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Abstract 

Digital microproducts - such as Apple's 99-cents I-tunes songs or Amazon.com's 49-

cents short books, or Disney's $4.99 short videos - are products in digital forms that can 

be delivered anywhere, at any time, at a low acquisition cost and no delivery costs. Since 

the selling price is small, fixed and identical to all products, it no longer plays an 

important role in the purchasing decision. As traditional micro-economic theory does not 

fully apply to these types of microproducts, an increasing body of research suggests that 

word-of-mouth has taken over price as the key demand factor. The purpose of this 

dissertation is to measure the impacts of electronic word-of-mouth (eWOM), as a signal 

of product reputation, brand reputation and reputation of complementary goods, on the 

microproduct buying decision. This dissertation consists of three empirical studies using 

digital short stores (Shorts) from Amazon.com and freeware downloads from 

Download.com. Shorts are condensed versions of books in PDF format sold for a fixed 

price of 49 cents. In this research, eWOM consists of product reviews and ratings posted 

on the Amazon.com e-book marketplace and the Download.com software marketplace. 

The first essay studies the impact of eWOM on sales performance of Amazon Shorts, and 

also maps the change in the predictive power of eWOM over time. The second study 

focuses on the impact of brand and complementary goods reputations, signaled by 

eWOM, on the likelihood of first and additional product eWOM being posted, as well as 

the likelihood of those additional eWOM significantly impacting sales. The third study 

looks at the impact of expert and amateur user reviews on demand for digital 

microproducts with zero cost, using freeware from Download.com. This dissertation 

makes several unique contributions to the growing body of research on eWOM, including 

a comprehensive and integrated study on the impact of eWOM as a signal of product 

reputation, brand reputation and complementary goods reputation. eWOM-based demand 

models for digital microproducts are also developed, and two longitudinal studies 

contribute to an understanding of the dynamic impact of eWOM over time. It also sheds 

new evidence on the interplay between reviews by critics and amateurs. 
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Chapter 1. Introduction and Background 

The rise of electronic commerce is probably the most impottant economic development 

over the past decade. This new medium of commerce brought with it the promise of 

frictionless commerce, where information asymmetry and transaction costs would be 

reduced to the point of insignificance. However, this promise has not been fu1filled. 

Studies have shown that while the internet has indeed reduced prices, price asymmetry 

has in fact increased (Brynjolfsson and Smith 2000), which is the opposite of the 

predictions of neoclassical economics. Researchers have attributed this asymmetry 

primarily to the lack of trust in electronic commerce, due to the disconnect in space and 

time which is characteristic of the electronic marketplace (Brynjolfsson and Smith 2000; 

Weinberg and Davis 2005). Thus the role of mechanisms that induce trust in electronic 

commerce is quite significant, and has been studied quite extensively (Benedicktus and 

Andrews 2006; Cassell and Bickmore 2000; Friedman et al. 2000; Gefen and Detmar 

2004; Gefen et al. 2003a; Gefen et al. 2oo3b; Jones et al. 2000; Olson and Olson 2000; 

Paul and David 2004; Resnick et al. 2000; Rosenbloom 2000; Schoder and Yin 2000; 

Shneiderman 2000; Smith et al. 2005; Wang and Emurian 2005). Online trust can include 

trust in the brand (Bart et al. 2005; Ha 2004), trust in the website (Ang and Lee 2000; 

Resnick et al. 2000), trust in the quality of the good (Bart et al. 2005; Resnick et al. 2000) 

and trust in the safety of the online transaction (Bart et al. 2005; Rosenbloom 2000). The 

most widely used system of online trust involves reputation systems utilizing online 

ratings and reviews of goods, brands, and vendors in which consumers and third-party 

sites evaluate and attest to the good and OT vendor in question (Dellarocas 2003; 

Dellarocas 2004; Resnick et al. 2000; Shneiderman 2000). This is known as electronic 
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Word Of Mouth, or eWOM for short. eWOM is defined as "any positive or negative 

statement made by potential, actual or former customers about a product or company, 

which is made available to a multitude of people and institutions via the Internet" 

(Hennig-Thurau et al. 2004). There has been a surge of interest in electronic word-of

mouth in the past several years, and a steady stream of research has followed (Bounie et 

al. 2005; Chevalier and Mayzlin 2003; Dellarocas 2003; Duan et al. 2005; Edwards 2006; 

Fong and Burton 2006; Gruen et a1. 2006; Hennig-Thurau et al. 2004; Hu et al. 2006; Lin 

et a1. 2005; Liu 2006; Mayzlin 2006; Pollach 2006; Steyer et al. 2006; Sun et a1. 2006; 

Thorson and Rodgers 2006; Vilpponen et al. 2006; Zhang et al. 2004). 

A parallel development is the rise of digital microproducts. Digital microproducts are 

goods and services available in electronic format, perform a micro-task and have a low 

price. Digital products can also be easily broken down into smaller units to be 

recombined and sold on demand, typically in multiples (Choi and Whinston 1999; Gopal 

et al. 2003). An example would be Apple's iTunes 99 cent music download, Disney's 

$4.99 video clip download, or Amazon.com's 49 cents digital short stories (Mangallndan 

and Trachtenberg 2005). Digital microproducts have become quite popular in B2C e

commerce. As of February 2006, Apple's iTunes store had sold over a billion digital 

songs at 99 cents a piece, up from none in just over two years. The creation of a billion 

dollars in sales for a good with zero marginal cost (Varian 2000) is truly a remarkable 

economic phenomenon, and warrants further investigation. A major trend in the digital 

microproduct market is the successful practice of selling goods at a single (and low) 

price. Pricing at a single low price seeks to reduce the consumer's temptation to engage 
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in piracy (Varian 2005) while increasing sales. In such market conditions, product quality 

is expected to play an even more important role in the purchasing decision, since price is 

no longer a differentiating factor. As traditional price-driven microeconomic theory does 

not apply to these types of microproducts, eWOM, which attests to product quality, is 

likely to emerge as a key demand factor instead of price. This research studies the 

purchasing process of digital microproducts, and seeks to understand why some 

seemingly similar digital microproducts are more successful than others. Specifically, the 

focus of this dissertation is on the impact of eWOM on the digital microproduct buying 

decision. 

1.1 Research Rationale 
The impact of traditional (or offline) word-of-mouth on sales has been studied 

extensively in the marketing literature (Anderson 1998; Arndt 1967; Basuroy et a1. 2006; 

Bayus 1985; Bone 1995; Brooks Jr 1957; Dichter 1966; Engle et al. 1969; Herr et al. 

1991; Holmes and Lett Jr 1977; Kennedy 1994; Laczniak et al. 2001; Neelamegham and 

Jain 1999; Richins 1983; Swan and Oliver 1989; Tax et a1. 1993). However, following 

the emergence of the Internet in the 1990s and the subsequent adoption of electronic 

commerce by consumers, there has been a renewed interest in the role of word-of-mouth 

and its impact on electronic commerce (Bickart 2002; Bickart and Schindler 2001; 

Bonnie et al. 2005; Chevalier and Mayzlin 2003; Duan et al. 2005; Edwards 2006; Fong 

and Burton 2006; Garbarino and Strabilevitz 2004; Godes and Mayzlin 2004; Goldsmith 

and Horowitz 2006; Gruen et al. 2006; Helm 2000; Hennig-Thurau et a!. 2004; Hennig-

Thurau and Walsh 2003; Hu et al. 2006; Lin et al. 2005; Mayzlin 2006; Phelps et al. 
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2004; Smith et al. 2005; Steyer et al. 2006; Sun et al. 2006; Vilpponen et al. 2006). As 

shown below, the impact of WOM on sales can occur in four ways. We are interested in 

the impact of eWOM on online sales and will restrict this dissertation to such. 

Interactions ofWOM and Sales 

Oftline Sales OnHneSales 

OftlineWOM 
Impact of Offline WOM on Impact of Offline WOM on Online 

Offline Sales Sales 

eWOM 
Impact ofeWOM on Offline 

Impact of eWOM on Online Sales 
Sales 

1.1.1 Impact of product reputation, signaled by eWOM, on product 
sales 
While a steady research stream into the impact of eWOM on Online Sales has emerged in 

recent years, there are still many unanswered questions. Although studies have shown 

that product ratings and reviews, a type of eWOM, do impact sales, these studies have not 

clearly shown that the existence of a review versus the non-existence of any reviews have 

different impacts on product sales. Apart from the existence or non-existence of reviews, 

the impact of the number of reviews and ratings on sales has been studied, although not 

extensively. With regards to the impact of product ratings on sales, many of the published 

findings seem to be conflicting with one another. For example, some studies have found 

that the product rating is able to significantly predict sales (Chevalier and Mayzlin 2003), 

while others have found that the product rating has no predictive powers (Duan et al. 

