric and text information are

® The crawler is specifically designed for the crawling of Amazon review data, however it can also be
easily customized to crawl reviews from other websites such as movie reviews from IMDB and
Douban.com. Alternatively, an open source crawler named webscraper works just as well.

36



segmented for further processing. The dataset we obtained is from book category and
there are two separate tables — book items and book reviews. The first table will
contain book item information such as the unique ASIN identification number, the
average rating, sales rank, and price for each item. The second table contains the
customer review information such as customer ID, rating, helpful votes for each
review. Due to the size of the dataset, we have to partition the data into several tables
because of technical limitations and memory constraints. Subsequently, the text

contents of each review were hashed for duplicate removal.

Dictionary Construction

To compile the sentiment word list, we used a manual approach combined with a
dictionary-based approach. The system contains 2 supplementary sentiment databases

that were used to support the sentiment scoring algorithm.

- First, an electronic General Inquirer Dictionary (Stone et al 1966)*°, which
provides the base language data where each word has been pre-tagged on its

polarity, i.e. positive or negative.

- Second, a “lexicon” which is a manual-picked collection of strong positive
and negative words that were found from the reviews of Amazon.com.* This
will help to increase the accuracy of our sentiment scoring as these terms are

commonly found in Amazon reviews.

% The General Inquirer (GI) lexicon has been used by Hatzivassiloglou and Mckeown (1997), Turney
and Littman (2002) and several others in their research work. The Gl is a useful resource for content
analysis of text. It consists of words drawn from several dictionaries and grouped into various semantic
categories. It lists different senses of a term and for each sense it provides several tags indicating the
different semantic categories it belongs to.

1 The terms/phrases were obtained by Archak et al (2007) from the reviews in Amazon.com. Each term /
phrase is given a score on the scale of 0 to 100. Among the 2697 terms/phrases they obtained, we extracted
40 strong positive terms (with scores higher than 95) and 30 strong negative terms (with scores less than 30).

37



The list of words from the dictionary formed the lists of ordinary sentiment terms
while those in the lexicon form the lists of strong sentiment terms. The strong positive
sentiments are terms like ‘excellent’ and ‘awesome’ which are commonly found in
Amazon online reviews while strong negative sentiments are terms like “terrible’ and
‘awful’. The ordinary positive terms (e.g. nice, satisfactory) and ordinary negative
terms (e.g. redundant, dislike) were collected from a publicly available online
dictionary where each word has been pre-tagged as either positive or negative.

Based on these 4 lists of seed words, we perform lexicon expansion and then
calculate the number of sentiment terms in each review to obtain the sentiment score.
Lexicon expansion is performed by finding the various morphological forms of words
from the list of seed words in the dictionary and the lexicon e.g. like and likes are

different forms of the same lexeme.

Although the construction and choice of dictionaries based on the manual
approach were specialized to our dataset, the process itself is a general method that
has been used in current work (Liu 2010). As the manual approach is very time-
consuming, it is therefore usually combined with automated approaches such as the
dictionary-based approach as the final check because automated methods make

mistakes.

Sentiment Analysis

Sentiment (or polarity) analysis is then performed to identify positive and
negative language in text. In our system, we used a general approach that is scalable
for our size of data in which the polarity and strength of an opinion is estimated based

on the occurrences of sentiment words within the title and the content (Archak et al.
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2007, Das and Chen 2007). We gave a higher weight of 2 and -2 for the strong
positive and strong negative terms respectively. The ordinary positive term is given a
weight of 1 and ordinary negative term is given a weight of -1. Each word in the title
and content is checked against the sentiment database and assigned a count value (£1,
+2). The output is a computed sentiment score for each review.

Thus, for each review, we compute the number of sentiment term occurrences
within a review. The polarity and strength of an opinion is calculated based on the
occurrences of the sentiment words times their individual weights within the review.
The difference between the positive terms and negative terms are normalized by the
total number of sentiment terms to discount the influence of longer reviews. The

sentiment score of a customer review i is computed as:

(str _ pos; *wg +ord _ pos;) —(str _neg; *wg +ord _neg;)

senti _score; = (3.1a)
(str _ pos; +str _neg;)*wg +ord _ pos; +ord _neg;
where:

- str_ pos;: the number of strong positive terms in review i

- str_neg;: the number of strong negative terms in review i

- ord _pos;:  the number of ordinary positive terms in review i

- ord _neg;:  the number of ordinary negative terms in review i

- wg: the weight of strong terms

Then from Equation 3.1a, the minimum and maximum sentiment score obtained
from each review will be [-1, 1]. For product item j, there are n reviews. Within the
text of each review, it contains a title and the content. Thus, for the i" review of

product j, we first compute its sentiment score for the title and the content separately
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using Equation 3.1a. Then the sentiment of the i™ review is: (title_score; +
content_score;)/2. To facilitate comparisons between the numeric rating and the
sentiment score, we convert the sentiment score for each review to a scale of 1 to 5,
rounding to one decimal point, which is similar to that of the average numeric rating
scale in Amazon.com.™® We have tried other alternative measures such as percentage
count of the sentiment terms and the difference of average number of strong positive
and negative sentiments. We chose to use the measure in Equation 3.1a as it is
comprehensive in capturing the essence of all types of sentiments and is able to

provide a quantifiable and comparable sentiment score that can be manually judged.

Two judges were recruited and were provided the task to independently read a
sample of 200 reviews. For each review, the judges were asked to gauge if the
sentiment score is accurate and reflects the overall sentiments expressed in the
review. The reviews were randomized and both judges rated the reviews in the same
order to avoid order biases. We conducted inter-judge reliability tests to determine the
extent of agreement shown by the two judges in assessing the proper reflection of the
sentiment score in the sample of reviews. Overall, there is significant agreement
between the two judges on the sentiment score of all reviews with Cohen’s kappa of

0.8521.

12 Suppose from Equation 3.1a, we obtain a sentiment score of x = 0, the sentiment score ona 1to 5
scale is:
flad =2x 43 =3,
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Robustness Check

To ensure that our empirical results obtained from our sentiment scores are robust,
we have performed another set of empirical analyses using sentiment scores obtained
from a more complex but less scalable system.*® In this system, the weight for each

term is determined through training and tuning as depicted in Figure 3.1.1b.

Amazon.com

Java crawling code +
Amazon web service API

|

Items Reviews Book and Video
ASIN Cust ID Dataset { h
, ustormerID, 3 |
AvgRating, Rating, l | Inputs §
SalesRank, HelpfulVotes, - i _ |
Author, ReviewTitle, Preprocessing: | |
Price,etc. Contents, etc. | | / Cleanup HTML, § -
partition dataset... i J

| O

Training Tuning Testing
Robust (30% dataset) Weight of each . (30% dataset) Final term (40% dataset)
Check Term-Rewe_w Matrix sentiment term Matrix and te(m weight weights Cpmputes
Calculation > recalculation > Sentiment Score
Term Regression Sentiment weight tuning

Figure 3.1.1b: System Design of Sentiment Extraction and Mining Process

For the robustness check, instead of grouping the sentiment terms into either strong or
ordinary types, we estimate a weight for each individual sentiment term. In this system,
we draw upon the work of Archak et al. (2007) to check the robustness of the empirical
results obtained by our prior system. Likewise, the list of words from the dictionary and

those manually extracted will form a list of sentiment terms in this system. Based on this

3 The empirical results are qualitatively similar for both systems and the results are presented in
Chapter 4.
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list of seed words, we proceed to determine the weight for each of the sentiment term.
Figure 3.1.1c shows how the preprocessed dataset is partition for the term weight

calibration process.

Training Set
(30%)
Sales rank
<= 100k
Tuning Set
Dataset (30%)
Sales rank
> 100k
Testing Set
(remaining)
Figure 3.1.1c: Term Weight Calibration Process
o1 2 3456789 10 11 12
BT
Good 002011002 0 0 2
Like 1100020003 0 O
Bad 01 01000200 2 0
Terrible (0 0 02 0 0 0 OO 1 0 O

Figure 3.1.1d: Term-Review Matrix Generated
The calibration process is as follows:
Step 1: For book dataset D, extract items with sales rank <100k
Step 2: From Step 1, randomly select 30% as the training set (Dirain)-

Step 3: For Dgin, count the sentiment word occurrence in each review. This
gives us a term-review matrix (see Figure 3.1.1d). Sum the value to the item level
such that for each ASIN, we have the frequency occurrence for each sentiment

term. (Nasin, i, Where 1 is the index of the term).
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Step 4: Normalize the value of Nag, i, for each i, we obtain the Max; =
max(Nasin i) for all book items. Finally for each ASIN, the normalized of Nag,
i= Nasin, i/ Max;. From this, the final term-review matrix obtained for all the

sentiment terms are placed on a scale of 0 to 1.

Step 5: Using the normalized Nagn, i, We perform regression to get the weight of
each sentiment term. The coefficient of each sentiment term represents the

weight.

Step 6: Select another 30% as the tuning set from Step 1. For the tuning set

(Duwne), repeat the procedure in step3 to 5.

Step 7: Using the term weights, calculate the new sentiment score for the test set
(Drest)-

In this robust check, we estimate a different set of weights for the sentiment terms.
First, we extract product items that have sales rank from 1 to 100,000. This is because
sales rank within this range is updated daily and are therefore more accurate than items
with sales rank above 100,000.%* Then from these extracted items, 30% of the dataset is
used to perform the training (training set), the other 30% for tuning the parameters
(tuning set) and the remaining of the dataset for testing (test set). For the training set, we
calculate the frequency of sentiment term occurrences for each review. The next step is a
summation of these term frequencies to the product item level. The final term-review

matrix is normalized to a scale of O to 1. Then, we estimate the weight of each sentiment

“We have also tried the training and tuning procedure by randomly selecting items from the whole
dataset without the sales rank classification. The empirical results obtained are qualitatively similar and
the conclusions do not change. The results show that the sentiment has a much greater correlation on
sales rank than numeric ratings; the sentiments in the content are much more impactful than those in
the title; and ordinary sentiments are much more impactful than strong sentiments.
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term using on the following regression model by controlling the price, total reviews and

average rating for each product:

In(SalesRank) = o, In(Price) + a, In(TotalReviews) + o5 (AvgRating) + a,sentiment _term;
+...+a,, sentiment _termy +¢

The same procedure is carried out for the tuning set. Finally, the parameter
estimate of each sentiment term from the training set and the tuning set are averaged
to derive the final weight for each sentiment term. Sentiment terms with inconsistent
polarity i.e. negative or positive are dropped. For each review, the sentiment score is
calculated by the weighted sum of the number of positive terms minus the number of

negative terms:

n m
" positive _term, *wg; - »_ negative _term, *wg,
= = (3.1b)

n m
> positive _term, *wg, + > negative _term, *wg,
= =

where:
- positive_term: the number of positive terms
- negative_term: the number of negative terms

- wg: the weight of each sentiment term
The sentiment score derived from Equation 3.1b is then used in our robustness
check of the empirical results which will be further elaborated in Chapter 4, Section

4.3.1.

3.1.2. Sentiment measurements

Once we derived the sentiment score for each review, our next step is to obtain an

average sentiment score for each product item. The simple mean (Equation 3.2) is
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used because it is the easiest proxy for inferring product sentiments, thus it is used as
a potential predictor of product sales. For an item containing n reviews, the final

average sentiment score for product j is:

AvgSentiScore = (Zn: senti _ score; j/ n (3.2)
1=1

For robust checking purpose, we propose a weighted sentiment measure i.e. mean
weighted by the percentage of consumers who think the review is helpful (Equation
3.3) based on the relative relationship among helpful votes (# customers think one
review is useful) and total votes (# customers read that review). The empirical results
using weighted average method were qualitatively similar to those using the simple
average model. Also, to address the issue of J-shaped distribution of review ratings
(Hu et al. 2006), we have checked the robustness of our results using beta distribution
models. Using the mean and variance derived from the beta distribution®® shape
parameters, we obtained qualitatively similar results to those using simple average

model. Thus, in the interest of parsimony, we present the results using simple

average.

n
> factor; *senti _ score;
AvgsSentiScore(Helpfulvotes) = =L

(3.3)

n
> factor;
=

Below, we define the different aspects of sentiment score used in this study:

> We have tried modeling the pattern of the ratings and sentiments for each product item i using the
beta distribution. The beta distribution is parameterized by two shape parameters, denoted by a and P.
From the shape parameters estimated a and B, we conduct the regressions based on the mean and
variance derived from the beta distribution shape parameters where E(X) = o/ a+ 3 and Var(X) = a 8 /(
a+ B)’(ot+ B+1). Results are qualitatively similar to those using simple average.
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Average Title Sentiment Score
This is the sentiment score for each product item in which Equation 3.1 is applied on

the title of the text review.

Average Content Sentiment Score
This is the sentiment score for each product item in which Equation 3.1 is applied on

the content of the text review.

Average (Rating*Sentiment Score)

This term captures the interaction effect between the numerical ratings of a review
and how that review was written. It represents the indirect impact of sentiment on
sales through rating. A significant positive coefficient between this interaction term
and sales means that reviews written with strong sentiments and with high ratings
have a bigger impact on sales than reviews written with ordinary sentiments. To
measure this interaction effect, for every review of product j, we multiply the rating

with the sentiment score.*® Then the final interaction term for product j is:

(Z rating, * senti _ score, ) In (3.4)

i=1

Average Strong Positive/Negative Score or Average Ordinary Positive/Negative
Score
The strong positive/negative score or ordinary positive/negative score for the i

review is calculated using the following formula:

1 The qualitative nature of the empirical results do not change if this interaction equation is the
average rating of product j multiply by the average sentiment score of product j.
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senti _ part;
str _ pos; +str _neg; +ord _ pos, +ord _neg; '

where senti_part; e {str_pos;, str_neg;, ord_pos;, ord_neg;}

(3.5)

The strong positive/negative score or ordinary positive/negative score for each
product is obtained from the content of each review. The final strong
positive/negative score or ordinary positive/negative scores of a product is the
average of all the strong positive/negative score or ordinary positive/negative scores

over all the reviews received by that product item respectively.

3.2. Other measures on the stylistic content

As our second study examines online review manipulation, this section introduces
other measures which are used in the detection of manipulated reviews.

Writing style refers to how consumers construct sentences together and it varies
with the background of an individual. Intuitively, reviews written by different
consumers will be random in the case of no review manipulation. Thus, by observing
the change in the writing style across the reviews over time, we can infer whether the
online reviews for a product is manipulated or not because writing style is unique
amongst individuals. Building on this intuition, this section presents additional
measurements to determine the writing style of a review which will be used in our

model for manipulation detection in Chapter 5.
3.2.1. Stylistic measurements for manipulation detection

The readability of the reviews or the reader’s ability to comprehend a text is

measured using the Automated Readability Index (ARI) (Senter and Smith 1967).
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Past research in the field of information science made use of readability tests for
studying the qualitative characteristics of texts content (Ghose and Ipeirotis 2010;
Paasche-Orlow et al. 2003). The ARI is one of the major readability tests used to
evaluate the readability of a text by decomposing the text into its basic structural
elements. We chose this measure because unlike other indices, the determination of
ARI relied on the number of characters per word, rather than the number of syllables
per word. Since, the number of characters in a word could be more easily and
accurately determined than the number of syllables per word, this measure is
subjected to less error as compared to other readability measures. The ARI is
calculated using the following formula:
ARI = 4.71 (Total number of characters / Total number of words) + 0.5 (Total
number of words / Total number of sentences) - 21.43

(3.6)
The value of the index approximated the minimum grade level of education that was
needed to comprehend a piece of text. For instance, a score of 8.3 for the ARI for a
piece of text indicated that the text could be understood by an average 8" grade

student in the United States.

3.3. Dataset Description

The focus of this dissertation is on single-purchase products. Information
goods, such as books, movies, music, and computer games, are examples of products
purchased only once. As many of these single-purchase products are considered

experience goods (Nelson 1970), their product characteristics are difficult to observe
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until consumption. Thus, online reviews are valuable in reducing the risk of
purchasing such products and our interest is to examine the degree of such influence.
There are three main sources of our dataset — Amazon.com, IMDB.com and
Douban.com. The data gathered from Amazon will help to address the first question
on the estimating the value of online reviews while the data gathered from
IMDB.com and Douban.com will help to address the second question on the
informative worth of online reviews. Since textual analysis is only performed on the
Amazon dataset, | will introduce only the Amazon data in this chapter. The text
analysis metrics derived will then be used for our empirical analysis in Chapter 4 and
5. For ease of readability and understanding, | have moved the description of IMDB
and Douban data to Chapter 6 since no textual processing have been performed on

these two data.
3.3.1. Amazon cross-sectional dataset

Our data were gathered from Amazon using its Web Service (AWS) in August
200517, We select Amazon as it is the leading electronic retailer for books
representing 70% of the whole market transactions (Ehrens and Markus 2000). It has
also been used to study research questions regarding online reviews by various
previous studies (e.g. Chevalier and Mayzlin 2006, Hu et al. 2006, Archak et al 2007,
David and Pinch 2005, Forman et al. 2008, Ghose and Ipeirotis 2010, Li and Hitt
2008). For each item, we collected the title, price, sales, and review information.
Specifically, for each customer review, we gathered the numeric rating, review date,

helpful votes, total votes and the original text. The text is separated into two parts:

" The data are collected from 12/8/05 to 29/8/05.
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title and content. The numeric ratings for each review are on a one-star to five-star
scale where one-star corresponds to least satisfied/liked/preferred and five-star
corresponds to most satisfied/liked/preferred. Amazon does not report the actual sales
for the products; instead it provides a sales rank figure for each product which ranks
the demand for a product relative to other products in the same category. Henceforth,
product sales rank is shown in descending order where 1 represents the best selling
product. Consequently, there is a negative correlation between product sales and sales
rank. Prior research in economics and in marketing demonstrated that the distribution
of demand in terms of sales rank has a Pareto distribution (Chevalier and Goolsbee
2003). Therefore, the Pareto relationship allows us to convert sales rank into demand
levels and we can use log of product sales rank as a proxy for product sales. The
summary statistics and descriptive statistics of our dataset are shown in Table 3.3.1a

and Table 3.3.1b respectively.

Figure 3.3.1 and Figure 3.3.2 presents the exploratory data visualizations of
the rating distributions and sentiment distributions respectively. Both distributions
shows a trend of overwhelmingly positive reviews in Amazon and this is consistent
with the trend found in other Amazon dataset such as those gathered by Chevalier and
Mayzlin (2006). In particular, the rating distribution exhibits a J-shaped distribution

as described by Hu et al (2006) and will be considered in our modeling approaches.

Table 3.3.1a: Summary Statistics of Dataset from Amazon.com

Product Number of Online Product
Number of Products )
Category Reviews

Books 50,373 737,284
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Table 3.3.1b: Descriptive Statistics of Books

Variable Median Mean (SD)
Retail Price 16.47 29.39 (30.59)
Sales Rank 122,103 204,331
(243,085)
Age of Product (days) 1,685 2,414 (2,553)
Average Rating 4.5 4.35 (0.73)
Number of Reviews 4 15.74 (76.10)
Average helpful ratio 0.83 0.79 (0.20)
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Figure 3.3.1: Rating Distribution
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Figure 3.3.2: Sentiment Distribution
In this chapter, we have introduced the system design of our sentiment mining

technique that is capable of scoring sentiments on a multi-point scale for large
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datasets. In the next chapter, the metrics derived from the system are integrated into a
regression models to estimate the value of online reviews. The first study examines
how rating, sentiments and their interplay in online reviews affect sales when

consumers turn to the “wisdom of the crowds” for decision making.
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Chapter 4.
Impact of Sentiments on Sales

It is generally assumed that ratings are a numeric representation of text
sentiments and their valences are consistent, this however may not always be true.
Instead of investigating the two important elements of a review separately — rating
and sentiments, we analyze how ratings, sentiments and their interplay affects
consumers’ purchase decision.

In this chapter, we conduct a systematic analysis to examine the value of online
reviews for firms. Using a large scale cross-sectional data, with close to three quarter
million online consumer reviews spanning over 10 years for over 50,000 books sold on
Amazon.com, the results present compelling directional managerial and marketing

implications.

53



4.1. Conceptual framework

As it is unlikely that consumers will view all reviews, our interest is to
understand how consumers search, encode and abstract the reviews that are presented.
Hence, we interviewed a couple of Amazon shoppers and conduct an experiential
survey where participants were asked to rate the relative importance of ratings and
sentiments at each stage of the decision making process.