2005). Furthermore, the existence of eWOM generates a paradox-like situation, in which 
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reviews and ratings are needed to attribute to the quality and trust in the product, while on 

the other hand, there is no trust in the validity of the eWOM itself. eWOM platforms 

attempt to solve this paradox by adding an additional layer of trust by allowing other 

consumers to elect the eWOM (reviews and ratings) as being helpful or useful. While 

there has been discussion of this mechanism in the literature (pollach 2006), there have 

been no empirical studies to date that measure the impact of such validated eWOM on 

sales. 

1.1.2 Impact of brand reputation, signaled by eWOM, on product sales 
A characteristic of eWOM research is its focus on eWOM as a signal of product 

reputation, thereby impacting product sales. Little attention has been paid to the impact of 

eWOM on brand reputation, although the impact of offline WOM on brand reputation has 

been studied (Bone 1995; Herbig and Milewicz 1995; Laczniak et aI. 2001; Mahajan et 

aI. 1984; Richins 1983). Studies have shown that brand names can signal higher quality 

to consumers (Chaudhuri and Holbrook 2001; Chu and Chu 1994; Erdem and Swait 

1998; Kirmani and Rao 2000). While choosing among competing brands, consumers are 

faced with the uncertainty of product quality, and so rely on brand name, pricing, and 

retailer reputation as signs of product quality (Dawar and Parker 1994; Kirmani and Rao 

2000). Brand names are also substitutes for a consumer's own information gathering on 

the Internet (Ward and Michael 2000). Word-of-mouth has proved to have played an 

important role in consumers' perception of a particular brand name. Consumers who are 

particularly pleased with a brand will make their opinions known to other consumers 

through WOM communication (Richins 1983). Conversely, consumers will also tell other 
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consumers about a negative experience, and also react by switching brands (Richins 

1983). Although there have been many studies in the marketing literature that have 

clearly shown the impact of brand reputation on product sales (Dawar and Parker 1994; 

Rao and Monroe 1989; Rowley 2004; Ward and Ostrom 2003; Ward and Michael 2000), 

including online product sales, no empirical studies have looked into the impact of brand 

reputation as signaled by eWOM, and its impact on online product sales - although 

recent (2004, 2002) survey-based studies have shown that eWOM does impact online 

brand trust (Ha 2002; Ha 2004). Furthermore, prior research has shown that on the 

Internet, consumers tend to mix product and brand information (Ward and Michael 2000) 

while conducting an information search. While this has again been shown using surveys, 

an empirical study on this product-brand information mix and its impact on product sales, 

in an eWOM context, has not been conducted. 

1.1.3 Impact of complementary goods reputation, signaled by eWOM, 
on product sales 
Even less attention bas been paid in academic research to the impact of the reputation of 

complementary goods on product sales. Studies have shown that bundling digital I 

information goods on the internet can be very profitable (Bakos and Brynjolfsson 1999). 

Often, on electronic co=erce websites, goods are bundled together, either tightly with 

the option to purchase multiple similar but non-identical items together for a discount, or 

loosely through product reco=endations where similar but non-identical items are 

displayed alongside. For example, Amazon.com shows products similar to the one being 

browsed, and often gives the consumer the option of buying two or more similar products 

at a price that is discounted from the sum of the individual prices. More recently, 
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Amazon has begun to offer free shipping on orders over $25, encouraging consumers to 

buy multiple goods and thus bundle their purchases. Studies have shown that cousumers 

who consulted product recommendations are twice as likely to select recommended 

products compared to cousumers who did not consult recommendations (Senecal and 

Nantel 2004). Often, eWOM is seen as a subset of online recommendation systems 

(Senecal and Nantel 2004). Prior research in economics and marketing has shown that 

products can rent the reputation of other agents, in this case other products in the same 

bundle or pool (Andersson 2002; Chu and Chu 1994). However, no research have been 

conducted so far to study whether online reputations can be pooled or bundled together as 

well. While conventional microeconomic theory would consider the recommended 

products as showing both supplementary and complementary characteristics, in the 

context of reputation, the recommended products are complementary in that they lend 

their collective reputation to the product being evaluated. 

1.1.4 Impact of reviewer type on product sales 
There has also been recent interest in academia on the type of reviewer who generates the 

review or eWOM. Most research on eWOM focuses on the impact of user or cousumer 

reviews on product sales. However, reviewers can be non-cousumers, such as 

professional critics who provide unbiased third-party expert reviews of a product to 

consumers. Prior empirical research into the impact of expert reviews on consumption is 

limited to printed word-of-mouth such as movie-critic's reviews and book reviews in 

leading newspapers. Eliashberg and Shugan (1997) studied the impact of the role of 

movie-critics on box office success, and found that critics (who are experts) can have two 
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possible effects, these being caused by their being influencers or predictors of sales. The 

predictor and influencer effects refer the ability of a review to influence consumers' 

decisions and the ability of a review to predict consumers' decisions, respectively. Their 

study found no significant influential impact of critical reviews on box office sales for the 

following month. They did, however, find a significant correlation between critical 

reviews and eventual box office performance, supporting the hypothesis that 

critics/experts are predictors of success or failure. Reinstein and Snyder (2005) also 

researched the influencer and predictor effects of expert reviews, and contrary to 

Eliashberg and Shugan (1997), found that after removing spurious correlations, a small 

influencer effect was present. In another study on the impact of expert reviews, Sorensen 

and Rasmussen (2004) found that the saying "any publicity is good publicity" is partially 

true when it comes to expert book reviews and their impact on sales. They attnbute this 

phenomenon to the fact that expert book reviews play the role of announcers of the 

book's existence, as well as to inform consumers about the product's content and 

characteristics. They also note that when product quality is unknown prior to 

consumption, product reviews by experts or other consumers play an important role in 

shaping demand. The practice of online expert reviews has become prevalent in major 

successful Internet portals - such as amazon.com, CNET.com, Edmunds.com. Compared 

to oflline or printed expert reviews, online expert reviews have two distinct 

characteristics. First, online expert reviews are more permanent, as online reviews are 

often posted indefinitely, as opposed to the daily newspaper, which is discarded relatively 

soon. Second, online expert reviews often have spatial proximity to the goods being 

evaluated, since both are available online. Dellarocas et al. (2005) studied the impact of 
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movie critics (experts) listed on Yahoo Movies, a popular online portal, - although most 

of these critics are not true online experts, as their offiine reviews are just posted online. 

Despite this apparent significance of eWOM in e-commerce, we are unaware of any 

research studying the impact of online expert reviews on sales of digital goods such as 

freeware. 

1.1.5 Impact of eWOM on sales of digital mlcroproducts 
There has been no prior research conducted on the impact of eWOM on sales of digital 

microproducts. However, studies have been conducted on the impact of eWOM on sales 

of regular/normal digital products such as video games, movies and books (Bounie et al. 

2005; Chevalier and Mayzlin 2003; Duan et al. 2005; Lin et al. 2005; Liu 2006; Pollach 

2006; Reinstein and Snyder 2005; Zhang et al. 2004). Video games, movies, software, 

music and even books can be considered to be digital products (or information goods), 

since they can be digitized, even though they may not be presently in digitized form (Hui 

and Chau 2002; Varian 2001). As mentioned previously, single-price digital products are 

more likely to be impacted by reputation signals, including eWOM, since price is no 

longer a differentiating factor. Research that comes closest to studying this phenomenon 

are studies on the impact of eWOM on movie sales (Duan et al. 2005; Liu 2006; 

Reinstein and Snyder 2005; Zhang et al. 2004), since movie-ticket prices are not 

differentiated for mainstream movies, although they do vary by geographic location. 

These studies however. did not make this characteristic either explicit or as a focal point 

of research. Research into actualized digital products is very limited, with the study of 

video games, which can be downloaded from the vendor's website, being an exception 
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(Bounie et al. 2005). Neither actualized digitized video games nor actualized digitized 

movies can be considered to be microproducts, since the former is expensive (between 

$25 and $80 a copy), and the latter, although cheaper at about $9 (although not 

insignificant), is large in terms of data-size and duration. The impact of eWOM as a 

reputation signal for pure-play digital microproducts has yet to be researched. 

1.2 Research Problem 
The overarching research problem is the impact of electronic word of mouth on digital 

microproducts. We look at eWOM as a signal of product reputation, brand reputation and 

the reputation of complementary goods. We also look at the impact of the reviewer type 

on consumption of digital microproducts. 