From our in-depth interviews with some Amazon shoppers, Figure 4.1a offers one
possible way that customers search and utilize the ratings and customer reviews in
making their choices. This is particularly typical to the scenario when a customer does
not have a particular book title in mind but only a topic and set of keywords of the kind of
book he or she is interested in. The online search and decision making process is as
follows: On the Amazon search space, a potential customer keys in a set of keywords and
the search result returns a list of books (see example in Figure 4.1b) related to the
keywords queried by the customer. Often, the search results returned may be in hundreds
or even thousands and it is impossible for customers to evaluate all available alternatives
in great depth. Thus, there are several stages in the decision making process before the

consumers reach their final purchase decision.

Products Screening ) N
] Most Helpful Reviews
Customer Price Click on Read —
. == Interested k=) Customer 3 Numeric rating
Search Average rating : Review title
Total review Product Reviews X
Review content
Text Comments oy Purchase
or not?
Recent Reviews
Numeric rating
Review title
Review content
s

Figure 4.1a: General Framework of Customer Search and Decision Making Process
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At the first stage, consumers typically screen a large set of relevant books and search
for information to gain awareness on the lists of relevant books available. For each book
item on the list, there will be information such as the price, average rating, total number
of reviews, excerpts of text sentiments and so on. Using this information, consumers
identify a subset to evaluate in greater depth. At the initial stage, the potential customer
tends to use ratings to decide which book to click on and evaluate further. And generally,

customers tend to click on and further evaluate book items with high average ratings.

Showing 1 - 16 of 826 Results Choose & Department (v to enable sorting

L New Zealand (Eyewitness Travel Guides) by Kate Hemphill (Paperback - Mar 15, 2010)

| Buy new: $2588 $16.50
27 new fram $13.89 12 used from $13.13
i Get it by Thursday, Oct 21 if you order in the next 16 hours and choose one-day shipping.
[

Eligible for FREE Super Saver Shipping.
(1)
Books: See all 503 items

New Zealand (Gountry Guide) by Charles Rawlings-Way, Brett Atkinson, Sarah Bennett, and Peter Dragicevich
({Paperback - Oct 1, 2010}
Buy new: $258-89 $10.43
33 new from $16.98 9 used from $16.84
Get it by Thursday, Oct 21 if you arder in the next 16 hours and choose one-day shipping.
Eligible for FREE Super Saver Shipping.
drdrdriy (35)

Books: See all 608 items

Frommer's New Zealand {(Frommer's Complete) by adrienne Rewi (Paperback - Feb 15, 2010}
Buy new: $22-83 $15.63
37 new from $12.64 10 used from $12.58
Get it by Thursday, Oct 21 if you arder in the next 16 hours and choose one-day shipping.
Eligible for FREE Super Saver Shipping.
(z%)

Excerpt - Copyright: "... she is based in Christchurch writing for numerous New Zealand and international magazines. She is the author of
five editions of the bestselling travel guide Frommer- s New Zealand and has published three other non-fiction titles ..."
Surprise me! See a random page in this book.

Books: See all 808 items

r The Rough Guide to New Zealand {(Rough Guides) by Paul Whitfield {Paperback - Oct 4, 2010}
F‘ = -i Buy new: $2759 $18.47
f = 40 new from $16.09 10 used from $16.09

i Get it by Thursday, Oct 21 if you order in the next 16 hours and choose one-day shipping.
New Zealand

Eligible for FREE Super Saver Shipping.
Yriedr (3)
Books: See all 803 items

Figure 4.1b: An example of search results returned
When a customer clicks on a book and enters a particular book’s webpage, the online
reviews related to that book will be presented. By default, consumers will see two types
of reviews — Most Helpful reviews and Most Recent reviews (see Figure 4.1c). Both

types of reviews will have a mix of positive and negative reviews and consumers tend to
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read both positive and negative reviews to get a balance view. Using these reviews,
consumers make their evaluation and final choice. The feedback we obtained from the
interviewees is the sentiments expressed in the reviews have a major influence on their
purchase decision; the average rating for the book merely acts as an initial filter at the

search stage.

Customer Reviews

35 Reviews

S star: E13§ Average Customer Review Share your thoughts with other customers:
4 stari 11

== 35 customer reviews | |

i ) (. 3] Create your own review |

2 stani (o)

1 star: 3)

100 of 102 people found the following review helpful:

¥ ¥ Don't travel to NZ without Lonely Planet as your guide!, October 6, 2004
By A.R. Snyder "Pluperfect” ™ {Syracuse, New York USA) - See all my reviews

REAL HAME

n: Lonely Planet New Zealand (Paperback)

If you're going to New Zealand - and want to enjoy the country to the fullest - DO MOT LEAYE WITHOUT THE LONELY
PLAMET GUIDE! I embarked on a 6-week long trip with 'Lonely Planet New Zealand' and fate as my only guides. I was
impressed to the max! The only other guide I needed was a road atlas [ picked up at the airport in Auckland (and since 1
was touring some of the Lord of the Rings film locations, Ian Brodie's lovely 'Lord of the Rings: Location Guidebook'). I do
recormmend renting a vehicle - as someone under 25 years old, Budget was a good bet for rental, Just remember, "Left,
left left." It's a cinch! With the US dollar exchange rate favorable, we cheaply rented a top notoh $WD SUY for the entire
tie based on the recommendation of this book. 1 love the Lonely Planet series for the sheer fact that it gives you
pointers on fantastic locations that may be slightly off the beaten path while at the same time infarming you of the best
of the best in those tourist meccas. It's a lovely balance. My only regret is that 6-weeks is far too short a time to see
everything there is to see in New Zealand! Lol LEL TR
The top 5 places you shouldn't miss on the Morth and South Islands:

Morth Island
1) Take the short ferry ride from Auckland to Rangitoto Island and hike to the summit - otherwordly!
2) Do a touristy bus tour to Cape Reinga out of Paihia - on the bus to Cape Reinga you'll get to: learn a lot about the

Maori culture, hug a Kauri tree, stop and surf down sand dunes, wonder in awe at the northern most point of the North balatol De_f'"'tgl\f Useful .

Island where untouched white beaches are wisible as the Tasman and Pacific Ocean meet and clash {an amazing scena), The ”I“fmmatm” about Auckland Airport

and to top it all off you'll cruise down 90-mile beach as waves lap the wheels of the bus (yeah, the beach is actually a wasn't a5 detailed or reliabls as other travel
registered roadway). quides I'd checked out, but the maps for the
3) Drive around the gorgeous Coramandel Peninsula - leave the Thames area just before sunrise and the landscape will faw parts of New Zealand 1 visited wers
just take your breath away! You will came ta understand the meaning of Aotearoa/New Zealand: land of the long white pretty... Read more

cloud Published @ months ago by HIAPO-MATTHEWS, Kimi

4) wander the volcantic parks of Rotorua - Wai-ti-pau was a highlight! Don't farget to sign-up far a traditional Maori il
concert and haka at the Tamaki Maori village for a coal cultural experience!

53 Cruise Cuba Street in Wellington for food and shops, and don't forget to visit Te Papa - the national museum of Foioio/o New Zealand guide

wellington. Yery thumugh book, with maps, history,
good details. It will help anyone taking a trip

South Island ta Mew Zealand.

Figure 4.1c: An example of screenshot when customer clicks on a book item

The survey was administered to 128 respondents, consisting of 61 male and 67
female. All of the respondents have read online reviews in Amazon.com. In the survey,
participants were given a scenario that they have to buy a travel guide for their trip to
New Zealand. Based on the search results returned, they had to rank the order of
information which they would search for so as to decide which book to click on and
evaluate further. The survey results show that apart from price, ratings would be the first

thing they would search for, followed by the text comments (see Figure 4.1d). Therefore,
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for majority of the participants, they would first look at the ratings to decide which book
to click on and evaluate further based on the customer reviews. Interestingly, 78.1% of
the respondents agree that ratings are important in the filtering of their search results
while sentiments are important in making their final choice. We further conducted a
second survey with 156 respondents (100 male 56 female). A series of questions were
asked as to the relative importance of numerical ratings and text reviews during the
search, evaluation and purchase. From Figure 4.1e and 4.1f, the survey results on the
importance of rating and sentiments for each stage of the decision making process

reaffirmed the responses we obtained from our interview.

Search Stage

70

60

50

40

N Total Reviews

30 B Text Comments

Mumber of Stars (Rating)

20 M Price

Number of Respondents

10 A

1 2 3 4

Sequence of search

Figure 4.1d: Sequence of search for information
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Importance of Rating at Each Stage
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Figure 4.1e: Survey results on the relevance of rating

Importance of Sentiment at Each Stage
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Figure 4.1f: Survey results on the relevance of sentiments

4.2. Online Reviews Format: Impact of Sentiments on Sales

In light of the above survey results, we proceed with a comprehensive study to
empirically validate if sentiments do in fact have a greater influence on the purchase. In

this section, we develop models to understand the impact online reviews have on
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product sales. Although it would be ideal to have actual sales data on the books in our
sample, only sales rank data is available in Amazon. Based on Schnapp and Allwine’s
(2001) finding, the relationship between log sales and log sales rank is linear. Other
researchers have also found it to be useful to use log sales rank in their models
(Chevalier and Mayzlin 2006, Forman et al. 2008, Li and Hitt 2008). Hence, we also
chose log of sales rank as a proxy for product sales in our log-linear regression models.

The dependent variable is log (Salesrank), which is the log of sales rank of

product j in time t. x; is a product fixed effect that controls for unobserved

heterogeneity across 60% the book items (the entire dataset would have been too
large for fixed effect analysis resulting in out of memory errors, therefore a subset is
extracted. Nevertheless, our results are qualitatively similar if we used the entire
dataset without fixed effects). The control variables used in our model include the
Amazon retail price (Price), the difference between the date of data collection and the
release date of the product (Age) and the log of the number of reviews posted for that
product (TotalReviews). This is consistent with prior work such as Chevalier and
Mayzlin (2006) and Forman et al (2008). In addition, the work of Forman et al. (2008)
and Ghose and Ipeirotis (2010) indicates that consumer sales are also affected by the
disclosure of the identity of the reviewer, hence, we include the average helpfulness
(AvgHelpful) where Helpfulj; is the ratio of helpful votes to total votes received for
review i for product j. To account for potential non-linearities and to smooth large
values, we take the log of sales rank and some of the control variables such as price,
volume of reviews and age so as to be consistent with the literature (Forman et al.

2008, Ghose and Ipeirotis 2010).
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Next, we estimate the effect of numerical ratings and its interaction with sentiment
score on sales. The descriptive statistics and description of measures used in our study

are presented in Table 4.2a and 4.2b.

Table 4.2a: Descriptive Statistics of Books

Variable Median Mean (SD)
Retail Price 16.47 29.39 (30.59)
Sales Rank 122,103 204,331
(243,085)

Age of Product (days) 1,685 2,414 (2,553)
Average Rating 4.5 4.35 (0.73)
Number of Reviews 4 15.74 (76.10)
Average helpful ratio 0.83 0.79 (0.20)
Average title score 4 3.97 (0.82)
Average content score 4.16 4.13 (0.51)
Average sentiment score 4.08 4.05 (0.55)
Average strong positive score 0.14 0.16 (0.12)
Average strong negative score 0 0.02 (0.03)
Average ordinary positive score 0.6 0.60 (0.15)
Average ordinary negative score 0.21 0.21 (0.12)

Table 4.2b: Description of measures used in the study

Measures Description

SalesRank Sales rank on Amazon.com for book j

Price The price on Amazon.com for book j

Age The difference between the date of data collection and the

release date of book j

TotalReviews

The number of reviews posted for book j

AvgHelpful The average helpfulness for book j
AvgSentiScore The average sentiment for book j
AvgTitleScore The average title sentiment for book j
AvgConScore The average content sentiment for book |

Avg Rating*Senti

The interaction between average rating and sentiment for
book |

AvgStrPosScore The average strong positive sentiment for book j
AvgStrNegScore The average strong negative sentiment for book j
AvgOrdPosScore The average ordinary positive sentiment for book j
AvgOrdNegScore | The average ordinary negative sentiment for book j
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To start off, we have a base model Model 1 that examines the impact of retail
price, total number of reviews, age of the product, average helpfulness of reviews and
average sentiment score on sales rank. We estimate product-level fixed effects to
control for differences across products. These fixed effects are equivalent to including
a dummy for every product in our sample, and so this allows us to control for
differences in the average quality of products (Ghose and Ipeirotis 2010).

Prior work has shown that review valence (i.e. average rating) may be
correlated with product-level unobservable that may be correlated with sales. In our
setting, although we have controlled for differences in the average quality of products
through fixed effects, it is possible that changes in the popularity of the product over
time may be correlated with changes in review valence. Thus, this parameter may
also reflect exogenous shocks that may influence product popularity (Forman et al.
2008, Ghose and Ipeirotis 2010). The variable on the volume of reviews
(TotalReviews) will also capture changes in product popularity or perceived product

quality over time; therefore, 5, (in Model 1) may reflect the combined effects of a

causal relationship between number of reviews and sales (Duan et al. 2008) and
changes in unobserved book popularity over time (Ghose and Ipeirotis 2010).

Model 1
In(SalesRank ) = g, In(Price, ) + 5, In(Age,,) + f3; In(TotalReviews ) + 3, (AvgHelpful ) + £ (AvgSentiScore, )
+ U+ Ey
Thereafter, we take an incremental approach by adding new variables into Model 1 to

study their respective incremental effect. In Model 3, we add the average rating variable

to the base model to study the incremental contribution of the rating variable. In Model 4,
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we add the interaction term between the numeric rating and sentiments to study the
synergistic impact both numerical ratings and sentiments have on product sales.

Finally, we study the impact of sentiments in detail. We decompose the
sentiments into title and content. Then, we obtained the average title score and

average content score for all the items and include them in Model 5.

In Table 4.2c, the results of Model 1 show that the price coefficient is positive and
significant indicating when prices rise the sales rank increases (sales decline), an
intuitive and a consistent finding. Chevalier and Mayzlin (2006) and others (Forman
et al. 2008, Li and Hitt, 2008) find a similar result in their models of Amazon data on
books. The coefficient associated with age is also positive and significant. This
suggests that as the book remains longer on Amazon.com, its sales rank will be larger

and sales will fall.

Table 4.2c: Model Comparisons (Dependent Variable: In(SalesRank)) with fixed effects
(standardized coefficients)

Model 1 Model 2 Model 3 Model 4 Model 5

In(Price) 01175 01025  0.1116"*  0.1120>**  0.1148***
In(Age) 0.2838*** 0.2793*** 0.2846*** 0.2844*** 0.2860***
In (TotalReviews) | -0.4854%**  -0.4709%** 04877+ 04874  0.4917%**
AvgHelpful 0.0334%**  .0,0328***  -0.0059%**  -0.0037***  -0.0043%**
AvgSentiScore -0.2245%** -0.1943***  -0.1233***
AvgRating L0.1151%**  -0.0671***  -0.0155* -0.0600%**
AvgRating*Senti -0.0159***
AvgTitleScore -0.0433***
AvgConScore -0.2157%**
Intercept 10.6623*** 10.3238*** 10.8552*** 10.6286*** 11.0862***

Adjusted R? 0.2102 0.2072 0.2111 0.2112 0.2126

N 30222 30222 30222 30222 30222

Legend: *** p<.001; ** p<.01; * p<.05; * p<.10
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The coefficient associated with the total number reviews is negative and
significant implying that the higher number of reviews for an item the lesser the sales
rank and greater the sales. This coefficient by far is the largest in all our models
indicating the substantial influence that increasing number of reviews play in
impacting sales. The dynamic flow of online reviews and their impact on product

sales over time could be an interesting area of research for the future.

One other variable that we used in our models as a covariate is the average
helpfulness of a review. Just above each review, Amazon.com provides a summary of
the number of people who have read the review and found it helpful. We have
computed the average usefulness of all reviews for an item. The coefficient is
negative and significant indicating that as the average usefulness of reviews for item
increases, sales rank declines (sales increase). One should note however, that the
magnitude and the significance levels of this variable drop when numerical rating

variable and sentiment rating scores are included in the model.

The sentiments expressed in online reviews have a significant negative impact on
product sales rank. This suggests the positive influence of sentiments on product
sales. Model 1 with the covariates and just the sentiment scores captures 21.02 % of
the variance. When the average numerical ratings variable is added to the model
(Model 3), two things happen. One, the ratings coefficient is negative and significant
(-0.0671) just like the sentiments. Second, the coefficient associated with sentiments
drops slightly from -0.2245 to -0.1943. This suggests that as one would expect that
the two variables associated with online reviews, namely the summarized piece of

evaluative information on the item as reflected in the numerical ratings and the
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sentiment score extracted from the text of the review, both are influential in impacting
product sales and they possess a degree of shared variance. The size of the
coefficients provides us an indication of the relative impact of these two variables. In
Model 3 when both the variables are included, the impact of sentiments is more than
twice that of than ratings. Evidence of the joint influence is even more obvious when
we introduce the interaction term of ratings and sentiments (Model 4). The coefficient
associated with the interaction term is significant and negative. In this model, the
ratings variable coefficient becomes less significant. The sentiment score coefficient
continues to be negative and significant but its value has dropped to -0.1233 (from -
0.1943 in Model 3). These results suggest that there is interaction effect between

ratings and sentiments but this has not been reported in the previous literature.

Many times, the title of the review presents a summary view of what is in the full
text of the review. Customers look at the titles of the reviews to get a feel for what the
review might say and then decide to take the decision to read the text of the review.
To see if there is a differential impact of the sentiments in the title and the content of
the review, we decomposed the total sentiment score into that based on just the title of
the online review (AvgTitleScore) and the one based on the entire review
(AvgConScore). Using these two variables instead of the sentiment score improves
the explained variance to 21.26%. Both variables show significant negative impact on
sales rank suggesting that customers are influenced by the sentiments in the title as
well as sentiments in the content of the online review. Although, the title sentiment
score is significant, the coefficient associated with the content sentiment score is

about 5 times that of title sentiment score indicating a substantially bigger sales
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impact. Although title may convey some information that is useful, customers seem to

be paying more attention to the sentiments expressed in the content of the review.

Table 4.2d: Model Comparisons (Dependent Variable: In(SalesRank)) 5% Random

Sample (standardized coefficients with fixed effects)

Model 1 Model 2 Model 3 Model 4 Model 5
In(Price) 0.1494%%  0.1325°*  0.1449%*  0.1451***  0.1505%**
In(Age) 0.3081*** 0.3062*** 0.3086*** 0.3086*** 0.3103***
In (TotalReviews) | -0.5058%**  -0.503L*** 05077+  -05076%**  -05109***
AvgHelpful -0.0562* -0.0776* -0.0334* -0.0330* -0.0311*
AvgSentiScore -0.2252%** -0.1987***  -0.1853*
AvgRating 0.1121%**  -0.0629**  -0.0531* -0.0555*
AvgRating*Senti -0.0030*
AvgTitleScore -0.0335™*
AvgConScore -0.2402**
Intercept 10.4192*** 10.0536*** 10.6058*** 10.5614*** 10.8689***
Adjusted R? 0.2309 0.2275 0.2316 0.2316 0.2337
N 2515 2515 2515 2515 2515

Legend: *** p<.001; ** p<.01; * p<.05; * p<.10

The models and the results described so far are based on our large dataset of over
30,000 books. One might question that the significance levels seen here are artifacts of
these large sample sizes. To address this issue and see how a smaller sample of books
that has been typically analyzed previously will hold up our results, we have randomly
sampled 5% of the total data giving us a sample of 2515 books. This compares with
Chevalier and Mayzlin (2006) sample of 2387, Forman et al. (2008) sample of 3139
and Li and Hitt (2008) sample of 2203. We estimated all the five models and the results
are presented in Table 4.2d. The results are similar to those discussed and presented in

Table 4.2¢.*® This presents us with an assurance of the robustness of our findings.

'8 We have also conducted differences-in-differences analysis to control for unobservable shocks and
the findings are consistent.
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4.3. Robustness Check

4.3.1. On adifferent sentiment mining technique

In a previous section, when we discussed how we computed sentiment scores,
sentiment terms are assigned to be strong or weak and given a higher weight for the
strong sentiments as a heuristic measure. In this section, we draw upon the work of
Archak et al. (2007) to check the robustness of our technique. For this part of the study,
instead of grouping the sentiment terms into either strong or ordinary types, we estimate a
weight for each individual sentiment term. Similarly, the list of words from the dictionary
and those manually extracted will form our original list of sentiment terms. Based on this
list of seed words, we proceed to determine the weight for each of the sentiment term.

(Please refer to Chapter 3, Section 3.1.1.)

In this robust check, we estimate a different set of weights for the sentiment terms.
First, we extract product items that have sales rank from 1 to 100,000. This is because
sales rank within this range is updated daily and are therefore more accurate than items
with sales rank above 100,000.'° Then from these extracted items, 30% of the dataset is
used to perform the training (training set), the other 30% for tuning the parameters
(tuning set) and the remaining of the dataset for testing (test set). For the training set, we
calculate the frequency of sentiment term occurrences for each review. The next step is a
summation of these term frequencies to the product item level. The final term-review

matrix is normalized to a scale of 0 to 1. Then, we estimate the weight of each sentiment

9 We have also tried the training and tuning procedure by randomly selecting items from the whole
dataset without the sales rank classification. The results obtained are qualitatively similar to those in
Table 7, 8 and 10. In sum, we the results show that the sentiment has a much greater correlation on
sales rank than numeric ratings; the sentiments in the content are much more impactful than those in
the title; and ordinary sentiments are much more impactful than strong sentiments.

66



term using on the following regression model by controlling the price, total reviews and

average rating for each product:

In(SalesRank) = o, In(Price) + a, In(TotalReviews) + o5 (AvgRating) + a,sentiment _term;
+...+a,, sentiment _termy +¢

The same procedure is carried out for the tuning set. Finally, the parameter
estimate of each sentiment term from the training set and the tuning set are averaged
to derive the final weight for each sentiment term. Sentiment terms with inconsistent
polarity i.e. negative or positive are dropped. For each review, the sentiment score is
calculated by the weighted sum of the number of positive terms minus the number of

negative terms:

n m
" positive _term, *wg, - »_ negative _term, *wg,
i=1 i=1

n m
> positive _term, *wg; + »_negative _term, *wg,
= =

where:

- positive_term: the number of positive terms

- negative_term: the number of negative terms

- wg: the weight of each sentiment term

In the estimation of individual sentiment term weights, we present some of the
results in Table 4.3.1a. These observations are consistent with those obtained by
Archak et al. (2007). Table 4.3.1b shows the results of the same 5 models discussed
in the earlier section, but using the sentiment data using the optimal weighting
scheme described earlier. As is clear from these results, even in the case when each
sentiment term has its own individual weight, the findings obtained are qualitatively
similar to the first technique when an arbitrary weight is given for the strong and
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ordinary sentiment terms. On the whole, our results show three key highlights: 1) the
variance explained by sentiments is much higher than that of ratings; 2) the
sentiments in the content impact sales more compared to the sentiments in the title
alone and 3) the interaction between ratings and sentiments is statistically significant
on sales rank. Hence, the findings in Table 4.3.1b are consistent with that of the

previous section which uses the heuristic measure.

Table 4.3.1a: Some sentiment term weight

Sentiment term Weight
excellent -0.26544
fantastic -0.48469
super -2.33820
brilliant -0.88951
interest -0.69542"
pretty -0.75699"
nice -0.05906
useless 0.91457
boring 0.40625
pleasure 0.91201
fabulous 0.68397
absurd 2.51077"
grievance 10.01445"

Legend: *** p<.001; ** p<.01; * p<.05; * p<.10

Thus, we have demonstrated that a simple heuristic weighting method works just
as well as a weight calibration process. As the amount of user-generated content will
be voluminous, the heuristic process will help code and use our large-scale data

without resorting to sampling a small portion of it for analysis.
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Table 4.3.1b: Model Comparisons (Dependent Variable: In(SalesRank))
(standardized coefficients)

Model 1 Model 2 Model 3 Model 4 Model 5
In(Price) 0.0586%*** 0.0561*** 0.0553*** 0.0554*** 0.0557***
In(Age) 0.1486*** 0.1498*** 0.1500%*** 0.1500*** 0.1502***
In (TotalReviews) | -0.3204*** -0.3201*** -0.3254*** -0.3253*** -0.3256***
AvgHelpful -0.0096" -0.0099" -0.0014" -0.0012* -0.0012*
AvgSentiScore -0.0664*** -0.0510*** -0.0322**
AvgRating -0.0553*** -0.0442%** -0.0273* -0.0449***
Avg Rating*Senti -0.2810*
AvgTitleScore -0.0136***
AvgConScore -0.0485***
Intercept 0.2649*** 0.2648*** 0.2645*** 0.2646*** 0.2642***
Adjusted R? .2354 .2354 .2354 .2356 .2360
N 20120 20120 20120 20120 20120

Legend: *** p<.001; ** p<.01; * p<.05; " p<.10

4.3.2. On adifferent dataset

Sales Rank to Sales Quantity Calibration

To verify the robustness of the results, we examine another two extensions. The
first extension verifies that the transformation of the sales rank to actual sales quantity
(based on prior works’ estimated parameters) will not change the qualitative nature of
the results. The second extension went beyond our existing cross-sectional dataset.
Using the actual point-of-sales data provided by Neilson Bookscan, we check the
veracity of our results.

Historical work in this area such as that of Chevalier and Mayzlin (2006), Archak
et al (2007), Forman et al. (2008) have used sales rank as the dependent variable in
their analyses. Such analyses is possible because prior research in marketing such as
Chevalier and Goolsbee (2003), Ghose, Ipeirotis and Sundararajan (2007) has

associated sales ranks with demand levels for products in Amazon. The association is
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based on the experimentally observed fact that the distribution of demand in terms of
sales rank has a Pareto distribution (i.e. a power law) (Chevalier and Goolsbee).
Based on this observation, it is possible to convert sales ranks into sales quantity
levels using the following Pareto relationship:
In Quantity = o + # In Rank

Where Q is the unobserved sales quantity, Rank is its observed sales rank and a>0,
b<0 are industry-specific parameters. Therefore, the log of product sales rank on
Amazon.com can serve as a proxy of the log of product demand.

Beyond our current dataset, we also obtained the Neilson BookScan actual point-
of-sales data for the Top 1000 books that correspond to the similar time period as our
cross-sectional dataset. Using the log of sales quantity provided by Neilson Bookscan
as the dependent variable, we mapped each book item’s sales with the Amazon’s
sales rank to obtain the « and S parameter. From our dataset, the estimated «
parameter is 10.2589 while g parameter is -0.1705. Again, we see qualitatively
similar results obtained from the Neilson Bookscan point-of-sales dataset in Table
4.3.2. Varying the parameter estimates has no impact on the directional results as it is
a linear transformation. On the whole, our results still hold and the conclusion
remains the same:

1. the variance explained by sentiments is much higher than that of ratings;

2. the sentiments in the content impact sales more compared to the sentiments in
the title alone;

3. the interaction between ratings and sentiments is statistically significant on

sales.
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Table 4.3.2: Neilson Bookscan Sales Data with Fixed Effects
Dependent Variable = Log Sales Quantity

Model 1 Model 2 Model 3 Model 4 Model 5

In(Price) -0.1587** -0.1697** -0.1583** -0.1393** -0.1614**
In(Age) -0.0689** -0.0562** -0.0687** -0.0669** -0.0667**
In (TotalReviews) 0.0709*** 0.0624*** 0.0706*** 0.0797*** 0.0701***
AvgHelpful 0.2744** 0.2018** 0.2726** 0.1869** 0.2681**
AvgSentiScore 0.2556™* 0.2572** 0.7265%**
AvgRating 0.0278** 0.0050* 0.2042** 0.0043**
AvgRating*Senti 0.0910**
AvgTitleScore 0.0755**
AvgConScore 0.1635**
Intercept 7.7755*** 8.6086*** 7.7930*** 6.6449*** 7.8527***

Adjusted R? 0.05 0.04 0.06 0.06 0.06

N 843 843 843 843 843

Legend: *** p<.001; ** p<.01; * p<.05; * p<.10

4.4. Implications

In this study, we consider the distinctive online review design in which sentiments
are expressed. We demonstrate that sentiments expressed in the text of online reviews
have a significant impact on product sales. We were able to tease out the partial
effects of ratings and sentiments on product sales and we found that sentiments
explained greater variance and had a substantially stronger effect even in the presence
of numerical ratings in the model. The significant interaction between sentiments and

numerical ratings show that customers use both of them in arriving at the final choice.

We also showed that there is a differential effect of sentiments expressed in the
title of the review and the content of the review. The impact of content sentiments is
twice as large as the title sentiments. It is likely that in this case, customers are using
title sentiments as a screening device but still would validate their choice by digging
into the content sentiments. One possible implication for reviewers here is that they

may need to pay attention to the way the title of the review is written. It should be
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crisp, and clearly pointing to the sentiments expressed in the full text so that it makes

it attractive for potential buyers to look deeper at their review.

Finally, based on in-depth interviews with online shoppers and our experiential
survey results, 78.1% of the participants agree that ratings are important in their
search for information and in filtering of the search results. Our empirical findings
support our survey results and have shown the stronger influence of sentiments over
ratings on the evaluation and final purchase. This study shed insight on the relevance
of rating and sentiments over different stages of the consumer decision making
process and advances the understanding of the consumer decision making process by

looking at how ratings and sentiments affect consumers’ purchase decision.

Using a large scale cross-sectional data, and subsequent robustness check using
different data sources and sentiment mining technique, the rigor of these analyses
present consistent results, which are compelling and directional to managers and

marketers.
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Chapter 5.
Manipulation of Online Reviews

As consumers become increasingly reliant on online reviews to make
purchase decision, the sales of the product becomes dependant on the word of mouth
that it generates. As a result, there can be attempts by firms to manipulate online
reviews to increase their product sales. Despite the existence of such activity, the
amount of such manipulation is unknown, and deciding which reviews to believe in is
largely based on the reader’s discretion and intuition. In this study, we propose a
simple statistical method to detect online reviews manipulation and assess how
consumers respond to such manipulation. In particular, the writing style of reviewers
is examined and the effectiveness of manipulating through ratings, sentiments and
readability is investigated. We discover that about 10.3% of the products are
subjected to online reviews manipulation. In spite of the deliberate use of

manipulative sentiments and ratings in fraud reviews, consumers are only able to
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detect manipulation activity through ratings, but not through sentiments. The findings
from this research ensues a note of caution for all consumers that make use of online
reviews of books for making purchases, and encourage them to delve deep into the
book reviews without getting trapped in the fraudulent manipulation.

In the next section, the methods of detecting manipulation will be discussed
and examples of such activity will be shown. To check if our method works in
detecting manipulation, the evidence of manipulation discovered by our technique is
presented in Section 5.2. Subsequently, based on the items discovered to be
manipulated, we analyze the impact on sales in section 5.3. Finally, Section 5.4

concludes with the implications.

5.1. Manipulation detection

Consumers are increasingly relying on opinions posted in online reviews to make
a variety of decisions ranging from what movies to watch to what stocks to invest in
(Guernsey 2000). Previously, these decisions were based on advertisements or
product information provided by vendors. However, with the proliferation of e-
commerce and increasing number of product reviews provided by users, it has been
found that consumers have switched to online reviews for their search on information
related to a variety of products. Prior research has also found that consumers find
such user-generated reviews more credible and trustworthy than the traditional
sources (Bickart and Schindler 2001). However, it is generally not known to what extent
these online reviews are truthful ‘user-generated’ reviews or merely reviews provided
by vendors interested to push the sales of products. In addition, it is not clear how

effective are the manipulation of online reviews in influencing consumers’ purchase
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decisions. Therefore, the second study of this dissertation is to develop a method to

identify manipulation activity and analyze the influence of this action.

5.1.1. Existence of manipulation activity

Manipulation of reviews occurs when online vendors, publishers, or authors
write “consumer” reviews by posing as real customers. Thus, manipulation here
means that the review posted is not a truthful account of a real customer’s experience.
Manipulation of reviews is not a hypothetical phenomenon. It is known to exist
widely in popular websites related to e-commerce, travel, and music. For example,
when Amazon.com’s Canadian website accidentally revealed the true identities of
some of its book reviewers due to software errors, it was found that a sizable
proportion of these reviews were written by the book’s own publishers, authors and
their friends or relatives (Harmon 2004). Figure 5.1.1 shows a case in which one

reviewer plagiarized the content of another product for his or her products.

....In this well-researched. entertaining. and immensely readable book. Pinch (science &
technology. Cornell Univ.) and Trocco (Lesley Univ.. UK.) chronicle the synthesizer's
early heady years, from the mid-1960s through the mid-1970s..... Throughout. their prose
1s engagingly anecdotal and accessible. and readers are never asked to wade through

...In this well-researched. entertaining. and immensely readable book. Kettlewell
chromicles the synthesizer's early. vears. from the turn of the 20th century - through the
mid-1990s..... Throughout. his prose is engagingly anecdotal and accessible. and readers
are never asked to wade through dense. technological jargon. Yet there are enough details
to enlighten those trying to understand this multidisciplinary field of music. acoustics.
physics, and electronics. Highly recommended’

Figure 5.1.1: An Example of Manipulation of Online Reviews
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Review manipulation is not prevalent just amongst book sellers. The music
industry is known to hire professional marketers who surf various online chat rooms
and fan sites to post positive comments about new albums (Mayzlin 2006; White
1999). Insiders of the travel industry claimed that reviews in their industry have been
manipulated; either by the owners or competitors.”> A former restaurateur revealed
how he leveraged TripAdvisor to increase his business. “I just wanted to give you my
input on my experience as a business owner who artificially ‘upped’ my own
rating...| began tracking feedback about my restaurant on TripAdvisor “rants and
raves” page. It very quickly occurred to me that I could [write] in glowing reviews
about my own restaurant and up my ratings numbers... After a period of time, | began
to see my rating slide a bit after some not so positive postings by supposedly “real”
customers. The complaints that were written about seemed somewhat
contrived...... Were they posted by my competition? Perhaps, but | didn’t let it
concern me too much. | simply got on TripAdvisor and bombarded them with
glowing reviews about my own restaurant! Within days, | was rated a perfect 5!
Evidently, manipulative activity also exists widely in the tourism industry. The well-
known publisher of travel guides Frommers remarked: “Why wouldn’t a hotel submit
a flurry of positive comments penned by employees or friends? If you were a hotel
owner, wouldn’t you take steps to make sure that TripAdvisor contained numerous

favorable write-ups of your property?”

2 http://www.tripso.com/today/new-tripadvisor-whistleblower-claims-some-reviews-are-totally-

fraudulent/

21 http://www.elliott.org/blog/does-tripadvisor-hotel-manipulation-scandal-render-the-site-completely-
useless/
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The various pieces of discussion in the above paragraph have shown that
online review manipulation is a common industry practice and a serious problem. The
consequence of this is consumers may make the wrong purchase decision based on
these manipulated information and firms who made the wrong decisions based on
fraud reviews posted by their competitors. Yet, there have been few empirical studies
that have investigated and reported the presence of manipulated reviews in the online
review forums. To our best knowledge, there are only two recent empirical works
focusing on proving the existence of online review manipulation without offering
ways to identify manipulation in reviews (Hu et al. 2010a and Hu et al. 2010b). The

development of a technique to identify manipulation is a research challenge.

Since participants of online review communities can assume any identities or
choose to remain anonymous, marketers are able to disguise their promotion of
products as consumer recommendations. In an online context, if potential customers
knew which reviews were posted by real customers who consumed the product, and
which reviews were written by authors, publishers, or any third parties with selfish
interests, then those potential customers could undo the damages caused by these
slanted reviews and dismiss such reviews. Unfortunately, since most intended
manipulative reviews were written by anonymous entities or by manipulators who
assumed a customer’s identity, it is difficult to differentiate an enthusiastic review
from a manipulated review. Even a manual inspection of the content of a review is
still difficult to differentiate between truthful and manipulated reviews unless some
parts of the manipulated review were identical to another review (David and Pinch

2005).
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In this study, we set off to discover the presence of manipulation in online
reviews of products and identify the effectiveness of such manipulative activity on the
sales of products.

We specifically address the following research questions:

1. What is the extent of manipulation that is present in online reviews?

2. How can such manipulation be detected from the ratings and textual content
of reviews? What are some of the textual characteristics that can be used to
identify products with manipulated reviews?

3. What is the impact of review manipulation in terms of rating and writing style
on the sales of products?

To answer the above questions, we first describe the intuition behind the method
for the detection of promotional reviews. As writing style varies with the background
of an individual, intuitively, reviews written by different consumers will be random in
the case where there is no manipulation (Holmes 1994, Hu et. al 2010).

In our context, writing style refers to how consumers construct sentences together
when they write online reviews. Reviews written by individual consumers often
express a personal view of their experience on the products. Thus their writing style
should be different from one another. And such differences reflect the heterogeneity
among their culture, education, occupation and so on. However, for manipulators, the
situation is different. If reviews are consistently monitored and posted by
manipulators, then the observed reviews will be a blend of true customer reviews and
manipulators’ reviews; hence the writing styles of observed reviews will not be

random with the existence of manipulators.
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By observing the change in the writing style over time, we can infer whether the
online reviews for a product is manipulated or not because writing style is unique
among individuals. Building on this intuition, we develop a model for the detection of

manipulation.

5.1.2. Randomness of writing style

A consumer review consists of two parts: a numerical rating of the product or
service being reviewed, as well as textual statements on the product or service. The
intuition is that when unethical users manipulate online reviews, they either post
reviews with a high numeric rating or manipulate the textual statements posted in the
review. If reviews are indeed written by different customers, the writing style should
be random. Hence, by investigating if there is randomness in the rating or writing
styles of reviews posted over time, we may be able to detect manipulation in online
reviews.

We focus on two different ways of evaluating writing styles - Sentiments and
Readability. In the attempt to write reviews that customers will believe and act upon,
manipulators are likely to use certain persuasion strategies. Persuasion is the use of
appeals to convince a listener or reader to think or act in a particular way. In ancient
Greece, the art of using language as a means to persuade was called rhetoric. The
Greek philosopher Aristotle (384-322BC) set forth an extended treatise on rhetoric
that still attracts great interest and careful study even today. His treatise on rhetoric
discussed not only the elements of style and delivery, but also emotional appeals
(pathos) and character appeals (ethos) (Garsten 2005). He identified three main forms

of rhetoric:
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- ethos: how the character and credibility of a speaker/writer could influence an
audience to consider him/her to be believable.

- pathos: the use of emotional appeals to alter the audience’s judgment. This could be
done through the use of metaphors, emotive language and sentiments that evoked
strong emotions in the audience.

- logos: the use of reasoning to construct and support an argument (e.g. use of
statistics, mathematics, and logic).

Since ethos is not applicable in our context as posters of reviews are mostly
anonymous, our focus here will be on pathos i.e. the use of emotive language. In
regard of logos, the application of text mining techniques to test the logic and
reasoning of reviews would be a challenging and interesting future work.

In the online review environment, manipulators are likely to use sentiments to
slant reviews (i.e., write or present in a biased manner) so as to influence a potential
reader’s purchase behavior. The use of such a slanting behavior is common in public
relations, lobbying, law, marketing, professional writing and advertising where the
goal of the writer is to influence the third party’s opinion or belief. For example,
Kahn and Kenney (2002) conducted content analysis of campaign coverage in major
newspapers for 67 incumbent Senate campaigns between 1988 and 1992, and found
that the papers’ editorial endorsements significantly affected the tone (i.e., positive,
neutral, negative) of the incumbent coverage and the number of criticisms published
about incumbents; and such editorial slants in turn influenced voters’ decisions in the
elections. Likewise, Gurun and Butler (2009) found that when local media reported

news about local companies, they used fewer negative words than when they reported
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about non-local companies. As the local companies spent more on advertising, the
local media had more positive slant towards them. The researchers reported that on an
average, an increase in local media slant by one standard deviation was associated
with a 3.59% increase in the market value of the firm. From these examples it might
be reasonable to think that in the context of online reviews, manipulators would tend
to use positive slant in the form of positive sentiments to persuade and influence
customers’ choices.

In addition to the sentiments of writing style, another important metric that will be
used to discover manipulation is readability. Readability is defined as the ease of
reading which will improve the comprehension as well as the retention of the textual
material. Readability of textual data indicated the amount of effort that was needed by
a person of a certain age and education level to understand a piece of text (Zakaluk
and Samuels 1988). Readability is a score generated by a readability formula, and is
derived from a mathematical model that assessed the reading ease of different pieces
of text by a number of subjects. Based on the syntactical elements and the underlying
style, the readability test would provide an indication of the understandability of a
piece of text. In this study, we use the Automated Readability Index (ARI) (Senter
1967) and using the following formula:

ARI = 4.71 (Total number of characters / Total number of words) + 0.5 (Total
number of words / Total number of sentences) - 21.43

The score obtained from readability tests represented the school grade level that

was required to comprehend the piece of text and to understand the logic of the

statement (for details please refer to Chapter 3 Methodology Section 3.3).
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5.1.3. Wald-Wolfowitz (Runs) test

If reviews were indeed written by customers, then the writing style of the reviews
would be random due to the diverse background of the customers. Therefore, a simple
and intuitive way to detect the randomness of the review is to conduct a statistical test
of randomness of writing styles and ratings of the reviews across time for each
product that was reviewed. A non-random result in such a test would indicate the
existence of manipulation. For this purpose, we adopted the Wald-Wolfowitz (runs)
test to check the randomness of ratings, sentiments, and readability of the reviews
over time.