1.2.1 Research Questions 
The review of the literature has shown that there are many unanswered questions 

regarding the impact of eWOM on product sales. Specifically, this dissertation attempts 

to answer the following important research questions: 

1. What is the impact ofeWOM on sales of digital microproducts? 

a. What is the impact of eWOM as a signal of product reputation, on sales of 

digital microproducts? 

b. What is the impact of eWOM as a signal of brand reputation, on sales of 

digital microproducts? 
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c. What is the nature of the product-brand information mix with regards to 

eWOM and its impact on product sales? 

d. What is the impact of eWOM as a signal of complementary goods 

reputation, on the sales of digital microproducts? 

e. Since price is no longer a key differentiating factor, can an eWOM-based 

demand model be developed for digital microproducts? 

f. What is the longitudinal impact of eWOM 

i. How does the impact of eWOM, as a signal of product reputation, 

on product sales. change over time? 

ii. How does the impact of eWOM, as a signal of brand reputation. on 

product sales, change over time? 

iii. How does the impact of eWOM, as a signal of complementary 

goods reputation, on product sales, change over time? 

2. Are all eWOM created equal? 

a. Are some digital microproducts more likely to generate eWOM? 

i. If so, what role does brand reputation play on the likelihood of 

product eWOM generation? 

ii. If so, what role does complementary goods reputation play on the 

likelihood of product eWOM generation? 

b. Do some eWOM have more of an impact on product sales than others? 

1. If so, what role does brand reputation play on the likelihood that 

product eWOM will have an impact on sales? 
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11. If so, what role does complementary goods reputation play on the 

likelihood that product eWOM will have an impact on sales? 

3. What is the impact of reviewer type on digital microproducts? 

a. What is the impact of an expert review on consumption of digital 

microproducts? 

b. What is the impact of an amateur user review on consumption of digital 

microproducts? 

c. Do expert and amateur user reviews overlap? 

This dissertation will attempt to answer these questions using real-world data. The 

dissertation will consist of three distinct but related empirical studies. While the research 

questions we ask and attempt to answer in this dissertation are directed towards digital 

microproducts in particular, they could also be generalized under certain conditions to 

regular products, since eWOM platfonns and content structure are identical for both 

digital microproducts and other products, digital or otherwise. 

1.3 Research Design 
This dissertation follows a three-essay fonnat, with each essay consisting of an empirical 

study. All three essays will use real-world datasets, although the research methodology 

differs across essays. 
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1.3.1 Study 1: "The Three Faces of eWOM: Their Impacts on Digital 
Mlcroproducts" 
The first empirical study researches the impact of eWOM as a signal of reputation, and a 

demand model for digital microproducts based on eWOM is developed. This study 

identifies three levels of reputation, including product reputation, brand reputation, and 

the reputation of complementary goods, and researches the impact of eWOM, as a signal 

of each of these levels of reputation, on sales of Amazon Shorts, a digital microproduct. 

The impact of eWOM as a signal of product reputation, on microproduct demand, is 

studied in detail, taking into the account the existence versus non-existence of customer 

reviews, the number of reviews, the average rating of the reviews, and the number of 

elected votes for validated reviews. The impact of eWOM as a signal of brand reputation, 

as well as the product-brand information mix, on microproduct demand is studied. 

Finally, the impact of e WOM, as a signal of the reputation of complementary goods, on 

microproduct demand is also studied. The study concludes with an integrated demand 

model for Amazon Shorts with all eWOM-based demand variables being empirically 

tested. This study also maps out the changes in the predictive power of the various 

eWOM variables in the demand model, and determines how eWOM, as various 

reputation signals, including product reputation, brand reputation and complementary 

goods reputation, fluctuates in its predictive power. 

1.3.2 Study 2: "Can brand reputation help Improve the odds of being 
reviewed online?" 
Recent research in e-commerce has reinforced the importance of product reviews. Thanks 

to the low costs of posting and maintaining online reviews, most e-business sites post 

reviews indefinitely until they remove the product. Interestingly and despite the ease of 

13 



posting review, only a few enjoy a steady stream of additional reviews. This study 

measures the impact of brand and pooled reputation on the odds of additional reviews 

being posted. In this paper we argue that brand reputation signaled by existing e WOM 

can help predict the odds of future eWOM behavior in the form of new online reviews. 

Given the importance of the reputation of complementary goods. and in electronic 

markets, where the concept of product bundling can be easily implemented, we argue 

here that the reputation of complementary goods. as signaled by eWOM can help predict 

the odds for new review posting as well. 

1.3.3 Study 3: "Freeware downloads: An empirical Investigation Into the 
Impact of expert and user reviews on demand for digital goods" 
Electronic word-of-mouth, or eWOM, on e-commerce platforms has become ubiquitous 

and has recently generated renewed interest among researchers to explore its impact in 

the e-marketplace. However, published research to date has yet to study the impact of 

expert reviews on digital goods and their combined impact with users' reviews. The 

purpose of this research is to determine whether expert and amateur user reviews have 

different levels of impact on consumption of digital microproducts, and to measure the 

levels of impact. To achieve this, an empirical study of 143 freeware is conducted to 

measure the impact of two distinct types of eWOM, those produced by experts 

(professional reviewers) and those offered by users (consumers) on the number of 

downloads. 
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1.4 Dissertation Research Contributions 
'This research is expected to make several contributions to the fields of information 

technology management and marketing. In the field of information technology 

management, the eWOM based demand model that was developed will help researchers 

to better understand the emerging phenomenon of digital microproducts. In the field of 

marketing, this dissertation will help advance research into electronic word-of-mouth 

(eWOM), by making several key contributions. First, it will study brand reputation as 

signaled by eWOM, and its impact on online product sales. Second, it will study the 

reputation of complementary goods as signaled by eWOM, and its impact on online 

product sales. Third, it will study the product-brand information mix from an eWOM 

perspective. Fourth, the development of an eWOM based demand model using three 

reputation levels will help understand the cumulative impact of various types and levels 

of eWOM. Fifth, the changing impact of eWOM on product sales over time will be 

mapped out. Sixth, a detailed longitudinal study on the impact of existing reputation on 

the odds of new product eWOM generation will add a new level of depth to research into 

eWOM. Finally, this dissertation will also shed new light on the interplay between expert 

and amateur online reviews. 
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Chapter 2. 

Study 1: The Three Faces of eWOM: Their Impacts on 
Digital Microproducts 

Abstract 

Electronic Word-of-Mouth (eWOM) has become a mainstream marketing practice in e

commerce, especially for digital microproducts such as Apple's 99-cents i-Tunes songS 

or Amazon.com's 49-cents short books, or Disney's $4.99 short videos. Digital 

microproducts are goods that can be delivered anywhere, at any time, at a low acquisition 

cost and no delivery costs. Since the selling price is small, fixed and identical to all 

products, it no longer plays a dominant role in the purchasing decision. As traditional 

micro-economic theory does not apply to these types of microproducts, we suggest that 

word-of-mouth has taken over price as a key demand factor. Looking at the impact on 

sales performance, we explore the three faces of eWOM - as signal of product reputation, 

brand reputation and reputation of complementary goods, on the microproduct buying 

decision. We conducted an empirical longitudinal study using 133 "Shorts" from 

Amazon.com over a one-year period. Shorts are condensed versions of books in PDF 

formats for a fixed price of 49 cents. The findings of our empirical research suggest that 

the valence of customer reviews is not a good predictor of book sales. However, book 

sales are correlated to the volume of reviews. the reputation of the author (brand), and the 

reputation of complementary goods. Furthermore, when there is no review, books written 

by a better reviewed author sell better, and the reputation of complementary goods has 

the strongest impact on the purchasing decision. Overall, the multi-faceted nature of 

eWOM as an effective marketing tool should be further exploited bye-businesses. 
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2.1 Introduction 
Over the past few years, there has been an emerging body ofliterature on the impact of 

eWOM on sales. eWOM has become a major source of purchasing decisions for 

increasingly web-savvy consumers (Bounie et al. 2005; Chevalier and Mayzlin 2006; 

Duan et al. 2005; Godes and Mayzlin 2004; Liu 2006). Online environments are highly 

suitable for research on word-of-mouth, and prior research has found that WOM can be 

critical to the foundation of demand for a new product (Eliashberg et al. 2005; 

Neelamegham and Jain 1999). The literature published to date has focused on experience 

goods such as books, movies and video games. No research has been conducted on the 

impact of eWOM on digital microproducts. 

This research seeks to measure the impact of electronic word-of-mouth (hereafter, 

eWOM) on sales of digital microproducts. Digital microproducts have gained in 

popularity in B2C e-commerce. As ofJanuary 2007, Apple's iTunes store had sold over 

two billion digital songs at 99 cents a piece, up from none in just over two years. The 

creation of a multi-billion dollars in sales for a product with zero marginal cost (Varian 

2000) in an ultra-competitive environment heralds the emergence of a truly remarkable 

business model. Apple's iTunes songs can be classified as digital microproducts, which 

are goods and services available in electronic format, perform a micro-task/service and 

have a low price (Gopal et al. 2003; Hui and Chau 2002). With these product 

characteristics, the impact of price on sales (quantity) is mitigated and channeled into 

quality perception. 