The Wald-Wolfowitz test, also known as the Runs test for randomness, is used to
test the hypothesis that a series of numbers is random (Gujarati 2003). The runs test is
a non-parametric statistical test; therefore the interpretation of the results does not
depend on any parameterized distributions. A “run” of a sequence simply refers to a
segment consisting of adjacent equal elements. For example, the sequence:

++++----t oot

consists of 6 runs, three of which consist of + and the 3 on of —.To carry out the
test, the total number of runs (R) is computed along with the number of positive and
negative runs. To simplify the computations, the data are first centered on their
mean.? A positive run is determined as a sequence of values that are greater than
zero, and a negative run is identified as a sequence of values that are less than zero.

The number of positive runs (n) and negative runs (m) are checked to see if they are

22 \We have also conducted the runs test for a non-normal distribution using median instead of mean as
the reference point. The results have shown that the percentage of books with non-randomness within
each sales rank category is qualitatively similar to that using the mean.
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distributed equally in time. The test statistic is asymptotically normally distributed.

The large sample test statistic Z is given by:

(R-E(R)) 2nm 2nm(2nm —n —m)
Z - — = =
VR ., where E(R) ner+1 , and V(R) (e m2nem_1)

A finding of significance means that the series of reviews posted does differ
significantly from random. The Runs test result for each product item is denoted on a
binary scale of 1 and 0 where 1 represents non-random (with manipulation) and 0
represents random (without manipulation). Using the above procedure, we conducted
the Runs test on ratings, sentiments, and readability of reviews for each product.

The final sentiment manipulation index avg_senti_runs; for any review i is
computed as the average of the manipulation index of each type of sentiment term
based on its Runs test using equation (5.1.3):

. str _ pos_runs; + str_neg _runs; + ord _ pos_runs; +ord _neg _ runs;
avg_sentl_runiz( =POS_ d _Neg_ I4 _pos_ i _Nneg_ i)

(5.1.3)
where str_pos_runs; is the runs test score for strong positive sentiments in review i,
str_neg_runs; is the runs test score for strong negative sentiments in review i,
ord_pos_runs; is the runs test score for ordinary positive sentiments in review i, and

ord_neg_runs; is the runs test score for ordinary negative sentiments in review i.

5.2. Robustness Check

5.2.1. Evidence of manipulation discovered by Runs test

To verify if our Runs test method is able to detect manipulative activity, a
manual inspection is conducted. Amongst all the items that were detected to have

non-random reviews, we conduct a manual check to see if there are indeed reviews
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posted by the same person for the same book item. From the items that were found to
have non-random reviews, we have found an abundant evidence of such activities.
Figure 5.2.1a to Figure 5.2.1d presents only a small number of the evidence found.
‘ASIN’ refers to the unique identification of a book while CustomerID is the unique
identity of the customer. The figures show that there have been cases where an
individual has posted several reviews for the same book item. These gave us

confidence on the effectiveness of Runs test to detect manipulation of online reviews.

ABIN_ | AverageRating | TotalRevews | Rating | Helpfulvotes | Customerld | Totalvotes | ReDate |

0385504209 35 3052 4 36 ATMANIYPOWNLEQ 52200405-08  Take Only As Dir
(1385504209 35 3082 4 11 AIBWIEZTVEIND 3620040505 Gripping and intri
(1385504209 35 3082 5 27 AMNVEADAEEED0 56200405-04 A "Code" Warth |
01385504209 35 3082 3 37 ASTEHI0X3IWVCEF 432004-04-30  What Makes a TI
0335504209 35 3052 5 13 AZBIESEITBAIS 36200404-29 | AMENJOYING
(1385504209 35 3082 1 35 AZIAILYSRIESTA B3 200404-25  probably better if
(1385504209 35 3082 1 35 AI0ZHE? JBOPE44 46/200404-24  Buyer Beware
01385504209 35 3082 2 57 AUTRA2S6FZ02 B62004-04-23 | dont get it
0385333218 5 451 5 0 ABLB47171J0GJ 02000-07-20 AN ADVENTURE
0386333218 5 491 5 0 ASHLIKAVIDBZX 020000719 Funny, poignant,
(385333218 5 491 4 0 ATYVCAWGCOLAI 02000-07-18 A Sweet Boak

95939246 5 54 5 B e REEE Ber990ettete=y  One of the best ¢
0335333218 5 491 5 0 ATVPDKIKADDER 019991003 | Just great
0386333218 5 491 5 0 ATYPDKIKADDER 01999-10-03 | The boak was an
0385333218 5 491 5 0 ATVPDKIKXDDER 019991002 § A Wonderful Boo
Q383338 & 491 i LATYPOKIKGINER [L155a.00.20 Dreams Beyond”
0385333218 5 491 5 0 AHYTCYHEEREYM 01999-0928 AN INSPIRATIOR
0386333218 5 491 5 0 ATYPDKIKADDER 01999-09-25  THANKS FOR T
0385333218 5 491 5 0 ATVPDKIKXIDER 01999-0823 A wonderful ook
0385333218 5 491 5 0 AINBITRDSE7 TVO 01999-08-23  Fantastic
0385333218 5 451 5 0 AJRKIEWEY1G21U 01999-09-09 | havent read a he
0386333218 5 491 5 0 ATYPDKIKADDER 01999-09-03  THIS BOOKIS |2
0385333218 5 491 5 0 AZVAAQNT UN2LDW 01999-08.03  Wowl
0385333218 5 491 5 0 ATVPDKIKAIDER 01999-08-02 Al childhood rocl
0385333218 5 451 5 0 AISEWPTUZR1IZE 01999-0829  Inspirational ston
0386333218 5 491 5 0 AJTHGITMAPJBEC 01999-0826 A Superior Book
0385333218 5 491 5 0 ATVPDKIKXDDER 01999-0828  Americana at its
0385333218 5 491 5 0 A279YDOWGEYBOG 01999-0828  Ifyouread only o

Figure 5.2.1a: Evidence of Manipulated Reviews
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A5IN |AverageHating| TotaIHeviews|Hating| HeIpfuNotes| Custornerld | Totaliotes | RevDate | Summary

(0RO000NT4 50 5 5 2 A3UNBWHERRD24G 5 20041010 Fantastically Fantastic
(060000074 50 5 5 2 A3UNBWXERRD 4G 5 20041010 The Best Book Everl
(0R0000074 50 i i 3 A3UNBWHERR0Z4G b 20050308 Fire saved our clan!
(060000074 50 5 ] 2 AJNBWHERR 024G 3 20050118 The Darkest How
(0R0000074 50 i ] 2 A3UNBWXERRD 4G 4 20041028 Awesome.........
(060000074 50 5 ] 5 AJUNEWHERRD 4G £ 20050206 The Darkest Howr
(060000074 50 5 ] 2 A3UNEWHERRD 4G 3 200411-25 A Amazing Story
(0RO000NT4 50 5 4 £ A3UNBWHERR024G 11 20050215 Loved the series
(060000074 50 5 5 3 A3UNBWXERRD 4G 4 20041212 Wwartior B: The Darkest Hour
(0R0000074 50 i i 1 A3UNEWHERR0Z4G 8 20041008 Humber§
(060000074 50 5 5 3 AUNBWHERRD 4G 4 200410:20 [an Fire save save the clan?
(0R0000074 50 i i 4 A3UNBWHERR0Z4G b 20041010 Terifictll
(060000074 50 5 ] 3 AJUNBWHERRD 4G 4 2005:04-24 & wonderhul series, a wonderul boak!
(060000074 50 5 ] £ A3UNEWXERR0 4G £ 20050324 A Stunring Read
(0RO000NT4 50 5 5 b A3UNBWHERR024G £ 20041114 (ne of the best books EVERINIINI
(060000074 50 5 5 4 AUNBWXERRD 4G 4 2005-07-03 A Prophecy Completed
(060000074 50 i i 1 AJUNBWXERROZAG 2 20041107 Erin Hunter: Books sensationall
(060000074 50 5 5 2 A3UNBWXERRD 4G 8 20050222 Gireat Bodk
(0R0000074 50 i i 3 A3UNBWHERR0Z4G 4 2005:01-22 I

]

0060000074 50 ]

5 A3UNBWHERRO2G 7 20050213 The Best Book Yetl!

Figure 5.2.1b: Manipulated Reviews posted by the same customer for one book item

B5IN |Avemgeﬂating| TutalHeviews|Hating| HelpfuNoles| Customerd | Tatah/otes | RevDate | Summary

(0R0723435 45 i) § 0 AJINEWXERROZAG 2 050616 Never doubt a man urtl you walk twg
moons in his moccasing!

00R0733495 4h E01 ] 3 BIUNBWRORR024G £ 20050413 rs. Browing dth Grade Class

(0R0723435 45 i) § 1 AJINEWXERROZAG 2 050316 10 cllever- eveything fis together ke a
puzele

00R0733495 4h E01 ] ¢ BIUNBWRORR024G 5 20001119 Wwialk Two Moons meant a lot bo me!

(0R0723435 45 i) 3 1 AJINEWXERROZAG 2 20001128 Aureview af walk twa moons by a fth
grade reader

00R0733495 4h E01 4 ¢ BIUNBWRORR024G 2 20001129 Wialk Two Moong

00R0733455 4h E01 ] 5 &IUNBWERA024G 5 20004207 The Best Book

00R07 33495 4h £ ] 0 &IUNBWHERAO24G 120001213 [ o this boak

O0E07334%5 45 B0 4 0 &3UNBWHERROZAG 12000207 Gieat Boaklll

O0R0733455 45 E01 1 0 AIUNBWHERROZAG 3.200-03-20 Wak Twa Maans: ry apinian

O0R0733455 45 E01 ] 1 AIUNBWHERROZAG §200-0412 Beths Baok Reveiw

(060733455 45 B0 ] 0 AJUNEWXERR0ZAG 4 20010427 Travel the cauntry, lean the truth

00R0733455 4h E01 4 1 EIUNBWERR024G 2 2000512 Heres & Giood Book!

00R07 33495 4h £ ] 3 EIUNBWHERRD24G 3 200-05-21 Wialk Two Moong

00R0733455 45 £ ] 0 AIUNBWHERROZAG 120010829 " DONT JUDGE & MAN UINTIL YOUVE

T/0 MOONS IN HIS MOCASSING"

Figure 5.2.1c: Evidence of Manipulated Reviews
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ASIN | AverageRating| TotalReviews | Rating | Helpfubates | Custornerld | Totahiotes | RevD ate | Summary

064407314 45 466 4 0 A3ULSKITZTIBEE 1 20040308 Monster

0064407314 45 466 5 1 AJUNEWRERROZAG 1 20030403 Manster

0064407314 45 466 5 0 A3UNEWRERROZAG 1 20031002 Great Book

D0B4407314 45 466 3 1 A3UNEWRERROZAG 120031112 MONSTER

0064407314 45 466 4 1 A3UNEWRERROZAG 2 2004-05-27 My Book Review of Monster

D0B4407314 45 466 5 1 A3UNEWRERROZAG 1 20041110 Monster

D0E4407314 45 466 4 1 A3UNEWRERROZAG 1 200501-26 Sad but Inspiering

D0B4407314 45 466 5 1 A3UNEWXERROZAG 1 20050217 The Best Book |ve Ever Read

D0B4407314 45 466 4 1 A3UNEWRERROZAG 1 20050325 Monster Review

0064407314 45 466 4 1 AJUNEWRERROZAG 1 20050325 Mansters in jail

O0R4407314 45 466 5 1 A3UMEWHERRO24G 1 200503-25 A heart waming tale of a boy in priso

064407314 45 466 4 1 A3UNEWRERROZAG 1 20050325 Its Straight

0064407314 45 466 4 1 AJUNEWRERROZAG 1 20050325 A typical manster

0064407314 45 466 4 1 A3UNEWRERROZAG 1 20050325 Complete and Total Admiration

D0B4407314 45 466 4 1 A3UNEWRERROZAG 1 20050325 Maonster Review

0064407314 45 466 4 1 A3UNEWRERROZAG 1 20050325 Maonster- by Z. Jaguandra Motisha

D0B4407314 45 466 5 1 A3UNEWRERROZAG 1 20050325 Jake Berenzon

D0E4407314 45 466 4 1 A3UNEWRERROZAG 1 20050325 Bud country review

D0B4407314 45 466 5 1 A3UNEWXERROZAG 1 20050325 Monster Review

0064407314 45 466 5 2 AIUNEWRERROZAG 2 20020221 m.'r' review for Monster, by: ‘walter De
yers

D0B4407314 45 466 4 1 A3UNEWXERROZAG 1 2002:03-20 MONSTER

D0B4407314 45 466 5 0 A3UNEWRERROZAG 1 2002-06-04 Steve Harmon=Monster

D0B4407314 45 466 5 1 A3UNEWRERROZAG 1 200211-25 Buy This Book NOW!

D0E4407314 45 466 5 0 A3UNEWXERROZAG 1 20010311 Monster, TLK

D0B4407314 45 466 5 1 A3UNEWRERROZAG 2 20021213 “onster™

0064407314 45 466 5 5 AJUNEWRERROZAG 6 2001-04-24 Thiz Book Rocks.......... Great Insitell!

0064407314 45 466 5 1 A3UNEWRERROZAG 1 20010603 Monster

064407314 45 466 4 1 A3UNEWRERROZAG 1 2001-06-04 Manster By walter Dean Myers

0064407314 45 466 4 0 A3UNEWRERROZAG 1 2001-10-30 Manster by David N,

0064407314 45 466 4 1 A3UNEWRERROZAG 2 20011130 Monster

D0E4407314 45 466 5 0 A3UNEWRERROZAG 1 20030116 An exciling book

D0B4407314 45 466 5 1 A3UNEWXERROZAG 120021213 MY REVIEW ON MOMSTER

Figure 5.2.1d: Evidence of Manipulated Reviews

5.3. Impact of Manipulation on Sales

The data used in this research were gathered from Amazon.com. The reason for
picking Amazon.com for the dataset was because past research had investigated
manipulation of online reviews for this site (David and Pinch 2005) which is also
supported by the evidence shown in our dataset in Section 5.2.1. To have a
meaningful Runs test, we retained books that had 30 or more reviews. The final
dataset consisted of information related to 4,490 books, with 610,713 online reviews.
Table 5.3a presents the descriptive statistics of our sample.

The numeric ratings for each review were on a 1-star to a 5-star scale where a 1-

star corresponded to least satisfied and a 5-star corresponded to most satisfied with
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the product. Product sales rank was shown in descending order where a rank of 1
represented the best selling product. Consequently, there was a negative correlation
between product sales and sales rank. We used Sales Rank as a proxy for product
sales (with the opposite sign).

Table 5.3a Descriptive statistics of sample

Variable Median Mean (SD)
In(Price) 241 2.54 (0.58)
In(SalesRank) 10.11 9.92 (2.00)
AvgRating 4.5 4.18 (0.55)
In(TotalReviews) 4.01 4.21(0.75)
Helpful votes 2 6.08 (18.75)

We examine the ratings and the writing style of online reviews using the Runs test.
Table 5.3b summarizes the items with non-randomness in their reviews. Out of 4,490
books, the sentiment expressed in reviews of 463 books was found to be non-random.
The non-randomness could be due to the manipulation of reviews posted by interested
parties. It seems that manipulation is less prevalent for the most popular (i.e., sales
rank between 1 and 100) and most unpopular books (i.e., sales rank more than
100,000). This indicates that manipulation activity is not affected by the popularity of
the book.

Table 5.3b Results of Runs test on randomness of book reviews

Number of Percentage of books with non-
books randomness in reviews

1 < Sales rank < 100 53 9.4%
101 < Sales rank < 1,000 292 12.3%
1,001 < Sales rank < 3,076 10.3%

100,000

Sales Rank > 100,001 1,069 9.9%

Total 4,490 10.31%
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Next, we used a linear regression model to determine if consumers were aware of
the manipulations present in the reviews, and if they were able to distinguish between
manipulated reviews from non-manipulated reviews. In fact, if consumers were able
to differentiate a book review with manipulation from one without manipulation, then
with all other information remaining same, a book whose review was being
manipulated would either be punished (i.e., resulting in a decrease in sales or an
increase in sales rank) or would not be rewarded (i.e., resulting in no change in sales
or sales rank). However, if consumers were beguiled by manipulation, then with all
the other information remaining same, a book whose review was being manipulated
would be rewarded with an increase in sales or a decrease in sales rank.

In the regression model, we examined the impact of manipulation in ratings,
sentiments, and readability on the sales rank of the book. Average rating was included
as a control variable because previous studies had shown that products with a high
average rating enjoyed a high demand. Price and the total number of reviews were
included to control for the demand of the book. Given the linear relationship between
In(Sales) and In(SalesRank), we used In(SalesRank) as a proxy for sales of books in
our log-linear regression models. To control the potential heterogeneity in the
existence of manipulation across books with different popularities (as indicated in
Table 5.3b), Sales Rank dummies were included in the model as well. Before
checking the impact of manipulation on online reviews, we first examined the basic
model (Model 1) without the manipulation indices (Equation 5.3.1). Model 2 will be
the model that studies the impact of manipulation on sales (as shown in equation

5.3.2.)
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In(SalesRank) = y1In(Price) + y2In(TotalReviews) + ys(AvgRating) +
v4(sr2_dummy) + ys(sr3_dummy) + yg(sr4_dummy) + ¢
(5.3.1)
In(SalesRank) = piIn(Price) + poIn(TotalReviews) + ps(AvgRating) +
Pa(rating_runs) + fs(avg_senti_runs) + fg(readability _runs) + f(sr2_dummy) +

Ps(sr3_dummy) + So(sr4_dummy) + ¢

(5.3.2)
where Price denotes the price of each book, AvgRating denotes the average consumer
rating for each book, TotalReviews denotes the total number of reviews for each book,
rating_runs denotes the runs test result of the rating for each book and is equal to 1 if
the test result is non-random, avg_senti_runs denotes the runs test result of the
average sentiment for each book and is equal to 1 if the test result is non-random,
readability_runs denotes the runs test result of the readability for each book and is
equal to 1 if the test result is non-random, sr2_dummy denotes the dummy variable
that is equal to 1 for books with sales rank greater than 101 and less than 1000,
sr3_dummy denotes the dummy variable that is equal to 1 for books with sales rank
greater than 1001 and less than 10,000, sr4_dummy denotes the dummy variable that
is equal to 1 for books with sales rank greater than 10,000. Recall that the product
sales rank is shown in a descending order where 1 represented the best selling product.
Therefore, the negative correlation between any variable and sales rank indicated that

a high value of that variable was associated with higher sales.
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Table 5.3c Impact of manipulation on sales

Variable Model 1 Model 2
Estimates Estimates
In(Price) -0.0254 -0.0254
In(AvgRating) -0.1403*** -0.1348***
In(TotalReviews) -0.2873*** -0.2905***
Rating_runs 0.0356
avg_senti_runs -0.2002"
readability runs -0.0439
sr2_dummy 1.2923*** 1.2800**
sr3_dummy 4,3210%** 4.3057***
sr4_dummy 6.9803*** 6.9629***
Intercept 7.0961*** 7.1175%**
Adjusted R-square 0.6619 0.6619
N 4490 4490

Legend: *** p<.001; ** p<.01; * p<.05; * p<.10

Table 5.3c presents the results obtained using the basic model. We observe that all
variables associated with reviews are significantly associated with sales. For example,
the coefficient of AvgRating is -0.1403 which indicated that the higher the average
rating an item had, the better was its sales (due to the negative correlation between
sales rank and sales). Furthermore, the adjusted R-square of the regression model is
equal to 0.6619, and it indicates that online reviews can reasonably explain most of
the variability in the sales of the books.

Next we studied the impact of review manipulation on sales. The coefficients for
rating_runs, avg_senti_runs, and readability runs captured the incremental impact of
manipulation through ratings, sentiments, and readability on sales respectively. We
see that the effect of the manipulation of ratings (para=0.0356) and readability
(para=-0.0439) on sales rank is not significant. However, on average, the

manipulation of sentiments of reviews had a relatively significant impact on sales
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rank (para=-0.2001, and p-value<=0.1). This implied that the promotional chat using

sentiments in online reviews was effective in generating higher sales for books.

Table 5.3d Impact of manipulation on lagged sales

Variable Model 1 Model 2
Estimates Estimates
In(Price) -0.02600 -0.0259
In(AvgRating) -0.1400*** -0.1325***
In(TotalReviews) -0.2860*** -0.2930***
rating_runs 0.01743
avg_senti_runs -0.2776*
readability runs -0.0409
sr2_dummy 1.3588** 1.3433**
sr3_dummy 4.4000%** 4.3793***
sr4_dummy 7.03592*** 7.0347%**
Intercept 7.0123%** 7.0567***
Adjusted R-Square | 0.6655 0.6658
N 4490 4490

Legend: *** p<.001; ** p<.01; * p<.05; * p<.10

Our interpretation for the non-significant results - rating_runs and
readability _runs is that it may be relatively easier for consumers to detect reviews
manipulation through ratings or readability, and hence consumers could undo the
impact of manipulation of reviews through ratings and readability. The fact that these
variables did not generate any significant negative impact on sales might indicate that
the consumers were unsure of whether to trust these reviews. As we have explained
before, it is indeed hard to differentiate a manipulated review from a review written
by zealous customer.

Till now, what we have documented is the correlation between the variables that

indicate manipulation of reviews and the sales of books. Next, a time lag is

introduced between the dependent variable (measured at time t+1) and the variables
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representing manipulation (measured at time t) to determine if manipulation at current
time influenced the sales of the books in future time. As a result, the baseline model is
transformed to Equation 5.3.3:
In(SalesRank)i+1 = piIn(Price)w1+ foIn(TotalReviews)ws + f3(AvgRating)e +
Pa(rating_runs)q+ps(avg_senti_runs)+ps(readability _runs)q+p7(sr2_dummy)e.1+Bs(sr3
_dummy)e1 + Bo(srd_dummy) i+ €

(5.3.3)

In Equation 5.3.3, we used the notion of relative time rather than absolute time.
The assumption is that the manipulation of the early stage reviews would influence
the consumers’ purchase decisions in the future and result in high sales for the book.
For each book, we divided the reviews that it received into two groups, the early stage
reviews, and the later stage reviews. The early (later) stage reviews included the first
(second) 50% of the reviews that the book received. Then for the early stage reviews
of each book (the first 50% of the reviews), we derived the manipulation indices for
the variables based on the Runs test. Thereafter, we linked those manipulation indices
estimated based on early stage reviews to the sales at the late stage.

In Table 5.3d, the variables rating_runs, avg_senti_runs and readability runs are
based on the early 50% of the reviews for each book. The results shown in Table 5.3d
are qualitatively similar to those in Table 5.3c, where the manipulation indices of the
variables were built using 100% of the reviews. The effect of manipulation through
ratings and readability are still found to be ineffective in the time lagged model. On
the other hand, the manipulation using sentiments is found to have a higher and more

significant positive impact on sales (para=-0.27764 and p-value<=0.05), which
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indicated that vendors are able to influence the final outcomes (in terms of the sales

of books) by manipulating the online reviews.

5.4. Implications

Online reviews can be a powerful promotional tool for marketing communication.
Marketers and vendors have used this medium because it provides a cheap and
impactful channel to reach their customers. In this form of promotional chat or viral
marketing, marketers take advantage of networks of influence among customers to
inexpensively influence purchase behavior of potential buyers. Reports have shown
that promotional chat has infiltrated the online review forums® . However, it is not
clear whether such knowledge sharing sites where customers review products and
provide advice to each other are fertile grounds for running promotional campaigns of
manipulators. This study examines the extent and the impact of such manipulative
actions in the online reviews environment.

In this study, we present a simple but effective way to detect the manipulation
of reviews. Our research shows that manipulators use both numeric ratings and
textual comment to manipulate online reviews. However, the manipulation of ratings
alone is not effective in influencing the sales of books as consumers are able to
discover such promotional acts. Instead, manipulation through sentiments is able to
significantly influence a consumer’s purchase decision. An important benefit of this
approach is that one can measure the existence of manipulation in the reviews, and

assess the effectiveness of review manipulations in generating sales, without having

2 http://www.engadget.com/2009/01/17/belkin-rep-hiring-folks-to-write-fake-reviews-on-amazon/
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access to the backend data about customers’ identity that is stored by the host of e-

commerce websites.

The use of the Runs test to detect the presence of reviews manipulation through
assessment of the randomness of ratings, readability, and sentiments; and then using
regression models to assess the effectiveness of online reviews manipulation in
generating sales is an important step in discovering the impact of manipulation of
reviews. As the method assumes that if the reviews were written by real customers,
the writing styles should be random because of diverse background of customers.
However, this assumption maybe valid for certain product categories like electronics
but not necessarily true for books. Also, it may not be necessarily true for specialty
books if customers are of similar background. However, we believe that using the
Runs test to detect the manipulated products through assessment of the randomness of
ratings, readability, and sentiments, is an important step in discovering the impact of
manipulation of reviews. This paper provides a new direction in the detection of

online reviews manipulation and its implications.
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Chapter 6.
Under-reporting Bias
and Online Reviewers’ Behavior

User-generated online reviews are a major source of information for movie-goers
and can reduce product uncertainty and help consumers infer product quality.
Virtually all models for monetizing online UGC, from the well known like Facebook
and YouTube to the more obscure like FirstWivesWorld, are based on trust and
shared social values (Clemons et al. 2007). The most successful, like the relationship
between TripAdvisor and Hotels.com, are based on trust; the greatest failures, like

Facebook’s Beacon, occur when this trust is violated (Clemons et al. 2007).

Prior research on consumer decision making has established that online reviews
are considered more credible and trustworthy by consumers than traditional sources
of information (Bickart and Schindler 2001, Li and Bernoff 2008). Despite the

subjectivity of online reviews, consumers still pay attention to what has been written
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in online reviews to make their purchase decisions (Chatterjee 2001, Chevalier and
Mayzlin 2006, Clemons 2008, Clemons and Gao 2008, Dellarocas 2003, Senecal and
Nantel 2004). However, to what extent can the evaluations posted by individuals in
online networks be considered reliable and representative of the general consensus?
This is crucial to understanding the prospects for monetizing customer reviews, and

even to their continued relevance in marketing.

Hu et al. (2006) has found evidence that online reviews may not be representative
of the general consensus opinions due to under-reporting bias. Under-reporting bias is
a form of self-selection bias described in the literature on satisfaction (Anderson
1998). Consumers who are very satisfied or very dissatisfied will be more motivated
to voice their opinions through reviews and thus are more likely actually to do so. It
has been found that under-reporting bias does exist in certain U.S. online review
websites such that the average of reported quality ratings (created by a small
population of those sufficiently motivated to post their reviews) do not match the
average of perceived quality assessments of the general population. Since consumers
are becoming increasingly dependent on online reviews to make purchase decisions,
we studied raters’?* behaviors to reveal whether under-reporting bias exists across
cultures, and whether online consumer rating behavior will yield biased or unbiased

estimators of a product’s quality in various markets.
Since each posted online review is an assessment of a single individual’s
perceived quality of a product, this study first explores how such reported quality

could be influenced by cultural factors. Siau et al (2010) finds that that national

% In this study, we will be using the terms ‘rater’, ‘reviewer’, ‘poster’ and ‘consumer’ interchangeably.
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culture has an impact on knowledge sharing in virtual communities. Thus, it is
anticipated that the behavior of individuals in online networks may also across

cultures, and may differ from offline behavior as well.

Behavioral theory in social psychology asserts that specific salient beliefs
influence behavioral intentions and subsequent behavior (Ajzen 1985, 1988, 1991).
Employing constructs from behavioral theory — attitude, social norms and motivation
— we seek to understand the following important questions, which to the best of our

knowledge have not been answered in previous online review literatures:
e What factors motivate consumers to write online reviews?
e How does culture influence raters’ behavior when writing reviews and
how do cultural differences manifest in differences among ratings?

To identify the potential under-reporting bias that might render the mean of
online movie reviews a biased estimator of movie quality; we compare the
distribution of voluntarily posted online movie reviews to those reviews which we
believe are closer to the distributions of true perceived quality. In this regard, we
conduct a survey in which respondents were asked to report their ratings for a number
of movies they have viewed and under what circumstances would they be more likely
to post online reviews. Comparing survey results to posted online reviews in each
cultural environment, the results show that under-reporting bias varies across
different cultures - online reviews reflect a movie’s perceived quality in Chinese

online networks more accurately than in the U.S.
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To understand the behavior of movie raters from different cultures, we draw upon
some of the behavioral theory on attitude, social norms, and under-reporting bias and

examine how their behaviors are influenced by cultural differences.

Attitude and Social Norms

Taylor and Todd (1995) describe a construct that argues that behavioral beliefs
influence attitudes, which in turn determine intentions and actual behavior.
Behavioral beliefs arising from social pressure are termed normative beliefs (Ajzen
1991), also termed social norms, which is the influence created by a person’s
normative beliefs that others approve or disapprove a particular behavior. People’s
intentions to perform a particular action are influenced by social norms, or by their
perception that important others think they ought to perform those actions. In our
context, social norms refer to the influence from consumers’ normative belief that the
behavior is accepted, encouraged, and promoted by their social circle. Consumers
may believe that their family, friends, and even online peers would favor certain
online opinions, and this belief tends to influence their intentions and opinions. We
examine how offline interactions and social norms influence online social network

behavior.
Cultural Differences

Hofstede’s (1980) cultural dimensions serve as the most influential theory of
culture and cultural differences in research in the social sciences (Nakata and
Sivakumar 2001); his categorization of national societies is also widely used as the
basis of applied research in the study of marketing differences across cultures and in

e-commerce studies (Pavlou and Lin 2002). His cultural framework has also received
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strong empirical support (Sondergaard 1994). The framework was generated through
the most extensive examination of cross-national values ever undertaken, involving
116,000 respondents from 40 countries (Pavlou and Lin 2002). The results were
consistent with the findings in 38 other studies (Nakata and Sivakumar 2001).
Hofstede separated cultures on the basis of (a) masculinity-femininity, (b)
individualism-collectivism, (c) power distance, (d) uncertainty avoidance, and the
recent addition of the Confucian dimension of (e) long-term orientation (Hofstede
2001). Our work starts by accepting Hofstede’s framework; we are not testing it for
validity, but attempting to demonstrate whether the behavior of online raters is
consistent with this theory. We focus on the implications of dimensions (b)

individualism-collectivism and (e) long-term orientation.

Individualism-collectivism refers to the basic level of behavior regulation of
either individuals or groups. Individualists view self and immediate family as
relatively more important than the collective. Long-term orientation as described by
Hofstede suggests following tradition, perseverance and the practice of benevolence;
short-term orientation on the other hand, is the tendency towards consumption and
materialism. As these are long-established and influential theories of culture and
cultural differences, we will be using these cultural constructs in our conceptual
development to better understand how different forms of national “culture” manifest
themselves in online interactions (Ess and Sudweeks 2005). We caution the reader
not to view these dimensions as merely cultural stereotypes. Hofstede is not
suggesting that all Chinese are benevolent towards all other humans, or even towards

all other Chinese, in their online behavior, nor is he suggesting that Western culture is
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without benevolence and the Golden Rule of “Do unto others ... .” Hofstede is
suggesting that with a large enough sample, differences in cultural norms are readily

observable.
Under-Reporting Biases

Hu et al. (2006) found evidence of two self-selection biases, acquisition bias
and under-reporting bias, in the reporting of online consumer reviews, both of which
render mean ratings a biased estimator of product quality. Acquisition bias refers to
the situation that only consumers with a favorable disposition towards a product will
acquire the product. Since only consumers with a pre-acquisition utility perception
higher than the product’s posted price are willing to pay the price to acquire, and thus
have the chance to review the product, this creates a bias towards a greater number of
positive product reviews. Secondly, consumers who are greatly satisfied or greatly
dissatisfied are more likely to report their review; correspondingly, those consumers
with more moderate sentiments are less likely to post a review. This is termed under-
reporting bias.

Based on the data collected from Amazon.com and an offline survey conducted
on U.S. customers, Hu et al. (2006) documented that while online consumer reviews
have a J-shaped distribution, actual consumer assessments for the same set of
products are normally distributed. They concluded that online reviews do not reflect a
product’s perceived quality across the population of all users, which they term its true
perceived quality. Rather, online reviews quite naturally reflect the views of those
who post them, which differ from true perceived quality because of under-reporting

by those customers with moderate views.
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However, their study did not examine the raters’ attitude and social norms
across different cultures. Since the degree of under-reporting bias might vary across
cultures, we set out to understand raters’ behavior across different cultures —
American and Chinese — and to identify under what circumstances online reviews
might or might not reflect a product’s true perceived quality in different settings.
Since a large proportion of the movies watched by Chinese consumers were
downloaded at no cost, acquisition bias is not very significant in our context. Hence,

we focused on under-reporting bias for this study.

The United States and China were chosen for this study because they
represent almost reverse positions on several important cultural dimensions (Hofstede
1980). In addition, we chose to collect data on Singapore because of its mixture of
Western and Eastern culture, which allows us to see if and how culture mediates the

attitude and behavior in such a hybrid culture.

The next section describes the theoretical framework and our research
hypotheses. The research setting and methodology are presented in Section 6.2.
Section 6.3 and 6.4 provides the analysis of our empirical findings. Section 6.5
presents the survey results and examines under-reporting bias. Section 6.6 provides a
robustness check on our findings. Section 6.7 discusses the limitations and concludes

with suggestions for future research.

6.1. Conceptual Development

The proposed research model of online movie reviewers’ behavior is adapted

from Pavlou and Lin (2002). The dependent variable — online review behavior, as
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measured by the rating assessment each reviewer gives to each movie — captures
consumers’ reviewing behaviors. Drawing from behavioral theory in social psychol-
ogy, two factors that directly influence reviewers’ intentions towards the reviewing
process included in this study are attitudes towards the movie and social norms
regarding what is customary in reviews (Ajzen 1991, Pavlou 2002). We investigate
the relationships among these in terms of cultural differences, using the dimensions of
individualism / collectivism and long-term / short-term orientation. In addition, we
gathered survey data that enabled us to look at the motivation for consumers to write

online reviews.

6.1.1. Attitude

Attitude has been used as a predictive factor that influences behavioral
intention in multiple theories, such as the theory of planned behavior (TPB) (Ajzen
1988) and the theory of reasoned action (TRA) (Fishbein and Ajzen 1975). These
theories have gained substantial empirical support (Madden et al. 1992, Pavlou and
Lin 2002). Attitude here refers to an overall evaluation of the movie that an individual
has viewed. A favourable attitude towards a movie will positively influence the rating
of online movie reviews. Of course, it is not surprising that a reviewer’s attitude
towards a movie, which is essentially his or her assessment of that movie, will be a
prime determinant of the content of the review posted. But it is not the only

determinant.

6.1.2. Social Norms

Social influence is related to Hofstede’s dimension of individualism /
collectivism, and is a second factor that directly influences online reviews.
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Collectivism refers to the extent to which individuals feel themselves to be integrated
into groups and the extent to which opinions are informed by group norms and
expectations or even formed based on these norms and expectations (Hofstede and
Bond 1988). Members of individualistic societies are more likely to value freedom of
expression, while those of collectivistic culture are more likely to seek to group
consensus. China has for centuries been highly collectivist; in particular, Chinese
attention to group norms predates collectivism in the sense imposed by Communism
and indeed goes back to China’s Confucian heritage. Conversely, the United States is
among the most highly individualistic societies. Consequently, we expect there to be
differences in the effect of societal influence on individual behavior, and specifically
for this study we expect to be able to observe these differences by comparing online

movie reviews contributed by members of the two cultures.

Collectivist societies have strong relations within the extended family and among
friends and acquaintances (Hofstede and Bond 1988). Their group relations seek to
maintain harmony by going along with the group’s wishes and by promoting and
maintaining long-term relationships (Bond and Smith 1996). We anticipate that
members of a collectivist culture, such as China, would want to maintain harmonious
relationships among participants, both as readers and as writers, in the online movie
review website. On the other hand, we expect that U.S. movie reviewers value
freedom of expression more strongly and hence feel themselves to be freer to openly
express their appreciation or great dissatisfaction of the movies they have viewed.

Indeed, as noted by Jaron Lanier (Lanier, 2010) in his recent book, the anonymity
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made possible by websites seems to encourage the emergence of Internet trolls in the

west and a practice he calls drive-by anonymous insults.

Due to their recent colonial history, Singaporeans have been influenced by
Western culture, but because of their earlier history, Eastern culture and values are
also strong. Values such as obedience and harmony are important, and they value
intense friendships and trust within the family. Therefore, we anticipate that
Singapore is more of a collectivist society than the United States. Since China is
highly collectivistic and the U.S. is highly individualistic, we expect that the
examination of review patterns from China, Singapore, and the United States will
reveal significant differences in reviewer behavior, consistent with Hofstede’s
cultural classification. We anticipate that the ratings posted by American reviewers
will more clearly express their likes and dislikes for movies. On the other hand, the
ratings given by Chinese reviewers will be more constrained and more narrowly
confined within a tight range centered on the average of the ratings given by previous
customers. Thus, we expect that an attitudinal difference in the reviewing intentions
among the three countries, again consistent with Hofstede, as the following

hypotheses propose.

Hypothesis 1: Collectivist societies tend to place greater focus on harmony and

thus tend to write fewer extremely negative reviews than individualist societies.

Hypothesis 2: The value placed upon freedom of expression is reflected more in

the ratings of movies from individualist societies than those from collectivist societies.

Hypothesis 3: Societal norms have greater effect on the ratings of movies in

collectivist societies than in individualist societies.
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According to Hofstede (2001), China is ranked extremely high on the dimension
of long-term orientation, which reflects the impact of the teachings of Confucius on
Chinese culture and society. One of the key principles of Confucian teaching is the
basic human benevolence toward others and this consists of treating others as one
would like to be treated”®. We therefore expect Chinese to be less willing to fully
express their dislike in their ratings for bottom-ranked movies than American
reviewers would be. (Notice, we cannot distinguish whether Chinese have more
generous views of the movies, or merely restrict themselves to more generous public
statements and posted reviews, solely on the basis of the posted reviews. Additional
hypotheses address these differences, and our methods for studying these differences
are described in the section on research methodology. But, regardless of the
motivation, just as we would expect Chinese reviewers to be more generous in
general (as expressed in hypothesis 1), we would expect them to be more generous
even in the case of the worst and most disappointing experiences (as expressed in

hypothesis 4 below).

Hypothesis 4: The ratings for Bottom-ranked movies given by collectivist
societies will be less extreme than in individualist societies.
We have applied Hofstede’s (2001) cultural classifications, allowing us to predict

certain differences in behaviors across cultures, and our hypothesis allow us to

2 While there is no immediately obvious connection to a Western observer between benevolence and a
long-term orientation, historically Confucian teachings have stressed long-term orientation, collectivist
ties to family and society, and a higher degree of benevolence within groups. Likewise, Hofstede
describes group averages; at no point does he suggest that absence of benevolence in individualistic
societies, or the absence of altruistic behavior in the West. Explicitly, the Judeo-Christian traditions of
the West do acknowledge the importance of treating others as you would wish to be treated; still,
Hofstede expects to see a greater degree of benevolence in the West, and, assuming this is true, we
would expect to see differences between Chinese and American online movie reviewing.
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analyze the extent to which the predicted differences do or do not appear as in the
specific context of online behavior in the specific domain of online movie reviewing.
We are not attempting to test Hofstede’s theory, and we do not argue that all Chinese
are collectivist, or that all Westerners are extreme individualists. We simply analyze
millions of movie reviews posted on websites that cater primarily to Chinese or to
American reviewers, and look for the predicted differences in rating behavior. The
differences are indeed consistent with the predictions based on Hofstede’s theory.
We understand that not all movie-goers rate the movies they have seen; significantly,
the absence of ratings follows a pattern, with more extreme under-reporting bias in
the United States than in China, which is consistent with our hypotheses and with

Hofstede’s cultural classification upon which they are based.

6.1.3. Motivation

Writing reviews seems to address basic human needs for belonging to and
gaining acceptance from groups in which they participate; and for achieving status
and recognition (Maslow 1943). We hypothesize that consumers who participate in
the writing of online reviews are motivated to meet these needs. If this is true, then
writing reviews would be based both on individual motivations and on the interaction
of these motivations with social norms. An individual from a highly collectivist
society would most definitely not achieve his desire to feel as if he were part of a
group if his reviews violated the norms of the group, and would not receive self-
esteem and recognition if his reviews were rejected because they violated the norms

of the group. Thus, we assert the following two hypotheses:
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Hypothesis 5: The motivation to write movie review is affected by people’s social
needs to feel a sense of belonging and sharing, which may require that reviews

adhere to social norms.