The chapter is organized as follows. The following section highlights the key 

economic aspects of digital microproducts. Section 2.3 discusses the relevant literature 
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and develops the research model. The details of the steps taken in the empirical study to 

validate the demand model follow. We then report the results, discuss the findings and 

highlight the implications. 

2.2 The Importance of eWOM for Digital Mlcroproducts 
Digital goods and services can be easily broken down into smaller units to be recombined 

and sold on demand, typically in multiples (Choi and Whinston 1999; Hui and Chan 

2002). Digital goods that can be broken down into smaller units are known to have high 

granularity (Hui and Chau 2002). Generally speaking, micro-commoditization and micro-

consumption are two new phenomena that are revolutionizing the digital world (Gopal et 

al. 2003). Micro-commoditization refers to the ability of a producer to disaggregate a 

product or service into granular components for delivery to a customer, while micro-

consumption is the ability of customers to consume such disaggregated components over 

time (Gopal et al. 2003; Hui and Chau 2002). Simultaneously, two fundamental techno-

economic forces are influencing the field of ecommerce. These are micro-consumption 

enablers, which are autonomous intelligent systems that allow for acquisition and 

consumption of digital products in the smallest possible units, and micro-commodity 

enablers, which allows traditional non-tradable products and services to be broken into 

the smallest possible units for distribution and consumption (Gopal et al. 2003). 

Unlike normal products, digital microproducts can be delivered anywhere, at any 

time, often have a selling price that is very low, fixed and identical for all products. With 

these product characteristics, the impact of price on sales (quantity) is trivial, thus 

mitigated and channeled into quality perception, and so price is no longer the primary 

demand factor. Digital microproducts often have low trialability (Hui and Chau 2002), 
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which means that the good cannot be tested prior to purchase, leading to an increased 

reliance on signals. Signaling is most useful for products that are experience goods, and is 

particularly effective for lesser-known or new products (Kinnani and Rao 2000). Thus, 

for digital microproducts, quality signaled through eWOM is likely to become a key 

demand factor. 

Digital microproducts, being information goods, have three primary characteristics: 

they are experience goods, have a very low marginal cost of production, and are also 

public goods (Varian 2001). Experience goods are defined as goods whose quality can 

only be determined after consumption, and are a cause of information asymmetry 

(Kirmani and Rao 2000; Nelson 1970). For such experience goods, word-of-mouth is 

widely recognized as a major source of information for consumers' purchasing decisions 

(Neelamegham and Jain 1999; Reinstein and Snyder 2005). A distinctive feature of 

microproduct markets is the successful practice of selling goods at a single low price. 

Pricing at a low price seeks to reduce the consumer's temptation to engage in piracy 

(Varian 2005) while increasing sales. When the price is low and fixed, product quality is 

likely to play an even greater role in the purchasing decision. 

As traditional price-driven micro-economic theory does not fully apply to these 

types of micro products, we use electronic word-of-mouth (eWOM) as a key demand 

factor instead of price. eWOM is defined as a positive or negative statement made by 

customers (real or potential) about a product, which is made available to a multitude of 

people and organizations through the electronic medium of the Internet (Hennig-Thurau 

et al. 2004). While traditional or omine WOM is exchanged through oral communication 
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in real time and a limited geographical space, eWOM is propagated electronically over 

the internet with a disconnect in space and time (Weinberg and Davis 2005). 

We are interested in the purchasing process of digital microproducts, and seek to 

understand why some seemingly similar digital microproducts are more successful than 

others. Specifically, we focus our research on the impact of eWOM - as a signal of 

product reputation, brand reputation and reputation of complementary goods - on the 

digital microproduct buying decision. To this end, we conducted a year-long empirical 

study of Amazon Shorts, a digital microproduct that contains a short story or guide and is 

available from Amazon.com. We use actual eWOM download directly frorn 

Amazon.com to study the impact of eWOM as a reputation signal on sales of these digital 

microproducts. Prior research has focused on eWOM as a signal of product quality, a 

dimension of product reputation. Product reputation can be defined as a positive view of 

a product held by various consumer groups (Wernerfelt 1988). In this study, we extend 

existing research to include two additional faces of eWOM - as a signal of brand 

reputation, as well as a signal of the pooled reputation of complementary goods. Based on 

these three types of e WOM signals, we develop a market demand model for digital 

microproducts. We then proceed to test the demand model empirically on Amazon 

Shorts. 

2.3 Literature Review and Problem Formulation 
The impact of traditional (or omine) word-of-mouth on sales has been studied 

extensively in the marketing literature (Anderson 1998; Arndt 1967; Bayus 1985; Bone 

1995; Brooks Jr 1957; Dichter 1966; Engle et al. 1969; Holmes and Lett Jr 1977; Richins 
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1983; Swan and Oliver 1989; Tax et al. 1993). Word-of-mouth communications have 

been shown to influence awareness, expectations, perceptions, attitudes, behavioral 

intentions and behavior (Ha 2004). However, following the emergence of the Intemet in 

the 1990s and the subsequent adoption of electronic commerce by consumers, there has 

been a renewed interest in the role of word-of-mouth and its impact on electronic 

commerce. Word-of-mouth is widely articulated online in the form of reviews and 

ratings. Reviews consist of text that describes the product being evaluated, while ratings 

consist of a numerical score that evaluates that good. Ratings typically range from a score 

of 0 to 5, although this varies quite a bit from Website to Website. For example, video 

gaming websites usually have a more complex rating system to take into account factors 

such as game play, graphics, and sound (Bounie et al. 2005). On Amazon.com, anyone 

with an Amazon account (which is free) may post text reviews and assign a rating score 

to the good, usually a book, being reviewed. Amazon.com then aggregates all the 

individual ratings into a single average customer rating, which is displayed prominently. 

Online feedback mechanisms that allow for the storage and exchange of eWOM are 

referred to as reputation systems (Dellarocas 2003; Resnick et al. 2000). We are 

interested in the impact of eWOM on online sales and will restrict our study to such. 

2.3.1 Motivation to Read eWOM 
The motivation to read eWOM is quite intuitive. It is free, and, hopefully, helps make an 

informed choice. A recent online survey on a popular European website dealing with 

video games found that a third of the respondents read customers' reviews often, and half 

always read customers' reviews before purchasing new video games (Bounie et al. 2005). 
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Consumers are more likely to depend on WOM for experience goods, since IDrormation 

is lacking and product quality cannot be detemrined before consumption (Kirmani and 

Rao 2000; Nelson 1970). 

Researchers in consumer behavior have identified eight motives for consumers to 

read eWOM. These include risk reduction, reduction of search time, learning how a 

product is consumed, learning what new products exist, dissonance reduction, 

determination of social position, remuneration, and a sense of belonging to a social 

community. Of these motives, obtaining buying-related information is considered the 

strongest one (Hennig-Thurau and Walsh 2003). 

eWOM is a public good and thus there is a strong incentive for consumers to gain 

something from nothing (Bounie et al. 2005). Furthermore, and compared to traditional 

WOM, eWOM is persistent, organized and easily available, making it easier for the 

consumer to look for product information with little or no search effort. All these factors 

together serve as a strong motivation to read eWOM. Digital rnicroproducts are 

experience goods with almost insignificant price elasticity (low and fixed price), and thus 

the motivation to read online WOM for digital microproduct is expected to be even more 

compelling. 

2.3.2 Motivation to Write eWOM 
Consumers engage in word-of-mouth behavior when expectations are either exceeded or 

not met (Anderson 1998). Known as homeostase utility, people seek for emotional 

balance, and whenever in a state of imbalance, need to express strong emotions, both 

positivie and negative, to restore homeostasis (Hennig-Thurau et al. 2004). However, the 

underlying motives for engaging in word-of-mouth is different when expectations are 
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exceeded, which leads to positive word-of-mouth, as compared to when expectations are 

not met, which leads to negative word of mouth (Sundaram et al. 1998). Consumers are 

motivated to engage in positive word-of-mouth for altruistic, product-involvement and 

self-enhancement purposes (Dichter 1966; Sundaram et al. 1998), and are motivated to 

engage in negative word-of-mouth for altruistic, anxiety reduction, vengeance and 

advise-seeking reasons (Sundaram et al. 1998). Often, the motivation for engaging in 

negative WOM is called dissonance reduction (Buttle 1998; Dellarocas and Narayan 

2006; Engle et al. 1969). Consumers who articulate themselves on the Internet through 

online reviews (eWOM), are primarily motivated by a desire for social interaction and 

possible economic incentives, their concern for other consumers, and the potential to 

enhance their own self-worth (Hennig-Thurau et al. 2004). 

2.3.3 eWOM and Digital Mlcroproducts 
The impact of eWOM on sales of various types of goods has been studied over the past 

few years, with varying results and degrees of success. Also, the research has focused on 

eWOM as a signal of product reputation, and the impact of eWOM as signals of other 

types of reputation has had limited, if any attention paid academically. Furthermore, there 

has been no prior research conducted on the impact of eWOM on sales of digital 

microproducts, although studies have been conducted on the impact of eWOM on sales of 

regular/normal information products such as video games, movies and books (Bonnie et 

al. 2005; Chevalier and Mayzlin 2006; Duan et al. 2005; Lin et al. 2005; Liu 2006; 

Reinstein and Snyder 2005; Zhang et al. 2004). Video games, movies, software, music 

and even books can be considered to be information products, since they can be digitized, 
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even though they may not be presently in digitized fonn (Hui and Cbau 2002; Varian 

2001). 

Single-price digital products are more likely to be impacted by reputation signals, 

including eWOM, since price is no longer a differentiating factor. Research that comes 

closest to studying this phenomenon are studies on the impact of eWOM on movie sales 

(Duan et al. 2005; Liu 2006; Reinstein and Snyder 2005; Zhang et al. 2004), since movie-

ticket prices are not differentiated for mainstream movies, although they do vary by 

geographic location. These studies however, did not make this characteristic either 

explicit or as a focal point of research. 

Research into actualized digital products is very limited, with the study of video 

games, which can be downloaded from the vendor's website, being an exception (Bounie 

et al. 2005). Neither digitized video games nor digitized movies can be considered to be 

microproducts, since the fonner is expensive (between $25 and $80 a copy), and the 

latter, although cheaper at about $9 (although not insignificant), is large in terms of data-

size and duration. The impact of eWOM as a reputation signal for pure-play digital 

microproducts has yet to be researched. 

2.3.4 eWOM as a Signal of Product Reputation 
Research on the impact of word-of-mouth has focused on two main attributes, namely 

volume and valence (Uu 2006). Volume refers to the number of messages and valence 

refers to the nature of the message (Liu 2006). Several studies have emerged that study 

the impact of the volume and valence of eWOM. Chevalier and Mayzlin (2006) studied 

the impact of online customer reviews of books on sales By using the differential 

between the sales rankings from Amazon.com and Barnes & Noble's website to 
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determine the impact of customer reviews on online book sales, they concluded that 

differences in the ratings for the same book across the two sites are responsible for the 

difference in relative sales ranks at the two sites. 

Liu (2006) studied the ability of eWOM to predict box-office revenues, and found 

that the volume was able to significantly predict final box office sales, although the 

valence of eWOM had no impact on box office sales, leading to the conclusion that 

eWOM has a primarily informative effect on awareness. These findings agree with Duan 

et al. (2005), who found that the volume of eWOM was able to predict box-office sales, 

but the valence had no explanatory power. However, in a third study on the impact of 

eWOM on box-office sales, Zhang et al. (2004) collected movie reviews from Yahoo 

Movies to compare each movie's weekly earnings with its reviews, and found that 

eWOM has a positive impact on movies sales, thus concluding that favorable reviews do 

induce more people into going to the movies. They also tentatively found that eWOM has 

a stronger impact on movie sales than offline WOM. In a study on TV viewership, Godes 

and Mayzlin (2004) studied the impact of online WOM on the popUlarity of TV shows by 

analyzing the dispersion of online conversations about TV shows across virtual 

communities, specifically Usenet groups, and concluded that higher eWOM dispersion 

(presence across many communities) is related to higher future sales. However, they also 

found that the impact of eWOM dispersion declines over time and that the volume of 

eWOM is not consistently associated with higher future sales. Clearly the findings on the 

impact of valence and volume of eWOM are conflicting. It is likely that the impact of 

eWOM is dependent on the type of good (movies, books, videogames, television shows), 

as well as the type of eWOM (structured, unstructured), and that further investigation of 
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this new phenomenon is warranted. We extend the existing body of research into the 

impact of eWOM on product sales to include digital microproducts. We expect that the 

impact of eWOM on digital microproducts should be more pronounced since the entire 

consumer experience from the decision making process to payment, delivery and 

consumption occurs electronically. In our research. we attempt to measure the impact of 

eWOM on digital microproducts. Based on the recent study by Liu (2006). we will 

assume that the volume of e WOM is related to sales, but that the valence is not, and set 

up our hypotheses accordingly. 

Hypothesis la: Digital micro products with at least one customer review assigned to them 

will have better sales than those digital micro products without any reviews assigned to 

them. 

Hypothesis 1 b: The valence of the reviews for a digital micro product will have no 

correlation with sales. 

Hypothesis 1 c: The volume of customer reviews for a digital micro product will have a 

positive correlation with sales. 

2.3.5 eWOM as a Signal of Brand Reputation 
A characteristic ofeWOM research is its focus on eWOM as a signal of product 

reputation. thereby impacting product sales. Little attention has been paid to the impact of 

eWOM on brand reputation, although the impact of offline WOM on brand reputation has 

been studied (Bone 1995; Laczniak et al. 2001; Richins 1983). Brand reputation is the 

perception of quality associated with a brand name (SeInes 1993). Studies have shown 

that brand names can signal higher quality to consumers «Akerlof 1970; Darby and 
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Kami 1973; Jacoby et aL 1977; Milgrom and Roberts 1986; Ross 1988}. When faced 

with the uncertainty of product quality, consumers rely on brand names as a sign of 

product quality (Dawar and Parker 1994; Seines 1993). 

Brand names are also substitutes for consumer's own information gathering on the 

Internet (Ward and MichaeI2000}.Word-of-mouth plays an important role in consumers' 

perception of a particular brand name. Consumers who are particularly pleased or 

displeased with a brand will make their opinions known to other consumers through 

WOM communication (Richins 1983), and the existence of positive word-of-mouth has 

been shown to lead to favorable attitudes towards a particular brand (Herr et al. 1991). 

Conversely, consumers will also tell other consumers about a negative experience 

(dissonance reduction), and also react by switching brands (Richins 1983). Research has 

found that online brand trust, which is the willingness of consumers to rely on the ability 

of the brand to perform its stated function and is an underlying dimension of brand 

loyalty, is strongly influenced by word-of-mouth (Ha 2004). Brand trust in turn leads to 

brand performance (Chaudhuri and Holbrook 2001). Thus it is very likely that electronic 

word of mouth related to the brand will have a significant impact on the microproduct 

purchasing decision. We propose the following hypothesis to test the impact of eWOM 

as a signal of brand reputation. 

Hypothesis 2a: The valence of brand-related e WOM will be positively co"elated to sales 

of digital micro products. 

While the classical economic models assume that consumers have perfect information 

about a product, research has shown that in reality, consumers will perform product 

information search, but will stop short of being perfectly informed due to the rising cost 
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of information search (Brynjolfsson and Smith 2000; Nelson 1970; Stigler 1961). Often, 

consumers will partially or wholly substitute brand information for product information, 

more so when experience goods are involved (Nelson 1970; Ward and Michael 2000). 

Thus consumers will likely use a mix of brand information and product search while 

making a purchasing decision for experience goods such as digital microproducts. 

Indeed, research has found that brand use and product search by consumers are 

substitutable on the Internet (Ward and Michael 2000). We will test for this 

substitutability of brand and product information search for digital microproducts in the 

context of e WOM. 

Yes Brand 
ReputatloD 

KallDg 

No 

Brand 
ReputallDn SALES 

KallDg H2b 

Figure 1. Substitutability of Product Searcb aud Braud ReputatiOD 

Hypothesis 2b: When customer reviews (product eWOM) for the digital micro product do 

not exist. brand-related e WOM will have a higher correlation with sales than when 

customer reviews do exist. 
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Hypothesis 2c: When customer reviews (product e WOM) for the digital micro product do 

exist, brand-related e WOM will have a lower correlation with sales than when a 

customer rating does not exist. 

2.3.6 eWOM as a Signal of the Reputation of Complementary Goods 
Even less attention has been paid in academic research to the impact of the reputation of 

complementary goods on product sales. Studies have shown that bundling digital! 

information goods on the internet can be very profitable (Bakos and Brynjolfsson 1999). 

It is now common a practice on electronic commerce websites for products to be bundled 

together, either tightly with the option to purchase multiple similar but non-identical 

items together for a discount, or loosely where similar but non-identical items are 

displayed alongside by a product recommendation system. For example, Amazon.com 

lists products similar to the one being browsed, and often gives the consumer the option 

of buying multiple similar products in a bundle at a discounted price. Amazon has also 

started to offer free shipping on orders over $25, thus encouraging consumers bundle 

their purchases by buying mUltiple products in one online shopping session. 