Hypotheses 6: The motivation to write movie review is affected by people’s needs

for esteem and recognition, which may require that reviews adhere to social norms.

6.2. Research Methodology

Our research methodology involves three specific sets of analyses. First, we
compare the rating behavior of Chinese and American reviewer using data collected
from Douban.com and IMDB.com. Second, we perform attitudinal studies to
determine, to what extent do online reviews reflect a product’s true perceived quality.
In addition, we study how likely a U.S. or Chinese reviewer will be affected by the
reviews that were posted previously. Finally, we investigate to what extent Singapore
movie raters resemble those of China and to what extent they resemble those of the

United States.

6.2.1. Cross-Cultural Data

To study the cultural differences in online movie review behavior, we gathered
the reviews from two online movie review websites, IMDB.com and Douban.com.
IMDB.com was chosen because it is the largest online movie review website with
over 57 million visitors each month. For the Chinese website, we chose Douban.com
because it is a cloned version of IMDB in China, and is consistently ranked as one of

the most popular online review website in China by Alexa Internet (2008). To ensure
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we are comparing members of the U.S. and Chinese cultural communities, we only

crawled the ratings from IMDB that were posted by U.S. reviewers.?

Our data sample contains two datasets. For the first dataset, reviews were col-
lected on 1,000 movies randomly selected from IMDB and 1,000 movies randomly
selected from Douban, using a random counter on the movie identification number.
While we expect that 1,000 movies is a well representation of the movies across the
two websites, it is possible that our results might be influenced by the movies selected
from these websites. To control this, we conducted experiments with a second
dataset. For this dataset, we first chose the Top 100 and Bottom 100 ranked movies
in IMDB. Then based on these movie titles, we collected the same movies titles in
Douban.com and their corresponding movie reviews from the two sites. By using the
same movies to compare the rating pattern, we attempt to ensure that the observed
differences in reviews are due to inherent differences in reviewer behavior rather than
differences in the movies selected for comparison. The reason for focusing on those
top and bottom-ranked movies is that if indeed under-reporting bias were present, we
believed that it would be more likely to be observed for movies within such catego-

ries.

Each dataset has its own advantages and disadvantages. Using 1,000 movies

selected separately and at random from these two movies reviewing sites reveal in

%% Each movie has a webpage that shows the ratings given by U.S. raters. For instance the ratings given
by US. users for the movie “The Godfather” can be crawled from
http://www.imdb.com/title/tt0068646/ratings-usa. Nevertheless, the fact that a reviewer resides in the
U.S. does not necessarily mean that the reviewer is an American, or that the reviewer has adopted the
behaviors that Hofstede typically associates with an individualist culture. However, to the extent that
our data set might include Chinese residing in the United States, this inclusion actually should lessen
the strength of the effects we were measuring. Thus, our results are a conservative test and may
actually understate the effect that we have claimed.
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general how movie raters’ behavior is different across these two websites. However,
this introduces the possibility that the observed difference is driven by the different
move titles selected from the two sites. Using the top and bottom-ranked movies and
then comparing reviews from the two sites eliminates the above possibility, but
introduces the possibility that audience response to different movies might be differ
between the two cultures. For robustness check, we also collected data from the Top
100 and Bottom 100 ranked movies in Douban, and the corresponding movie titles
and their respective movie reviews in IMDB. This will be presented in the robustness

check Section 6.4.

Table 6.2.1a: Statistics of Dataset from IMDB.com

Category Number of Movies Number of Ratings
Top 250 (top) 100 2,944,037

Bottom 100 100 191,411

Entire Collection (random) 1000 691,739

Table 6.2.1b: Statistics of Dataset from Douban.com

Category Number of Movies Number of Ratings
Top 250 (top) 100 483,680

Bottom 100 100 4,151

Entire Collection (random) 1,000 14,645,654

The summary statistics of the dataset of the second batch from both websites
are shown in Table 6.2.1a and 6.2.1b. Data collection for both batches started on 20"
December 2008 and ended on 15" January 2009. 2” For each item, we collected the
movie title, movie ID, and review information. Specifically, for each movie review,

we gathered the numeric rating, review date and the original text of the review. On

%" The data analysis is based on data collected prior to 15 January 2009. The collection of dataset by
the random process was slow because we were constantly blocked by IMDB and Douban.
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Douban, consumers can report an integer movie review on a 5-point Likert-type scale,
anchored at 1-star = least satisfied and 5-star = most satisfied. On IMDB, consumers
can report an integer movie review on a 10-point Likert-type scale, anchored at 1-star

= |least satisfied and 10-star = most satisfied.

6.2.2. Experimental Calibration with Survey Data

After comparing the rating distribution of Chinese consumers to that of U.S.
consumers, we conducted a survey in which respondents were asked to review the
movies they have viewed. Then we compared the survey results with those observed
on IMDB and Douban. We expected that this survey mechanism would result in more
balanced reviews with less under-reporting bias, and thus in reviews ratings that more
accurately reflect the community’s perceived average quality for movies in our
sample. This is essential to explore our hypotheses about cultural differences in

reviewing behavior.

To gather the survey from Chinese and Singaporean, our respondents were
university students attending business, information systems and economic courses.
Each student was asked to review 16 movies that vary in terms of category and genre.
For each movie, the subjects were asked to rate the movies they have viewed and
report their intention and motivation to write online movie reviews. The online
survey instrument was emailed to 1,500 students composed of native Chinese and
Singaporeans who spoke Chinese fluently. Invitation emails explained the purpose of
the study and requested participation. To gather the survey response of U.S
participants, an invitation request was posted on Facebook. For both email and

Facebook requests, respondents who clicked on the URL link provided in the email
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message (or on Facebook) were then directed to a website to take the online survey,
of which 87 Chinese students, 212 Singaporeans and 247 Americans responded.
Participation was voluntary and the response rate for the email invitation was
approximately 20%. The movie rating scales for the survey were based on those of
Douban.com. A preliminary version of the survey was generated and reviewed by
doctoral students for clarity. Finally, to verify the appropriateness of the survey, it
was pre-tested with multiple research students who varied with age, gender and
education. Since this attitudinal survey involved U.S., Chinese and Singaporean
nationals, we are able to assess the extent to which Singaporeans do or do not differ

from American / Chinese in terms of their rating behaviors.

6.2.3. Graphical Data Analysis

We retrieved movie reviews of 1,000 randomly selected movie titles from
both Douban and IMDB, and we focused on movies with an average review of 3-stars
in Douban and those with 5-stars in IMDB, the median ratings for the two sites
respectively. After that, we plotted the distribution of the ratings from Douban and
from IMDB (as shown in Figure 6.1 and Figure 6.2). Theoretically movies with these
median average ratings are more likely to be normally distributed, therefore, we
expect to observe a normal distribution for both but as is evident from even a quick
visual inspection of Figure 6.1 and 6.2 we did not. The behaviors of the two

populations indeed do differ.

Figures 6.1 and 6.2 show that for all movies with average review score equal to
the median (92 movies on IMDB and 151 on Douban), the rating histogram for

IMDB is W-shaped, whereas for Douban, the histogram is indeed normal and bell-
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shaped. Thus there are differences in the rating pattern even for average-ranked
movies. To ensure that our results are not driven by the efforts of reviewers, we
checked if reviews with only ratings differ from reviews with both ratings and text
comments. Since preparing a review is more time-consuming than merely providing a
numeric evaluation and might suggest a more serious effort to assess accurately, we
have compared the numeric ratings of reviews with and without textual reviews
across IMDB and Douban and found them to be similar (Wu and Huberman 2007).
Our results show that the rating histogram for Douban is bell-shaped, while that of

IMDB is W-shaped.

In the work that follows, we compare individual rating behavior using the
second dataset, in which we ensure the ratings are for the same set of movies. Since
the movies being compared are the same, any observed differences in the rating
patterns are driven by the cultural differences between the rating populations, and not
by the selection of movies included in each sample. We focused on ratings of the
most extreme movies, the top-ranked and bottom-ranked movies, in order to examine
the most extreme rating behavior. Unless we state otherwise, all subsequent analysis

was done using the second dataset.

Figures 6.3 and 6.4 show the rating distributions for the top-ranked movies in
IMDB and the corresponding rating distribution for the same set of movies in
Douban. Figure 6.3 once again displayed the characteristic W-shaped distribution that
we previously observed among U.S. raters, whereas Figure 6.4 once again has a
unimodal distribution. It seems that on average, Chinese reviewers are more reserved

in giving the highest ratings than are U.S. reviewers; they are also more reluctant to
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assign the most negative reviews. From both figures, we see that on the whole, the
rating behavior of reviewers of top-ranked movies were not very different between
both cultures, except for some modest limitation of top and bottom reviews among

Chinese reviewers.

Figures 6.5 and 6.6 show the distribution of the ratings for the Bottom 100
movies in IMDB and the corresponding rating distribution for the same set of movies
in Douban respectively. Unlike the results for the top-ranked movies, there is a great
difference between Chinese and American reviews for IMDB bottom-ranked movies.
Figure 6.5 shows that for the U.S. reviewers, the largest number of reviewers gave a
very low rating of 1-star, resulting in a U-shaped distribution. For the Chinese
reviewers, even when a movie is bad, the online reviews still demonstrate a bell-
shaped distribution, as shown in Figure 6.6. 2 This supports Hypothesis 4, which
argues that the ratings for bad movies given in collectivist societies will be less
extreme than individualist societies. U.S. reviewers on the other hand are more
inclined to express their dissatisfaction vigorously and openly, and often in the most
extreme terms, which is consistent with Hypothesis 2. This probably partly explains
the difference in the number of reviews for the Bottom 100 movie category in IMDB
(191,411 total ratings) and Douban (4,151 total ratings), providing support for
Hypothesis 1. (A competing explanation is that the very worst movies screened in
America are unlikely to be watched by Chinese audiences, which may also explain
some of the observed difference in the counts of reviews for the worst ranked

movies.)

% To check the consistency of this result, we conducted the same analysis based on independent
datasets collected prior to 15 September and prior to 15 December 2008. We still find the W-shaped
distribution for the U.S. and a bell-shaped distribution for the Chinese.
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Prior studies (e.g., Tourangeau et al. 2000, Poulton 1989), have reported that

respondents tend to avoid the extremes in surveys. In psychophysics, this trend is
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called response contraction bias (Poulton, 1989). However, this is not what we have
observed in IMDB.com; there are in fact more responses at the extreme endpoints of
1s and 10s, this is the case even when we convert the results to the same scale as
shown in Figures 6.7 and 6.8. For Figures 6.3 to 6.6, if we first convert the 10-point
IMDB scale to a 5-point scale, consistent with Douban, and then remove the extreme
ratings — the ratings of 1 and 5 — this will result in Figures 6.9 to 6.12 respectively.
The results suggest that the extremes are over-represented in the American rater
population relative to the Chinese rater population, and perhaps the extremes in the
American rater population are even over-represented relative to the American
population of movie-goers more generally. There are several explanations. Perhaps
Americans are more honest and willing to post extreme views because they are less
influenced by the mean. Another explanation is that Americans might try to be
different by giving extreme ratings, since simply giving an average rating does not
show that they are individuals. Alternatively, Americans may be less willing even to
rate unless extremely motivated by very strong attitudes, positive or negative, towards
the film. The Chinese, on the other hand are demonstrably less likely to give extreme
ratings, perhaps because they are more influenced by the consensus and the average

sentiment of the reviews already posted.

Overall there is a huge difference between consumer reviews of all the movies
in IMDB and Douban. This difference is visible when comparing reviews of all
movies, that is, when comparing Figures 6.7 and 6.8. But it is most visible and most
pronounced when comparing review of the bottom-ranked movies, that is when

comparing Figures 6.11 and 6.12. It seems that American reviewers with the most
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extreme opinions are greatly over-represented relative to the population at large,
which distorts American movie ratings relative to the true perceived quality. These
results lead us to believe that there is less under-reporting bias among Chinese
reviewers, as shown by the bell-shaped curve in Figure 6.8. We were concerned that
this effect could also be explained not by under-reporting bias, but by profoundly
different responses to the movies when seen by Chinese and American audiences, in
which case Chinese viewers might have far more average assessments than American
audiences, rather than different propensity to review based on the strength of their
assessments. To address this concern, we conducted a survey to compare the
distribution of assessments of the two populations, to verify whether the difference in
reviewing behavior was due to different levels of under-reporting bias or to some

other, perhaps as yet unreported, behavioral difference.

6.3. Impact of Attitude and Social Norms on Rating Behavior

To examine the proposed hypotheses, the first experiment was designed to

study how ratings are influenced by general consensus:

Rating = f (Average rating, Average rating in IMDB Bottom movies, Average

rating in IMDB Top movies, Average rating in Douban Top movies, t)

This is translated into the following empirical model:

Rating it = *AvgRating; , ; +a, * AvgRating; , ; * IMDB _ Bottom + &, * AvgRating ; , ; * IMDB _Top
+a, * AvgRating it *Douban _Top + a; *t + o * Bottom _ Dummy

+ a7 * Imdb _ Dummy + &,
(6.2.4)

where:
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the sequence order of each review to control the
t temporal effect. The first review posted for a
movie will have t = 1.

denotes the average consumer rating at the time

AvgRating j; when the (t-1)" review was written for movie
item j.
IMDB_Bottom is a dummy variable and equals
IMDB _ Bottom — S
- 1 for the ratings of Bottom movies in IMDB.
IMDB _TOp IMDB_Top is a dummy variable and equals 1

for the ratings of Top movies in IMDB.

Douban_Top is a dummy variable and equals 1
for the ratings of Top movies in Douban.

Bottom_Dummy is a dummy variable and
equals 1 for movies in the Bottom category.

IMDB_Dummy is a dummy variable and equals
IMDB _ Dumm —
- y 1 for movies in the IMDB category.

Douban _Top

Bottom _ Dummy

We estimated Model 1 using robust regression procedure®® (Yaffee 2002, Chen
2002) to study how ratings are influenced by online review environment variables and
presented the results in Table 6.2.4. None of the between variable correlations is
larger than 80% and the condition index is about 35. A further look at this condition
index shows that it is related to the correlation between the main effect and the
interaction terms. Hence multicollinearity is not much of concern in our analyses. If
we consider a boundary of -1 and 1, our results show that for both cultures, raters
have different rating tendency for the top and bottom-ranked movies. Particularly, the
parameter estimate for average rating is significantly positive (AvgRating =0.9279
and p-value < 0.001). This means that when Chinese consumers rate a bad product (in
this case a movie), if the consensus rating is -1, new consumers will give a rating of -

0.9279, a slightly less negative score that is within the boundary of -1 and 1. The

? \We used the PROC ROBUSTREG procedure in SAS, which attempts to down-weight outlying
observations and calculate stable and resistant estimators using robust regression techniques. This
solution addresses the non-normality and heteroskedasticity issues created by outliers (Yaffee 2002,
Chen 2002).
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same principle applies when Chinese reviewers rate a good movie; if the consensus
rating is 1, new reviewers will give a rating of only about 0.24, which is the sum of
0.9279 and -0.6917. This, again, is a less positive score with tendency to rate towards
the center. Overall, the results show that Chinese reviewers tend to leave ratings
within the boundary of the general consensus and are not likely to post a rating that is
more extreme than the average of what the community has already given. This

provides support for Hypothesis 3.

Table 6.2.4: Average ratings in IMDB and Douban

Variable Model
AvgRating 0.9279***
Avg_Rating * IMDB_Bottom 0.2631*
AvgRating * IMDB_Top 0.1738
AvgRating * Douban_Top -0.6917***
Intercept 3.4503***
Sequence -0.0033***
IMDB dummy 1.6835***
Bottom dummy -3.3391***

Legend: *** p<.01; ** p<.05; * p<.10

However, for the U.S. reviewers, the story is different, especially when they are
facing a movie that they perceive to be of low quality. The interaction between
IMDB_Bottom and average rating is positive (AvgRating*IMDB_Bottom =0.2631
and p-value < 0.001). This indicates that when American consumers rate a bad movie,
if the consensus rating is -1, new consumers will give a rating of -1.19 (which is the
sum of -0.9279 and -0.2631) a more negative score with tendency to move out of the
boundary of -1 and 1. Overall, it seems that U.S. reviewers are not confined to the

rating boundary of the community, and they are more willing to post extreme
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reviews, especially when they are dissatisfied. Perhaps Americans value the need to
clearly express their likes and dislikes for movies are less influenced by the mean,

which again gives support for Hypothesis 2.

6.4. Motivation for Writing Online Reviews

For this section, we examine what motivates consumers to post online movie

reviews. In our survey, we asked the respondents:
(1) If they have been to movie review websites?
(2) If they have ever rated a movie in movie review websites?
(3) Under what circumstances would they rate a movie online —
(@) when they like the movie?
(b) when they dislike the movie or
(c) when they want to share their opinions with others?
(4) How much influence do online movie reviews have on them?
(5) How often do they rate movies?

From the survey results collected from our Chinese and American respondents,
we perform a logistic regression® to study the motivation for consumers to write

online reviews. Our dependent variable is the frequency of respondents rating movies

%0 We also conduct our analysis using Ordinary Least Square and robust regression procedure. The
results are qualitatively similar.
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(Question 5), where 1 means ‘never rated’ and 5 represents ‘often rated’.3* Our

dependent variables capture the answers for question 1 to 4%
Frequency = f (Been_to, Rated, Like, Dislike, Share, Influence)

Table 5.2.2a: Motivation to post ratings for Chinese

Variable Model
Been_to 1.5663**
Rated 1.1396***
Like 0.6130**
Dislike 0.0604
Share 0.6647**
Influence 0.0331
Intercept -3.6553***

Legend: *** p<.01; ** p<.05; * p<.10

Table 5.2.2b: Motivation to post ratings for American

Variable Model
Been_to 1.5659**
Rated 1.2525***
Like -0.5994
Dislike -0.6002
Share -0.3486
Influence 0.1357
Intercept -2.2938**

Legend: *** p<.01; ** p<.05; * p<.10

In Table 5.2.2a shows the results on the motivation for Chinese to post ratings,

the variables of “Been_to” and “Rated” are control variables, while the remaining are

%1 Our dependent variable is on the Likert scale of 1 to 5 where 1 means ‘never rated’, 2 means ‘rated
once’, 3 means ‘seldom’, 4 means ‘sometimes’ and 5 means ‘often rated’.

% Question 1 is for the first dependent variable “Been_to”; Question 2 for the second dependent
variable “Rated”; Question 3a for the third dependent variable “Like”; Question 3b for the fourth
dependent variable “Dislike”; Question 3c for the fifth dependent variable “Share” and Question 4 for
the sixth dependent variable “Influence”.

121



our variables of interest. We see that the desire to share opinion with others (Share =
0.6647 and p-value < 0.05) dominates all other expressed reasons for posting reviews
in motivating a consumer to write a review, giving strong support for Hypothesis 5, at
least among reviewers from collectivist culture. The next factor that motivates
consumers to write online movie reviews is the desire to express their liking for the
movie (Like = 0.6130 and p-value < 0.05). Consistent with Hofstede’s cultural
classifications and with our hypotheses, when Chinese raters like a movie, they are
more inclined to write online reviews; hence the much smaller numbers of truly
negative online reviews posted on Douban. Finally, individuals from collectivist
culture do not appear to write online reviews because of the need for esteem or to
influence the views of others, rejecting Hypothesis 6. To summarize, consumers from
collectivist culture are more likely to speak out when they like a movie instead of

when they dislike a movie.

On the other hand, the motivation for American to post ratings is rather bleak.
Table 5.2.2b shows insignificant results for all variables of interest. The posters of
reviews in the U.S. culture do not appear to write reviews because they like or dislike
the movie, nor that they want to share their opinions or influence others. Americans
who are motivated to post reviews seems to be driven by other unknown reasons.
Perhaps an interview would be a more appropriate approach to understand their

motivations. This presents opportunity for further experimental work.
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6.5. Under-reporting Bias

In the previous section, we documented that there are huge cultural influences
affecting the behavior of Chinese and American customers when they post online
movie reviews. In this section, we study whether such behavioral differences affect
the accuracy of the average of reviews as an indicator of the broader group’s
perception of quality. Given that prior research (Hu et al. 2006) has found the
existence of under-reporting bias in United States consumers, causing online reviews
to be a biased estimator of books’ perceived quality, we study whether this is also true
for movies and whether this varies across different cultures. We found that American
reviews did indeed exhibit considerable under-reporting bias even for the bottom-
ranked movies, but as expected we found much less under-reporting bias among

Chinese reviewers.
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Figure 6.13: American Survey for Top- Figure 6.14: American Survey for
Ranked Movies Bottom-Ranked Movies

To obtain the set of reviews that are less likely to be subjected to under-
reporting bias, we conducted an online survey approach. Survey requests were posted

on Facebook and 247 survey responses were gathered.
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In the survey, respondents were asked to report their ratings for several movies
that they have viewed. Figure 6.13 and 6.14 show the survey results for Americans
when assessing the top and bottom-ranked movies respectively. The survey results
revealed patterns that are rather different to the results gathered from the online
website, IMDB.com. Although the survey results for the top-ranked movies are
somewhat similar to the online pattern, the survey results (Figure 6.14) obtained for
the bottom-ranked movies are very different. If we remove the extremes, the pattern
in Figure 6.14 follows an almost bell-shaped distribution for the bottom-ranked
movies, in contrast to the pattern revealed in online in IMDB (Figure 6.11). By
comparing the movie ratings in IMDB for the bottom-ranked movies with the results
from the survey, we can conclude that the rating distributions are very different across
these two channels for bottom-ranked movies. This confirms the existence of under-
reporting bias in American movie reviewers, and such reporting bias does indeed
cause online reviews to be a biased estimator of a product’s true quality as perceived

by the broader population of American movie-goers.

Next, we sought to verify whether such under-reporting bias exists in the other
population we studied, that of the Chinese reviewers in Douban. Likewise, the
existence of under-reporting bias among Chinese reviewers was examined using a set
of controlled experiments in which all respondents were asked to report their ratings
for several movies that they have viewed. Figure 6.15 and 6.16 show the survey
results for the Chinese students when assessing the top and bottom-ranked movies
respectively. The survey results revealed patterns similar to the results gathered from

the online website, Douban.com. In particular, the results obtained from the online
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movie reviews in Douban (Figure 6.6) and the results from our survey (Figure 6.16)
follow a unimodal, almost normal distribution for the bottom-ranked movies. By
comparing the movie ratings in Douban for the top-ranked movies (Figure 6.4) with
the results from the survey (Figure 6.15), we can likewise conclude that the rating
distributions are similar across these two channels for bottom-ranked movies as well.
Furthermore, the mean difference between online ratings and offline ratings is
insignificant (t-value=0.45 and p-value=0.6569).> Our interpretation for this is that
there is far less under-reporting bias for Chinese online raters, and the overall online
Chinese consumer opinion is a well representation of a product’s true quality, as

measured by the average perception of the broader population of Chinese movie-

goers.
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Figure 6.15: Chinese Students Survey for Figure 6.16: Chinese Students Survey for
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We have shown that the extent of under-reporting bias does indeed vary across
cultures. In comparison to the results obtained from the United States reviewers, the
existence of under-reporting bias is less severe among Chinese movie reviewers.
Hence, the average posted online ratings from Douban appear to be similar to those of

the “silent consumers” who did not provide their ratings. However, in the case of

% The p-value for the F-test of equal variances is 0.7915, therefore we cannot reject the null-
hypothesis that the underlying variances of the observations are equal.
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IMDB, there seems to be far more online postings from movie-goers with the most
extreme and indeed the most extremely negative views, and thus the set of posted
reviews may not be truly and accurately representative of the “silent consumers” in

the United States.

Most of the findings in this study are in accordance with expectations based on
Hofstede’s cultural dimensions and his characterization of both American and
Chinese cultures. As hypothesized, the differences in attitudes towards a movie —
that is, differences in underlying assessments of the movie — had very different
effects on the behaviors for online reviewing among collectivist and individualist
populations. An explanation could lie in the influence of individualism in which
individualists perceive that they are relatively free to follow their own wishes and
outwardly express them. The fact that the percentages of reviews for the top-ranked
and bottom-ranked movies in the U.S. sample are much higher than those of the

Chinese sample is consistent with this assertion.

In terms of societal norms, collectivists display a much stronger adherence to the
consensus of their communities, including of course the consensus of their online
network communities. For the Chinese reviewers, there is concern for reconciliation,
harmony, and balance. This may result in vague expression of personal emotions such

as likes and dislikes.

To test if the results based on Chinese reviewers hold for other collectivist
societies, we replicated our study in Singapore, which has been found to be more
collectivist than individualist due to the Confucian heritage of the majority of the

population (Hofstede 2001).
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Number of Votes

The Singapore Data

In this section, we examine how cultural elements influence the attitudes and
intentions in the hybrid culture of Singapore. Although three-fourths of the Singapore
population is Chinese, Singaporeans undergo a British system of education, with
English being the main medium. Due to their colonial history, Singaporeans have
been influenced by Western culture, but Eastern culture and values are also strong.
Obedience, harmony and concern for reconciliation are important. Cultural factors
have been shown to be mediators of attitude and behavior in Singapore (Tan and

Farley 1987).

While Singaporean students are generally more exposed to Western values than
their parents were, they still do possess traditional Chinese values as well. This
perhaps explains why the results for the top-ranked movies (Figure 6.17) in the
survey of Singaporean students were similar to those in Douban (Figure 6.4). In
particular for the bottom-ranked movies in Figure 6.18, the experimental results
revealed unimodal distribution with mostly moderate reviews, which is similar to the

result for the Bottom 100 Movies in Douban.com, as in Figure 6.6.
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for Top-ranked Movies for Bottom-ranked Movies
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80.5% of our survey participants have been to movie review websites, but, only
14.2% have posted ratings. When asked when they would be most likely to provide
movie review ratings, 66.5% responded that they would if they liked the movie very
much and only 29.1% responded that they would if they were very disappointed. This
suggests that Singapore reviewers still exhibit characteristics of their parents’
collectivist culture, similar to the behaviors we observed in our Chinese dataset.
Once again we observe that reviewers in a collectivist culture are less likely to
express their dissatisfaction. Similarly, by examining the data, we conclude that
Singaporean reviewers are more reserved about giving the highest ratings even for the

top-ranked movies. Once again, we observe support for Hypothesis 1.

6.6. Robustness Check

6.6.1. On a different dataset

In the previous sections, the analyses are based on the online dataset that were
obtained through two rounds of data collection activities. For the first data collection
round, reviews were collected on 1000 movies randomly selected from IMDB and
1000 randomly selected from Douban. We used these datasets to investigate the
rating differences across these two websites. However, our conclusions might have
been influenced by the differences between the movies selected from these websites
for inclusion in our two datasets. To control the movie title effect, we therefore
collected another round of data. For this round of data collection, we first gathered the
movie reviews of the top-ranked 100 and bottom-ranked 100 movies in IMDB, then
based on these movie titles we collected the related movie reviews from Douban.com.

However, one might again argue that the top-ranked and bottom-ranked movies in
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IMDB may not be top-ranked and bottom-ranked movies in Douban, which might

once again have contributed to the observed differences.

Hence, we conduct a robustness check to ascertain if the results are consistent
if we were to take the top and bottom-ranked movies in Douban and collect the
corresponding reviews in IMDB. Since Douban does not have a bottom-ranked movie
list, we had to scan manually through all the movies in Douban to find the bottom-
ranked 100 movies, those with the lowest average rating. Then, based on the top-
ranked and bottom-ranked movie list in Douban, we extract the corresponding movie
ratings in IMDB and plot the rating distribution as shown in Figures 6.19 to 6.22. We
find that the results were consistent with what we had previously obtained, and that
once again extreme ratings are more prevalent among the online reviews written by
U.S. movie raters, regardless whether the movies are top-ranked or bottom-ranked at

either website.
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6.7. Implications

This study contributes to our understanding of the role of social norms on
individuals’ behavior when writing online movie reviews and, we believe, to our
understanding of the role of social norms in social networks more generally. Based on
the empirical study conducted over three different population groups, from China, the
United States, and Singapore, we find that under-reporting bias varies across cultures

and cultural differences play a significant role in online reviewing behavior.

The main contributions come from applying Hofstede’s (2001) cultural
classifications, which predict certain differences in behaviors across cultures, and
using these classifications to analyze differences in online behavior in a specific
setting. We are not attempting to test Hofstede’s theory, and we do not argue that all
Chinese are collectivist, or that all Westerners are extreme individualists; we simply
analyze millions of movie reviews posted online on websites that cater primarily to
Chinese and American reviewers, and look for differences. The differences are indeed
consistent with predictions based on Hofstede’s theory: Western reviews are much

more likely to be extreme, and their distribution tends to become more extreme over
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time, while Chinese reviews tend to have a more bell-shaped distribution and newer
additional posts are much more likely to be closer to the mean rather than more
extreme. That is, in Western reviews we observe far more under-reporting among
reviewers with average opinions. Such results are further validated by comparisons

between the online and offline consumer reviews.

Movies have always been made principally for their home markets, but American
movie producers in general hope for more global appeal and more global commercial
success. This study indicates that online social reviewing behavior differs greatly
from market to market, and might indeed lead a film’s distributor to misjudge the size
of a potential market abroad. In particular, a distributor based in one market will
know how to interpret early reviews in his home market, but if he applies his home-
market experience to interpreting the reviews from a foreign market he may be
greatly misled. Reviewer behavior at home that indicates a moderately successful
film might be associated with market failure, or with blockbuster success in another
market. Thus, an American distributor might over-estimate the market in Singapore
or in China, given the greater tolerance of reviewers, or, conversely, a Chinese
distributor might under-estimate the market in America given the extreme behavior of
some American reviewers. Most importantly, after comparing Figures 6.3 and 6.4, we
realize that an American distributor might significantly under-estimate the market for
a hit American movie in Singapore or China since Figure 6.4 does not exhibit the
spike that correspond to American reviewers over-reporting of reviews of 9 and 10
for top-ranked movies. Likewise, a Chinese movie distributor might note a huge

number of extremely negative reviews, an order of magnitude more than he might

131



expect in his home market, and conclude that the launch would be catastrophic. If
online behavior is not representative of offline behavior, and if the differences
between online and offline behavior vary by nation, then the information in online
networks needs to be interpreted carefully before these reviews can be of use to either

the community or marketers.

Finally, there are several limitations of this study. First, several parts of the study
were performed using students; these portions of the study should be replicated with a
non-student population. Second, we were unable to examine the individualists’
motivation for posting reviews due to insufficient responses and we feel cultural
differences may be at work here. Thus, we hope to gather sufficient responses in
future to conduct further analysis on this part. Third, we did not examine the text
comments for the posted reviews. It is likely that the extreme opinions of the Chinese
are reflected only in the text comments instead of the numerical ratings. Therefore,
future research could apply sentiment analysis techniques on the text comments to
enable more comprehensive analyses. Also, it might be useful to see how similar
results are in retail websites such as Amazon, eBay and others. Finally, further
research on the behavior of Americans and of Chinese in online social networks and
blogs not associated with commercial purposes would help to strengthen our
understanding of cultural differences online.

This study investigates when the reported average of online ratings matches the
perceived average assessment of the population as a whole, including the average
assessments of both raters and non-raters. We apply behavioral theory to capture

intentions in rating online movie reviews in two dissimilar countries — China and the
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United States. We find that consumers’ rating behaviors are affected by cultural
influences and that they are influenced in predictable ways. Based on data collected
from IMDB.com and DOUBAN.com, we found significant differences across raters
from these two different cultures. Additionally, we examined how cultural elements
influence rating behavior for a hybrid culture — Singapore. To study whether online
consumer reviews are subjected to under-reporting bias, which is, consumers with
extreme opinions are more likely to report their opinions than consumers with
moderate reviews causing online reviews to be a biased estimator of a product’s true
quality, we compare the consumer reviews posted online with those from an
experimental study. Our results shows that under-reporting is more prevalent among
U.S. online network, thus online reviews are a better movie perceived quality proxy

in China and Singapore than in the U.S.
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Chapter 7.
Discussion and Conclusion

Online consumer product review is an emerging market phenomenon that is
playing an increasingly important role in consumers’ purchase decisions. This
dissertation examines the value of online reviews by estimating its impact on product
sales for firms (as discussed in Chapter 4 and 5) as well as informative worth for
users of online reviews (in Chapter 6).

In essence, the studies conducted have empirically verified the importance and
value of online reviews. Careful consideration on the design and structure of online
reviews were noted so as to devise systematic and comprehensive study on the detailed
effects of online reviews.

In addition to the differential impact of ratings and sentiments on sales, we also
showed that there is a differential effect of sentiments expressed in the title of the

review and the content of the review. The impact of content sentiments is substantially
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larger than title sentiments. It is likely that in this case, customers are using title
sentiments as a screening device but still would validate their choice by digging into the
content sentiments. One possible implication for reviewers here is that they may need
to pay attention to the way the title of the review is written. It should be crisp, and
clearly pointing to the sentiments expressed in the full text so that it makes it attractive
for potential buyers to look deeper at their review.

In dealing with the issue of manipulation of online reviews, this work has
presented a simple but efficient technique to detect such activity. The empirical analysis
suggests that the manipulation of online reviews to date is still able to influence sales
positively. However, we have also found an abundant number of cases of manipulated
reviews using our technique which is a cause for concern. If manipulative activity
continues to expand, this may be detrimental to the credibility of online reviews in the
long run.

Also for users of online reviews, it is not just the issue of online manipulation
which they have to be aware of, but also the presence of under-reporting bias which
may misrepresent the true perceived value of the product. Hence, both firms and
individuals of online reviews will have to interpret the reviews carefully before making
any decisions.

Using a large scale online review data and subsequent robustness check using
different datasets for each study, the rigor of the research here present compelling and
directional results for managers, marketers and online review users. The rest of this

chapter sets out an agenda on some of the future work and extensions.
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7.1. Future Work and Extensions

A couple of findings in this dissertation have offer insights that warrant our
attention as they offer new avenues for further research. Based on the in-depth
interviews with online shoppers and our experiential survey results, we show the
relevance of rating and sentiments over different stages of the consumer decision
making process. Future research, should not only look at the main effects of ratings
and sentiments of online reviews, but also consider their mediating effects.

We made a preliminary attempt at exploring this through an observational study
(five students), where we presented a search scenario (find travel guides to New
Zealand) and observed on how they went through the search process on Amazon.com.
Once the search results are returned, the participant skims through a large set of
relevant books and identify a subset to evaluate in greater depth. From our interview
with the participants, they normally select books with high ratings to narrow their
choice and click on further to read the reviews. Finally, the customer makes his/her
final choice and proceeds with the purchase of the desired book(s).We further
conducted a survey with 156 (100 male, 56 female) Amazon.com users. These were
all undergraduate students from a major business school in the United States.
Participation was voluntary and no monetary incentive was given. Respondents are
given a scenario of buying a travel guide on New Zealand from Amazon.com.
Suppose the keywords typed in are “travel guide on New Zealand” they are presented
with the screen shot of the search results that would appear on Amazon.com. A series
of questions were asked as to the relative importance of numerical ratings and text

reviews during the search, evaluation and purchase. 58% of the respondents felt that

136



numerical ratings are important in the early stages of search and awareness whereas
65% of the respondents felt that text sentiments are important when making a
purchase (Figure 7.1a). This is just a preliminary look at this issue and is only
indicative of the possible role of ratings and sentiments in the purchase process.
Future work using experiments, eye-tracking or other related methods (Chandon et al
2006, Wedel and Pieters 2008) will help in getting a better understanding of this
process that is suggested here (Figure 7.1b). The results in this study suggests the
relevance of ratings and sentiments may be different over the course of search,
evaluation and purchase and we hope that these findings would be an impetus for

future research on this timely and important topic.
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Also, given the limited attention each consumer is able to spend, it is unlikely
that a consumer will process all the available reviews before purchase (Forman et al.
2008). Consumers have to use heuristics to select a subset of the reviews to read
rather than processing all the reviews systematically (Forman et al. 2008). Thus, the
use of eye tracker may help to enhance our understanding on what types of reviews
consumers usually focus on. In addition, using the eye-tracking focal points, we can
estimate the importance of the kind of sentiment words customers pay attention to.

The work of Forman et al (2008) found significant effect of reviewer disclosure
on sales. As we were unable to collect this information in our study, we could not
include this variable in our model. Ghose and Ipeirotis (2010) found that average

helpfulness of the review was impacted by reviewer disclosure. We have incorporated
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average helpfulness in our model and hope that some of the disclosure impact may be
captured by this variable. However, future work should incorporate this important
variable. Another limitation is that the current study does not explicitly control for the
heterogeneity in scale usage (Rossi et al 2001). As respondents may vary in their
usage of scale, these differences may impart biases on regression estimates. Future
work should identify the existence of heterogeneity in scale usage and correct for it
using procedures suggested by Rossi et al. (2001).

In many cases of the WOM literature, researchers also tend to make causal
arguments about the relationship between reviews and sales (Chevalier and Mayzlin
2006). All these studies implicitly assume that online consumer ratings reflect
consumer’s evaluation of the product. However, one of the major difficulties related
to estimating the impact of reviews on sales rank is the endogeneity problem — books
with higher intrinsic quality tend to have better reviews, so it is hard to determine
whether the positive review or the high quality of a book is responsible for its high
sales rank. In the literature, most papers generally do not consider the endogeneity
issue, which means the findings of a positive influence of reviews on sales rank may
be spurious.

More recent work has addressed this problem using several approaches.
Chevalier and Mayzlin (2005) use “difference-in-differences” methods to eliminate
fixed effects over time and across different websites (Amazon and Barnes & Noble).
Elberse and Eliashberg (2003) examine the causal relationship between movie
advertising and revenue using panel data analysis to eliminate the fixed effects of

movie quality. Zhang and Dellarocas (2006) build a structural model for the word-of-
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mouth diffusion process and exploit the weekly changes in revenue to control for the
unobservable intrinsic quality and other time-invariant factors of movies. Given the
concern on endogeneity, one extension in our work is to investigate whether the
influence of reviews can be identified using a multiple equation model. Preliminary
results can be found in Appendix Section A.1.

Using multiple equation models (see Appendix A.1l), our preliminary study
provides a clearer understanding on the inter-relationship between ratings, sentiments
and sales rank. We find that there is a differential role of rating and sentiments on
sales rank. The ratings effect on sales rank is mostly indirect through sentiments
while sentiments effect on sales rank is mostly direct. This is consistent with our
bootstrap mediation analysis, thus indicating the role of sentiments as a mediator.
Sales rank on the other hand does not have impact on ratings and sentiments
contemporaneously. We also find that ratings have a contemporaneous effect on
sentiments but sentiments do not affect ratings. The mediating role of sentiments
suggest a possible sequential decision making process where ratings play an
important role in early stages during search and text sentiments play an important role
in evaluation and choice.

We again showed that there is a differential effect of sentiments expressed in the
title of the review and the content of the review. The impact of content sentiments is
substantially larger than title sentiments. Another interesting finding in our study is
that moderate, ordinary sentiments have a stronger impact than strong sentiments.
Ordinary negative and ordinary positive sentiments have a greater impact on sales

than strong positive and strong negative sentiments. This interesting result can be
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explained in the context of online reviews. It appears customers seem to find more
value in sentiments in more moderately worded reviews and they seem to find the

ordinary negative and ordinary positive sentiments to have the greatest value.

Interestingly, we find that the accessibility to online reviews (Hsee 1996, Shah
and Oppenheimer 2008) does create a differential impact on sales. Since the most
helpful and most recent reviews are easily accessible to customers, their impact on
sales is much larger than the average impact of all reviews. It seems that customers do
rely on the most recent and most helpful reviews to make their evaluation and choice.
This is an area that requires further research. Researchers attempting to extract
sentiments from text reviews may examine whether a subset of reviews that
consumers use may just be sufficient to see the impact on sales. Further research on
understanding the consumer behavior in the rich user-generated environment in terms
of search strategies, heuristics used in evaluating and making choices is going to be
important for firms to design their websites to make it easier and more helpful. As our
current empirical work is based on aggregate data, future work should explore this
with individual level data.

Given the importance of online reviews, another future work would be to
examine the dynamics of online review. Compared to traditional consumer surveys
that estimate consumer evaluation of a certain product, online consumer ratings have
many very distinct features: firstly, online reviews are usually retained since the first
review; secondly, unlike offline surveys, each respondent answers the question
independently, in an online setting, review posters see all the existing reviews.

Therefore, it is likely that reviewers may be influenced by the information presented
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on the webpage. Thus, in presence of strong network effects, it is crucial to
understand the review patterns and sentiments of customers so as to devise effective
business strategies. Potential questions to be addressed in future would be: 1) what
are the underlying patterns of online reviews over time? 2) How does it differ for
products of different popularity? and 3) How does it differ for products of different
categories?