One form of bundling is called portfolio bundling, which involves selling a 

portfolio of distinct yet similar products (Choi and Whinston 1999). The emergence of 

ecommerce and the increased micro-consumption and micro-commoditization of goods 

leads to another form of bundling, where a collection of complementary products that are 

consumed together are offered together (Choi and Whinston 1999; Gopal et aI. 2003). On 

the leading ecommerce websites, automated expert systems recommend such bundles to 
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consumers. eWOM is a subset of such online recommendation systems (Senecal and 

Nantel 2004). 

Prior experimental research has shown that consumers who consult online product 

recommendations are twice as likely to select these recommended products as compared 

to consumers who did not consult online product recommendations, and that online 

recommendation systems had more influence on consumer choices than human experts or 

other consumers (Senecal and Nantel 2004). Prior research in economics and marketing 

has shown that products can rent the reputation of other agents, in this case other products 

in the same bundle or pool (Andersson, 2002; Chu & Chu, 1994). However, no research 

has been conducted so far to study whether online reputations can be pooled or bundled 

together as well. Although conventional microeconomic theory would consider the 

recommended products as having both supplementary and complementary characteristics, 

in the context of reputation, the recommended products are complementary in that they 

lend their collective reputation to the product being evaluated for purchase. We intend to 

test whether individual product reputations, as signaled by eWOM, can be bundled 

together as well to represent the reputation of complementary goods. 

Hypothesis 3: The average customer rating of complementary goods taken together will 

be correlated to the sales of the digital microproduct. 

eWOM-based Demand Model 
Based on the above discussion, we propose that eWOM will replace price as a key 

demand factor, with consumers processing eWOM at the product, brand and "pooled" 

levels in order to make a purchasing decision. To this end, we derive an eWOM-based 
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demand model for digital microproducts that incorporates the product's reputation, the 

brand reputation, and the pooled reputation of complementary goods. Next, we conduct 

an empirical study to test the research model. 

eWOM 
~---------------------~ 

PRODUCT 
REPuTATION 

BRAND REPUTATION 

, , 
: COMPLEMENTARY 

: GOODS REPUTATION , , 
: ' 
~---------------- ______ I 

SALES 

Figure 2. Modeling e WOM: A Demand Model for Digitnl Mleroprodncts 

2.4 An Empirical Study: The Impact of eWOM on Sales of 
Amazon Shorts 

2.4.1 Amazon Shorts as Digital Mlcroproducts 
Amazon Shorts are electronic books or e-books available for download in PDF format 

from Amazon.com. Each Amazon Short consists of a short story or other literary work, 

hence the name "Shorts". They became available in August 2005, and are featured quite 

prominently on Amazon.com. They are priced at a flat rate of 49 cents each, which 

controls for the impact of price on preference between the Amazon Shorts (henceforth 

referred to as just "Shorts"). Initially, 65 Shorts were made available, with a steady 

stream of additions over time. As of the end of January 2006, there were over 1.000 
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Shorts available for purchasel
• Since a Short is both a micro-commodity and micro-

consumable, available in digital format ata low price, it is classified as a digital 

microproduct. The eWOM generated by consumers of Amazon Shorts can be considered 

to be typical eWOM since Amazon Shorts use the same platform for obtaining and 

displaying reviews as all other products sold on Amazon.com. Thus findings on reviews 

of Amazon Shorts could be generalized beyond a niche category of e-books to digital 

microproducts. Amazon.com's "Shorts Homepage" provides a number of critical 

information for the purchasing decision: Information about the Short, the author, 

customer reviews and ratings, as well as similar items previously bought by consumers. 

2.4.2 Research Model 
Based on the general eWOM based demand model presented in the previous section, we 

derive a model specifically for Amazon Shorts. For Amazon Shorts, the customer reviews 

for each Short signals its product reputation, and the eWOM for the Short's author's 

other works signals the brand reputation. eWOM for products bought in a bundle or 

sequence along with the Short signals the reputation of complementary goods. Amazon 

refers to these products as ''Similar Items" bought by other consumers. Taken together, 

we propose that these three eWOM signals will drive demand for digital microproducts, 

which are identical in terms of price (49 cents each) and media (all Shorts are in PDF 

format). 

1 When this longitudinal study was begun, 133 Shorts were available, and only these Shorts are used for 
this empirical study. 
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2.4.3 Measures 

Customer Reviews as signal of Product Reputation 
Amazon.com provides detailed customer reviews to help aid in the decision making. 

Consumers are also encouraged to post online reviews, in the form of text, as well as a 

numerical rating from 1 to 5. An "Average Cnstomer Rating" score is provided for all 

Shorts with reviews. This rating also ranges from 1 to 5, and is the average of all 

customer ratings for that particular Short. Amazon's "average customer rating" score has 

been validated as a measure in previous research on eWOM (Chevalier and Mayzlin 

2006). This average cnstomer rating is the valence of the eWOM. The number of reviews 

that are posted for each digital microproduct, and from which the average customer rating 

is derived, is the volume of eWOM. 

Author Rating as signal of Brand Reputation 
As an e-book, the brand reputation of a particular Short is the reputation of the author 

who wrote the book. However, Amazon.com does not provide a score to measure the 

brand reputation (Brand Rating) of a Short. In order to achieve this, we have developed 

an "Author Rating" score for each Amazon Short. For this research, we obtained a list of 

up to ten of the author's works, and then averaged out the "Average Customer Rating" 

for each of those works2
• We then presented this score as the "Author Rating" ofa 

particular Short. The argument here is that when an author has several works with good 

(or bad) reviews, the author has made a brand name for himlherself. The rating on 

Amazon.com is based on a 5-star scale. We attempted to look at the content of the 

reviews to further assess the brand reputation. However, more than 80% of the valences 

2 When data were collected through Amazon.com system using their API, a set number of 10 books were 
provided per request. The median of the number of works by Shorts authors was 16 and the mode was 4. 
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are almost uniformly positive, making the evaluation trivial. Since the "Author Rating" is 

an average score derived from the "Average Customer Rating" score, which has been 

demonstrated elsewhere to be a valid measure (Chevalier and Mayzlin 2006), we expect 

that the "Author Rating" will also be a valid measure. 

Similar Products Rating as signal of Complementary Goods Reputation 
Alongside each Short on Amazon.com, a list of "Similar Products" is provided to the 

consumer. This list consists of products that Amazon.com considers to be complementary 

to the one being evaluated, and is based on the reasoning that "consumers who bought the 

Short in question also purchased those other products". As with the case of the Brand 

Rating, there is no direct measure available on Amazon.com to measure the 

Complementary Goods Rating of a Short. We thus developed a ''Similar Products" score 

for each Amazon Short, by obtaining a list of all Similar Products for the Short in 

question, and then averaging out the "Average Customer Rating" for each of those 

products. We then used this score to measure the "Average SP Rating" ofaparticular 

Short. As with the "Author Rating", since the "Average SP Rating" is an average score 

derived from the "Average Customer Rating" score, which has been demonstrated to be a 

valid measure, we also claim that the "Average SP Rating" is a valid measure. 

Sales Rank as Proxy for Sales Performance 
Amazon.com does not provide the actual sales numbers for Amazon Shorts. Instead, we 

used the Sales Rank of the Short within Amazon.com as a proxy of actual sales. Previous 

research on eWOM also has successfully used sales rank to compare sales performance 

between Barnes and Nobles and Amazon.com (Chevalier and Mayzlin 2006). The Sales 

Rank is inversely related to sales, i.e., the lower the Sales Rank, the higher the sales. This 
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Sales Rank is available on request from the Amazon Web Service, discussed in the next 

section. 

Testing for eWOM-based Demand Model for Amazon Shorts 
HIa: t-tests of Means of Sales Rank between Shorts with Reviews and those without 

Reviews 

HIb: Sales Rank =alb +Plb "'Average Customer Rating +E 

HIe: Sales Rank = ale + PIe'" Volume of Reviews + e 

H2a: Sales Rank = a2a + P2a "'Author Rating + E 

H2b: Sales Rank =a2b +P2b "'Author Rating "'Dummy2 + E 

H2c: Sales Rank =ale +P2c "Author Ratingo!< Dummyl + E 

H3: Sales Rank = a3 + P3" Similar Items Rating + E 

Demand Model: Sales Rank = Ildm + Plo!<Volume of Reviews + P2o!< Author Rating + 

p3*Similar Items Rating + E 

We exclude the Average Customer Rating from the demand model since prior research 

has shown that the valence of product-related eWOM does not impact sales (Duan et al. 

2005; Liu 2006). Our pretest also confirmed this finding. Our model differs from all other 

models on eWOM in that, to our knowledge, ours appears to be the only one that takes 

the reputation of the good through its brand rating into account. Our research is also 

unique in that it is to date the only "real-world" study to take the impact of 

complementary goods provided by an online recommendation engine into account, 

although Senecal and Nantel (2004) did conduct an experiment in this area. In an earlier 
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test, we used the log scale for the proposed model, and found no noticeable difference. 

We therefore use the untransformed scale for ease of interpretation. We test our demand 

model first for one single day's results, and then repeat the analysis over a 60-week 

period. 

2.4.4 Data Collection 
We used data on Amazon Shorts from Amazon.com's website to validate our demand 

model for digital microproducts. One of the most significant problems in measuring 

eWOM is the endogeneity problem (Godes and Mayzlin 2004; Reinstein and Snyder 

2005). Word-of-mouth is inherently endogenous in nature, that is, it is both a cause and 

outcome of sales. Controlling for this dual nature of eWOM is a challenge. Shorts have 

several attributes that are helpful to our research. First, these Shorts are available 

exclusively at Amazon.com for at least six months, which means that the sales of these 

Shorts at Amazon.com as represented by the Amazon Sales Rank comprise the entire 

domain of sales of this good This is crucial as most other similar research papers are 

unable to clearly show that sales from other outlets were not responsible for the existence 

of customer ratings, which is an endogenous variable. Second, these Shorts are all priced 

at 49 cents each. Third, the Shorts are available online in a single format (PDF), as a 

digital download (e-book), which eliminates the impact of multiple formats (hardcover, 

paperback, etc), shipping costs and time delays. Fourth, the very low pricing implies that 

the temptation to engage in piracy is low, since 49 cents is quite close to the sum of the 

marginal cost of replication and the cost of transaction of pirating this work (Varian 

2005). 
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We have written a software agent in Java and ran it together with the Amazon 

Web Service3 to automatically retrieve data on each Amazon Short daily. As of February 

10,2007, we collected daily data on 1004 Shorts, 133 of which are used in this study. 

The data include the average customer rating for that Short, the volume of reviews, the 

average customer rating for similar items/products (average SP rating), the average 

customer rating of other works by the same author (author rating), the sales rank of the 

Shorts within the Amazon Shorts category as well as the overall Amazon sales rank of 

each Short. We have been collecting data daily for the past ten months. Shorts were 

introduced at an exponential pace4
, with less than 150 Shorts introduced in the first six 

months, and nearly 800 Shorts introduced over the next one year. In this study, we limit 

our data to the first 133 Shorts, and leave panel-data analysis of the later Shorts for future 

research. 

2.5 Results 

2.5.1 Summary Statistics 
This section reports the statistical results and the hypotheses tests of our empirical study. 

The hypotheses and summary statistics were calculated over the entire 60-week 

observation period, once weekly. The results of the weekly changes are reported 

graphically, for brevity and practicality. We picked May 15'h, 2006, which is a halfway 

point in the observation period, and provide detailed results and interpretations for this 

dataset. 

3 Amazon.com bas made most of its website data available to the public, at no charge. Developers are able 
to access this data in XML format, using web services. This allows software that support web services to 
connnunicate with Amazon.com over the internet and request specific data on product offerings. 
4 The "introductinn of Shorts" plot fit a polynomial distribution almost perfectly (R-square:>O.97) 

37 



Tables 1-3 contain the summary statistics for all the variables, and Table 4 shows 

the correlation matrix for these variables. Table 5 shows the correlation matrix for only 

those Shorts with at least one online customer review. The results of the linear 

regressions are reported in Table 6. 

Table 1. Descriptive Statistics for all Amazon Shorta 

N Minimum MaxImum Mean Std. Deviation 
Sales Rank 133 6837 2423160 758659 570240 
Average Customer Rating 133 .00 5.00 3.0263 2.13936 
Number of Reviews 133 .00 14.00 1.8271 2.17601 
Author RatIng 133 .00 4.83 2.6839 1.13329 
Average SP RatIng 133 .00 5.00 3.1160 1.63161 

Table Z. Descriptive Statistics for Amazon Shorts witb reviews 

N Minimum MaxImum Mean Std. Deviation 
Sales Rank 91 6837 2064944 619036 488852 
Average Customer Rating 91 2.00 5.00 4.4231 .68282 
Number of Reviews 91 1.00 14.00 2.6703 2.16053 
Author Rellng 91 .50 4.83 3.1626 1.00264 
Average SP Rating 91 .00 5.00 3.5065 1.39995 

Table 3. Descriptive Statistics for AmazOD Shorts without reviews 

N Minimum Maximum Mean Std. Deviation 
Sales Rank 42 113813 2423160 1061177 620727 
Average Customer RatIng 42 .00 .00 .0000 .00000 
Number of Reviews 42 .00 .00 .0000 .00000 
Author RatIng 42 .00 4.25 2.2799 1.17587 
Average SP RatIng 42 .00 5.00 22762 1.79101 

Although the mean sales rank for the Amazon Shorts was about 758,000, the 

range is quite wide. The short with the lowest sales (and consequently largest sales rank), 

had a sales rank of 2.42 million, while the short with the highest sales had a sales rank of 
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just 6837, meaning that it was the 6837th most popular product sold on all of 

Amazon.com. 

The average customer rating of each online review was 4.42 out of 5, which is 

extremely skewed. Although the lowest possible rating was lout of 5, the lowest ever 

provided was 2, and even this was given very rarely. The average number/volume of 

reviews was 1.82, and for Shorts with reviews, the average rose to 2.67. Over a one year 

period from November 2005 to November 2007, the average volume of reviews rose 

from about 1.25 to just over 2 reviews per Short. The number of Shorts with reviews rose 

from 70 to 92 at the end of this period 

1
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Figure 3. Number of Shorts with RevIews (Np133) 
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Figure 6. Average Similar Products Rating over time 

The author rating averaged about 2.88 out of 5 for all Shorts, although Shorts with 

reviews had a higher author rating (3.16) than Short without reviews (2.28). However, 

both the range and standard deviation were similar. The author rating was remarkably 

consistent throughout the year. The average similar products ratingS average about 3.11 

for all Shorts. Like the author rating, Shorts with reviews had a higher average rating 

(3.51) than Shorts without reviews (2.28). The ranges were identical and the standard 

deviations were similar. The "average similar products rating" increased in a non-linear 

fashion from an average of about 2.00 to about 3.00 by the end of the year. 

Table 4. Correlations for Shorts (N=133) 

Average Customer Rating 
Number of Reviews 
Author Rating 
Average SP Rating 

Average Customer 
Rating 

1 
.599(**) 

.352(**) 

.342(**) 

.. Correlation Is slgnlflcant at the 0.01 level (2~talled). 

Number of 
Reviews 

1 
.308(**) 
.290(") 

5 This is the measure of the complementary goods reputation for Amazon Shorts. 

Author Rating 

1 

.430(**) 

AverageSP 
Rating 
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Table 5. Correlations for Shorts with reviews (N=91) 

Average Customer 
Rating 

Number of 
Reviews Author Rating Average SP RatIng 

Average Customer Rating 
Number of Reviews 

Author Rating 
Average SP Rating 

1 
.216(') 

.006 

.015 

, Correlation Is sIgnificant at the 0.05 level (2·lalled). 
- Correlation Is sIgnificant at the 0.01 level (2-lalled). 

1 
.168 
.153 

1 
.324(,,) 

As Table 4 shows, the correlations are all within acceptable levels «0.50). The 

average cuslomer rating was not included in this table because Shorts without reviews 

(about a third ofal1 Shorts in our study), do not have ratings assigned to them. We do not 

assign Shorts without reviews a rating of zero, since that implies that these Shorts have 

been judged poorly, which is not the case. Table 5 shows the correlations for only those 

Shorts with reviews, with the average cuslomer rating included. Here, the correlations 

drop considerably. 

2.5.2 eWOM and Product Reputation 
Hypothesis 1 a: Digital micro products with at least one customer review assigned to them 

will have better sales than those digital microproducts without any reviews assigned to 

them. 

As the Box and Whisker Plot (Figure 7) shows, there is a significant difference between 

the mean sales rank of Shorts with no customer reviews attached to them and those 

Shorts with customer reviews attached to them. 
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Shorts with customer reviews attached to them have a lower mean sales rank, which 

means that they have more sales, as the sales rank. is inversely related to total sales. The 

mean sales rank. for Amazon Shorts with customer reviews is about 619,035, while the 

mean sales rank. for Amazon Shorts without customer reviews is just over a million 

(1.061m). This means that, on average, when an Amazon Short gets reviewed, its sales 

rank. jumps by 442,141 rank. points. We conducted a t-test to determine if the means of 

the two groups are different, and obtained a t-value of 4.07, which allowed us to conclude 

that the two means are statistically different at the 0.01 level. We then compared daily 

means for the two groups over the one-year period (by repeating the test weeldy), and 

found that the group of Shorts with reviews consistently had a lower mean sales rank. than 

the group of Shorts without reviews6
• (See Figure 8) 

Table 6. Regression results with Sales Rank as Dependent Varlable 

Htb Ht. H2a H2b H2. H3 

Constanl +380758.77 +953648.48 +1367315.2 +1582130.3 +1025131.8 +1353657.0 
••• ••• ... ••• . .. 