In this regard, if subsequent reviews for products are merely restating the
early reviews, the usefulness and impact of the subsequent reviews would be
marginal as compared to the early reviews. However, when subsequent reviews do
have different attributes from the early reviews, firms have to treat reviews differently
and construct different strategies depending on the life cycle of the product. This
future study will present a guide on reviewers’ attitude and can assist companies to
obtain a holistic view of how online reviews evolve over time so as to better predict
sales.

Last but not least, what are some of the important properties of the next
generation sentiment mining system needed to address the specific types of questions
that management researchers will be examining in future? As for any scientific
problem, there is a need to first formalize the problem. As sentiment analysis is still a
difficult task and to effectively study the sentiments in detail is extremely challenging
especially for large scale datasets, the next generation of sentiment mining system
would need the following properties:

1) ability to automatically extract sentiments for terabytes of datasets; and
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2) ability to score sentiments on a multi-point scale at a document level,
sentence level or for different features, depending on the research question.

Figure 7.1c presents a sketch of the next generation sentiment analysis system.
Usually, sentiment mining requires the following steps (though technical details may
differ). The first step is to construct a dictionary. The second step is to extract words
that express positive or negative sentiments for a product (or product feature). Finally

a summary of the sentiments is produced.

Online
Facebook Reviews Twitter

Raw Dataset

. Computes
) Sentiment ;
Domain L Sentiment
o Mining
Specific Score
Lexicon

Figure 7.1c: A sketch of the next generation sentiment analysis system

A foreseeable task based on the current trend is the ability to perform
sentiment mining for large-scale datasets either from online reviews, Twitter,
Facebook and so on. However, unlike online reviews, the textual comments in
Facebook and Twitter are may be shorter, more abbreviated and less formal. Due to
the peculiarities of the language used in social media site like Facebook and Twitter,
there is a need to include a domain specific dictionary. This will help to identify

certain commonly used terms in social media (particularly those used by the new
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generation of population also known as “Generation Y”) to increase the accuracy of
results. For example, abbreviations or sentiment terms like “very farnie (funny)”,
“LOL (laugh out loud)”, “eeeewwwww (expressing disgust)” and so on have to be
added in a domain specific dictionary.

In conclusion, the next generation system design of sentiment analysis
requires the capability to handle large-scale dataset and have a domain specific
dictionary to help increase the accuracy of the results. This will serve as a common
framework to unify different research directions and identify what the main tasks of
sentiment analysis are, their inputs and outputs and how the resulting outputs may be

used in practice by managers.
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Appendix

A.1 Multiple equation analysis

This section presents a preliminary multiple equation analyses on a panel dataset
to analyze the relationship between rating, sentiments and sales rank. We collected a
panel data set of books sold on Amazon.com from September 2005 to January 2006
using its Web Service (AWS). We initially chose 10,000 books randomly to gather
sales, and review information. Of these 10,000 books we found that 4,405 books had
text reviews that we can capture in September 2005 and January 2006. For each item,
we collected the title, when the book was released, Amazon’s retail price and sales
rank (which we used as a proxy for sales). In addition, we collected information on
reviews, such as total number of reviews (volume), the numerical rating from which
average (valence) and variance can be computed, helpfulness of review, and the
original text of reviews from which sentiments can be extracted and scored.** We also
computed sentiment scores for the title of the review as well as the content of the
review. In consideration that consumers do not read all reviews, we collected ratings
and sentiment information on the most recent reviews and most helpful reviews™.

The summary statistics are provided in Table A.1a.

% For some items, the reviews that were posted too long ago were no longer available and could not be collected.

% Amazon.com provides this type of information on the first page of each item with the most helpful reviews
provided on the left/center of the page and most recent reviews on the right hand side of the page. We thank one of
the reviewers for suggesting that we look at this in addition to the average ratings and sentiments of all reviews.
We have looked at the top five and ten most helpful reviews and the five and ten most recent reviews for each item
when they are available. The results between the five and ten most helpful and recent reviews did not differ much.
We have thus chosen to present the results for five most helpful and recent reviews.
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Table A.la:

Summary Statistics of Panel Dataset from Amazon.com

September 2005 January 2006

Variable Median Mean (SD) Median Mean (SD)
Price 16.29 18.15 (22.73) 15.72 19.06 (16.60)
Sales Rank 3955.00 36,653.31 4317.00 53,196.36

(98,796.62) (135,516.17)
Age (Days) 149.00 421.24 (803.69) 297.00  657.02 (945.03)
Number of Reviews 12.00 42.68 (161.36) 12.00 43.85 (168.75)
Average helpful ratio 0.40 0.41 (0.16) 0.17 0.20 (0.22)
Average Rating 4.16 3.88 (0.78) 4.00 3.72 (1.21)
Average sentiment score 3.66 3.71 (0.42) 3.78 3.73(0.72)
Variance of rating 1.29 1.62 (1.13) 1.41 1.70 (1.62)
Variance of sentiments 0.69 0.70 (0.36) 0.58 0.69 (0.65)
Average Title Sentiment 3.61 3.62 (0.60) 3.67 3.70 (1.08)
Average Content Sentiment 3.70 3.80 (0.40) 3.84 3.76 (0.62)
Most Helpful Rating 4.00 3.88 (1.05) 4.00 3.61 (1.39)
Most Helpful Sentiment Score 4.04 3.99 (0.48) 3.63 3.68 (0.54)
Recent Rating 4.00 3.85(0.85) 3.80 3.66 (0.91)
Recent Sentiment Score 3.98 3.77 (0.51) 3.64 3.66 (0.53)
Sample Size 4405 books 4405 books

The following three equation model captures not only affects of various product
and user generated characteristics on sales, but also the interrelationships between

ratings, sentiments and sales.

Salesrank :
In(SR)jt =a,+o,(AR) i +ozz(AS)jt A In(P)jt +a,In(Age) it t IN(TR),; + g (AH )jt

+a,(VR)  + g (VS) + 14 +Egpjt

Sentiment :

AS, =+ AIN(SR)j +B,IN(SR) sy + By(AR) + B, IN(P)  + fs IN(AGE)  + B, IN(TR) . + B, (AS)
+Vj +E gt

Rating :

ARy =7y+7IN(SR)j +7,IN(SR) sy +73(AS) jt + 7,4 IN(P) j + 75 IN(Age) j; + 76 IN(TR) j + 77 (AR) 1y
+ @) + & ppyy
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where,

j =1,....., N book items.

P = price of book j at time t

Agej;  =age of book j at time t

TR = total number of reviews of book j at time t
AHj  =average helpfulness ratio of book j at time t
SR = sales rank of book j at time t

AR = average rating of book item j at time t.

ASj = average sentiment of the book item j at time t.
VR = variance of rating for book item j at time t.
VS = variance of sentiment for book item j at time t.

SRjt1y = sales rank for book item j at time t-1.
ARj..1y = cumulative average rating of book item j by time t-1.
ASj.;y = cumulative average sentiment of the book item j by time t-1.

4; ,vi and w; are the product-level fixed effects for the three equations

respectively to control for unobserved heterogeneity across products and esgjt €asijt

earjt are the residual error terms.

-0.068" | |0.069%**
| 03“"
| (SL s

o

W | /,-' -0.074%*

Significance: *** p<.001; ** p<.01; * p<.05

™

Figure A.la: The Results of the Inter-relationship between Ratings, Sentiments and
Sales Rank
The three equation non-recursive model is estimated using three-stage least
squares with fixed effects®®. The model estimates (standardized) appear in Table

A.1b¥.

% The fixed effects procedure is used to eliminate the biasing influence of unobserved fixed book-specific effects.
Three stage least squares estimation method takes care of potential correlation of error terms across the three
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Figure A.la above highlights the interrelationship between sales rank, sentiments
and ratings. Examining the relationships between the three endogenous variables, we
find that the impact of average ratings on sales is not significant whereas the impact
of average sentiments on sales is negative and significant (-0.074). Our results
indicate that the impact of ratings on sales rank is mostly indirect through sentiments
and the impact of sentiments on sales rank is mostly direct. Much of previous
research which looked at just numerical ratings found a direct impact on sales
(Chevalier and Mayzlin 2006, Forman et al. 2008)*. Ghose and Ipeirotis (2010) who
looked at electronic products in their research and had some measures of sentiments
(namely writing style) found that the ratings had a significant effect on sales in only
one of the three product categories (in the presence of average subjectivity of
reviews). Our finding of the impact of numerical ratings on sales being mostly
indirect and through sentiments is an interesting and an important one. This finding
suggests a potential sequential nature of consumer decision making. Due to the nature
of the complex task of searching and purchasing in an online environment, consumers
may use different strategies to lessen the burden of their cognitive effort. The way
that they may do this is by using ratings as a way to screen potential items and use
text reviews to evaluate the limited set of screened items to make the final choice.

Although this is an interesting finding, caution should be exercised as this is based on

equations. Hausman-Wu endogeneity test indicated both Price and Total Number of Reviews were independent of
the contemporaneous error terms.

3" Models without fixed effects showed an adjusted R? of 0.50 for sales rank equation, 0.56 for sentiments
equation and 0.58 for ratings equation. It appears that accounting for quality differences in books in our model has
helped the explanatory power.

% These are the two pieces of research which looked at Amazon.com books in their analysis and are most relevant
for comparison. Other researchers investigating different product categories found mixed impact of ratings on
sales. Whereas Liu (2006), Duan et al. (2008) found no significant impact of ratings on box-office of movies,
Dellarocas et al. (2004), Chintagunta et al. (2010) found positive impact. Clemons et al. (2006) looking at beer and
Moe and Trusov (2010) looking at bath fragrances and beauty products found significant effect ratings on sales.
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aggregate data and not individual level data. Future work should explore this further
to identify the mechanism and the role played by ratings and sentiments on the online

decision making process*’

Table A.1b: Model Estimates (3SLS Fixed Effects Model)

SRjt AS;; AR;j;
IN(SR);; (Sales Rank) - -0.0298 0.0626
IN(SR);.;y (Lag Sales Rank) - -0.0402* -0.0006
AR (Average Rating) -0.0148 0.0689*** -
AS; (Average Sentiment) -0.0742** - -0.0681
IN(P) it (Price) 0.3310*** -0.0579*** -0.0221
In(Age)ir  (Age) 0.1995*** -0.0102 -0.0857***
In(TR);;  (Total Review) -0.8305*** -0.0442*** -0.1044%***
AH (Average Helpful) -0.1068*** - -
VR it (Variance of Rating) 0.0063 - -
VS (Variance of Sentiment) 0.0013 - -
AR (Average Rating at t-1) - - 0.2839***
ASt (Average Sentiment at t-1) | - 0.1815*** -
|ntercept 0.0230%*** 0.0367*** 0.0156
Adjusted R 0.98 0.93 0.87
N 4405 4405 4405

Standardized coefficients. Significance: *** p<.001; ** p<.01; * p<.05

¥ To examine these interrelations between ratings, sentiments and sales rank further, we performed mediating
analysis suggested by Zhao, Lynch and Chen (2010) to look at whether either of these two consumer review
measures plays a mediating role. What is the role that ratings and sentiments play in impacting sales? To
understand if ratings or sentiments play a mediating role, we estimate two models: one with sentiments as the
mediating variable and the second with ratings as the mediating variable. It involves estimating the coefficients, a,
a’, b, b’, cand c¢’. ¢ and ¢’ indicate the direct impact and the product a x b and a’ x b” will provide the indirect
impact of ratings and sentiments on sales rank respectively. The significance of the indirect effect will determine
the mediating role that these two measure of consumer reviews play. Zhao et al. 2010 recommend using Preacher
and Hayes (2008) bootstrapping procedure to determine the significance of the indirect effects.

Sentiments Ratings

a=0.9743%* b=-0.3121%%* b'=0.2284

C'=0.2323**

Sales Rank Sentiments

Ratings

Sentiments Mediating Model Ratings Mediating Model

The estimates of the models are presented in the figure above. The indirect effects of ratings (a x b =
(0.9743) x (-0.3121) = -0.3041) was significant (the 95% bootstrap confidence interval was -0.3668 and -0.2431).
The indirect effects of sentiments (2’ x b’ = (0.3491 x -0.2284) = -0.0797) was not significant (the 95% bootstrap
confidence interval was -0.1150 and 0.0430). The results show that 80% of the total effect of ratings on sales rank
is indirect, whereas the total effect of sentiments on sales rank is direct. This suggests the mediating role played by
sentiments. Ratings thus, influence sales more through sentiments than directly.
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Alternative models.

As mentioned earlier, consumers may sample some reviews of items and not go
through all the reviews. As Amazon.com presents the most helpful reviews and the
most recent reviews on the first page of an item, consumers may choose to use them
when evaluating and making a purchase decision. It would be interesting to see what
the impact on sales rank will be if we use valence information (ratings and sentiments)
from only the most helpful and the most recent reviews.*°

Many times, the title of the review presents a summary view of what is in the full
text of the review. Customers look at the titles of the reviews to get a feel for what the
review might say and then decide to take the decision to read the text of the review.
To see if there is a differential impact of the sentiments in the title and the content of
the review, we decomposed the total sentiment score into that based on just the title of
the online review and the one based on the body (or content) of the review. To
understand how the sentiments expressed in the title and the body of the review affect
sales rank, we estimated a model where we had average sentiments from the title of
the review and the body of the review included (instead of the overall average
sentiments).

In the computation of the summary sentiment score for each review we gather
information on the number of strong positive, strong negative, ordinary positive and
ordinary negative sentiments expressed. It will be interesting to see their differential
impact on sales. So we estimate models with various combinations of these

sentiments.

0 The averages are taken for the five most helpful reviews and the five most recent reviews for each book item.
We also estimated models using 6-10 most helpful / recent reviews. We obtain similar results. We discuss the
results for five most helpful and five most recent reviews.
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Impact of Most Recent and Most Helpful Reviews.

Figure A.1lb presents the estimates of the interrelations between most helpful/most
recent ratings, sentiments and sales rank. We have substituted most helpful/most
recent ratings/sentiments for average ratings/sentiments in the original model**. The
use of the most recent or most helpful reviews does not change the qualitative
interpretation of the effects. The ratings (whether most recent or most helpful) still
seem to have an indirect impact on sales rank and sentiments (whether most recent or
most helpful) still seem to have a significant direct impact on sales rank. However,
some of the standardized coefficient estimates are larger in these models. For
example, the direct effect of most helpful sentiments (-0.101; p < 0.01) and most
recent sentiments (-0.127; p < 0.01) on sales rank is larger than the corresponding

impact of average sentiments (-0.074; p < 0.01).

Recent Helpful
Ratings, 4 Ratings, _ N
. .0.058m™ S ~.0.027m
| 'OJ?%'*-\__\_ | '0-?@%'*-\__\_
Sales Sales
-0.131"m 0.336%** -0.067" | 0.036%**

Significance: *** p<.001; ** p<.01; * p<.05;
Figure A.1b: The Results of the Interrelationship between Most Helpful/Most

Recent Ratings, Sentiments and Sales Rank

41 The overall results of these models parallel the results reported earlier for the average ratings/sentiments model.
The estimates for the full model for all these alternate models can be obtained from the authors
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This is an interesting finding as it indicates that the most evident and accessible
set of reviews on Amazon.com (namely the most helpful and most recent) play a
significant role in determining sales. The mental effort required by consumers in
reading through a large number of reviews is minimized by sampling the most recent
and most helpful reviews to make their evaluation and choice. This is an area that
requires further research. Researchers attempting to extract sentiments from text
reviews may examine whether a subset of reviews that consumers use may just be
sufficient to see the impact on sales. Also, from the perspective of Amazon.com or
other similar sites, the way and the kind of user-generated information that is
presented to the consumers may make a difference. In this case, Amzon.com provides
these two types of reviews in an easily viewable way for consumers. If they present a
sample of the most positive and most negative reviews in an easy accessible manner,
will they show a strong impact on sales as well?

From the heuristic perspective, the information that has more accessibility has
dominant impact on judgment and decision making (Hsee 1996, Shah and
Oppenheimer 2009) and our results on the most helpful and most recent reviews
seems to suggest this. Understanding the consumer behavior in the rich user-
generated environment in terms of search strategies, heuristics used in evaluating and
making choices is going to be important for firms to design their websites to make it

easier and helpful.
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Impact of Title and Content Sentiments.

We examine the impact of ratings and sentiments taking into account the structure
of the review. Both the title and content sentiments have significant negative impact
on sales rank. We find that the sentiments in the content (body) of the review have a
larger impact than the sentiments in the title of the review (-0.2304; p < .001; vs. -
0.0129; p <.01). Title may convey some information that is useful, but the customers
seem to be paying more attention to the sentiments expressed in the content of the
review. The impact of ratings on sales rank is relatively smaller (-0.005; p < .05) as
compared to the sentiments in the title and content. Consistent with our prior results,
sales rank does not affect sentiments and rating. The relationship between sentiments

and rating again is one-way i.e. ratings affect sentiments but not vice versa.

Impact of Strong and Ordinary Sentiments

Next, we examine how sentiments of different strengths may affect sales rank.
Examples of strong positive sentiments are words like “excellent” and “awesome”
while strong negative sentiments are words like “terrible” and “awful”. Examples of
ordinary positive sentiments are words like “nice”, “satisfactory” and ordinary
negative sentiments are words like “redundant”, “dislike” **. We estimate four

different models, using the same structure as in the original model, but with different

“2 The strong positive/negative score or ordinary positive/negative score for the i review is calculated using the
following formula:
senti _ part;
SP. +SN; +OP, +ON; '
where senti_part; e {SP;, SN;, OP;, ON;}

The strong positive (SP) / negative (SN) score or ordinary positive (OP) / negative (ON) score for each product
is obtained from the content of each review. The final strong positive/negative score or ordinary positive/negative
scores of a product is the average of all the strong positive/negative score or ordinary positive/negative scores over
all the reviews received by that product item respectively.
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pairs of sentiments. We examine the impact of positive sentiments (strong positive
and ordinary positive), negative sentiments (strong negative and ordinary negative),
strong sentiments (strong positive and strong negative) and ordinary (ordinary
positive and ordinary negative) sentiments. As four sets of sentiments are not linearly
independent, we can use only at most three of the sentiments in the model. We chose
to use combinations of the sentiments to get a better understanding of the impact on
sales rank.

Table A.1c: Compiled Results from Models Using Different Sentiments and
their Impact on Sales Rank

Model 1 Model 2 Model 3 Model 4

AR j; (Average Rating) -0.0230* -0.006* -0.005 -0.008*
ASN : (Strong Negative) 0.0144**

AOP j; (Ordinary Positive ) | -0.0224***

AON j; (Ordinary Negative) | 0.1580***

ASP j; (Strong Positive) -0.0660*** - i
AOP ji (Ordinary Positive) S0.1227%** - i

ASN j; (Strong Negative) - 0.0751***
AON j (Ordinary Negative) - 0.1028*** -

ASP j; (Strong Positive) - - -0.0021*
ASN j; (Strong Negative) - - 0.0571***

Standardized coefficients. Significance: *** p<.001; ** p<.01; * p<.05

Thus, in the original model, we replace the AS;;variable in the sales rank equation
first with three of the sentiments namely, average strong negative sentiments (ASN j),
average ordinary positive sentiments (AOP j;,) and ordinary negative sentiments (AON
it). We estimated models with the following sets of sentiments: 1) ASNj;, AOP j;, AON
it 2) ASP j, AOP j, 3) ASN j: AON j; 4) ASP j; ASN . The compiled results of the
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coefficients of strong and ordinary sentiments are presented in Table A.1c *%. As the
results on other variables do not change qualitatively, we have compiled the key

results of the sentiment variables from our models in Table A.1c.

A consistent picture that gets observed here is that ordinary sentiments seem to
have a stronger impact on sales rank than strong sentiments (Model 1, 2 and 3). The
impact of ordinary positive sentiments is stronger than strong positive sentiment
(Model 2). Similarly, ordinary negative sentiments have a stronger impact than strong
negative sentiments (Model 3). This is a very interesting result as it appears that
contrary to what one would expect that strong positive or negative sentiments are not as
impactful as ordinary positive and negative sentiments. The impact on sales rank is
greater for strongly negative sentiments compared to strongly positive sentiments
Model 4. Chevalier and Mayzlin (2006) found that the one-star reviews had relatively
larger coefficients than five-star reviews. Their interpretation is that relatively rare one-
star reviews carry a lot of weight with consumers. Our findings extend this further by
showing that the relatively balanced sentiments (not using either strong positive or

negative terms) are generally more valued.

A.2 Dataset

In this dissertation, the datasets used for empirical analysis are available from
http://www.mysmu.edu/phdis2006/noisian.koh.2006/ or may be requested from

hunan@smu.edu.sg.

43 The results of the other variables in the model are qualitatively similar to the ones reported earlier in Table A.1b
and are not presented here for brevity.
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