Average Customer +53871.35 
Rating 
(Reviews) 
Number of Reviews -106722.4 

••• 
Author Rating -211056.5 

••• 
Author Rating (No -22M95.0 
Reviews) ••• 
Author Rating -12M06.3 
(Reviews) •• 
Average SP Rating -190827.7 

••• 
Model Fil F-value 0.507 26.046 27.969 9.218 6.633 55.643 

••• ... ... •• ... 
Adjusted R-square -0.006 .159 .170 .167 .059 .293 

N 91 133 133 42 91 133 

• p<O.IO **p<O.05 ··*p<O.Ol 

6 The spike al about week 6 represents the Christmas shopping week, and the relative Sales Rank spikes 
due 10 an abrupt increased sales of other products on Amazon.com However, the difference between the 
means of the sales ranks for the two groups of Shorts remains. 
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+1562161.8 
• •• 

-62080.26 
• •• 
-87108.80 
•• 

-140754.0 
• •• 
27.375 
• •• 
.375 
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Hypothesis 1 b: The average customer rating of an Amazon Short will have no correlation 

with sales. 

The following model was tested to examine the impact of the average customer rating on 

sales: 

Sales Rank =alb +lhb * Average Customer Rating +E 

As hypothesized, the regression results (Table 6) do not show support for 

Hypothesis I b. Thus, there is no statistically significant correlation between the average 

customer rating of a digital microproduct and sales. Only those Amazon Shorts with 

reviews attached to them were included in the analysis. We attribute this to the fact that 

there is very little variability in the average customer rating score. More than 60% of all 

reviews for Amazon Shorts have a rating of 5, while ratings between 4 and 5 account for 

30% of all reviews. This means that over 90% of all reviews are rated more than 4 out of 

5, with only 10% of reviews being rated fewer than 4 stars. This lack of variability likely 

accounts for the insignificant predictive power of the average customer rating score. The 

weekly longitudinal testing confirmed a consistent inabilitY to predict sales. This finding 

is in line with other studies have found the valence to be insignificant (Duan et al. 2005; 

Liu 2006). This is a phenomenon that warrants further investigation. 
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Hypothesis 1 c: The volume of customer reviews for the e-book is correlated with the sales 

of the Amazon Short 

Hlc: Sales Rank = Q + ~ 1* Volume of Reviews + & 

We find support for Hypothesis lc, as there is a statistically significant relationship 

(p<0.01) between the volume of customer reviews and the sales rank for Amazon Shorts. 

The total volume of reviews posted for an Amazon Short can explain 15.9% of the 

variance in the Sales Rank? The model F-test value at 26.04 is quite strong. The 

standardized beta is -0.407, which implies that a one percent increase in the volume of 

reviews improves the Sales Ranking by 0.407 percent Alternatively, an increase of one 

customer review improves the sales rank by over 100,000 rank points. When no customer 

reviews exist, the sales rank for the Short is close to a million rank points. 

We charted the explanatory power of the volume of online customer reviews over 

the one-year period. The explanatory power fluctuated considerably8, with a mean R-

square value of 0.124, with a range between 0.054 and 0.175. 

7 Unlike the hypothesis test for the impact of valence, all Amazon Shorts were included here, and not just 
those Amazon Shorts with customer reviews attached to them. 
• To measure fluctuation, we use six·sigma control charts, wbich calculate six standard deviations from the 
mean, three positive, and three negative. Data points outside of the 6-sigma region indicate a process that is 
out of control. Also, eight or more continuous data points on one side of the mean, even within the 6-sigma 
boundaries, indicate a process that is out of control. 
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2.5.3 eWOM and Brand Reputation 

Hypothesis 2a: The Author Rating will be correlated to sales of the Amazon Short 

H2a: Sales Rank = a + PI'" Author Rating + I; 

The results (Table 6) show that the relationship between the Author Rating and the Sales 

Rank is statistically significant (p<0.01) and the F-value is also high at 27.97. The 

standardized beta score of -0.419 tells us that a one percent increase in the author rating 

improves the sales rank by 0.419 percentage. Alternatively, a one point increase in the 

author rating improves the sales rank by over 211,000 rank points. The Author Rating is 

able to explain 17.0% of the variance in the Sales Rank The impact of the author rating 

on the sales rank was mapped out for the one-year observation period, and the results are 

more stable than for the volume of reviews .. The longitudinal analysis revealed that the 

mean R-square value was 0.149, and ranged between 0.057 and 0.269.This means that the 

valence of eWOM signaling brand reputation is able to better explain sales than the 

volume of eWOM signaling product reputation. 
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Control Chart· Author Ratlng 
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Hypothesis 2b: When a customer review for the Amazon Short does not exist. thl!! author 

rating will have a higher correlation with sales than when a customer rating does exist 

H2b: Sales Rank =a +~ 1* Author Rating *Dummy2 + I: 

The above regression only included those Amazon Shorts without reviews attached to 

them. The results (Table 6) show that the relationship between the Author Rating and the 

Sales Rank is statistically significant (p<0.01) and the model F-value is moderately high 

at 9.22. When no customer review exists, the Author Rating is able to explain just 16.7% 

of the variance in the Sales Rank. The standardized beta score of -0.433 tells us that a one 

percent increase in the author rating in this case improves the sales by 0.433 percentage. 

Alternatively, a one point increase in the author rating for Shorts with no reviews 

improves the sales rank by over 228,000 rank points. The 60-week chart of the 

explanatory power of the author rating for those Shorts with no reviews shows a mean R

square value of 0.166, with a range from O.Q1S to 0.447, which is quite a wide range. 

However barring a few outliers, most values are within a much smaller range. (See Figure 

12) 

Hypothesis 2c: When a customer ratingfor the Amazon Short does exist. the author 

rating will have a lower correlation with sales than when a customer rating does not 

exist. 

H2c: Sales Rank =a +~l· Author Rating" Dummyl + E 
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The above regression only included those Amazon Shorts with reviews attached to them. 

The results (Table 6) show that the relationship between the Author Rating and the Sales 

Rank is statistically significant but only at theO.05 and is model F-value is lower at 6.63. 

When a customer review exists, the Author Rating is able to explain 0.059% of the 

variance in the Sales Rank, which is markedly lower than the 16.7% explained when no 

reviews exist. The standardized beta score of -0.263 tells us that over a one percent 

increase in the author rating in this case improve the sales rank by 0.263 percent. 

Alternatively, a one point increase in the author rating for Shorts with reviews improves 

the sales rank by over 128,000 rank points. This is 100,000 rank points less than for those 

Short without reviews, clearly showing that the author rating has a much greater impact 

when no reviews exist. This provides support for the argument that when product 

information is unavailable, online consumers will likely look for brand reputation. 

The one-year explanatory power chart shows considerable fluctuation, with a 

mean R-square value of 0.054 and range between 0.003 and 0.155. In contrast to the 

previous explanatory power charts, many of the lower R-square values are not significant 

at the 0.05 level. 

A look at the explanatory values for "Shorts with reviews" and "Shorts without 

reviews" placed together gives a clearer picture (see Figure 12). While there is 

considerable fluctuation in the R-square values, the R-square values for those Shorts 

without reviews is consistently and significantly higher than the R-square value for 

Shorts with reviews. 
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2.5.4 eWOM and Reputation of Complementary Goods 
Hypothesis 3: The average customer rating of similar products recommended by the 

system taken together will be correlated to the sales of the Amazon Short. 

H3: Sales Rank = (l + PI'" Similar Items Rating + 8 

The results of the regression (Table 6) show that there is indeed a significant correlation 

between the average customer ratings of similar products (SP rating) recommended by 

the online recommendation system (p<0.01). The SP rating is able to explain 29.3% of 

the variance in the Sales Rank, and the model F-value 55.64 is also very high. The 

standardized beta score of -0.546 tells us that a one percent increase in the average rating 

of complementary goods improves the sales rank by 0.546 percent. Alternatively, a one 

point increase in the SP rating improves the sales rank by over 190,000 rank points9
• 

The one-year explanatory power chart is shown in Figure 10. The mean R-square value 

is 0.25 and ranges between 0.104 and 0.355. The SP rating is clearly has the strongest 

impact on the sales rank. 

2.5.5 eWOM based Demand Model 
To test our demand model for Amazon Shorts, we ran a linear regression to estimate the 

impact of the product ratings (as measured by the volume of customer reviews), author 

ratings and similar product ratings on the sales of Amazon Shorts. We first test the 

following model: 

9 The impact of the author rating and SP rating are remarkably similar, with nearly identical constants (1.37 
million vs. 1.35 million) and similar parameter estimates (-0.211 million vs . 
..().19l million). However, the model fit for the SP rating is much stronger, and is better able 10 explain the 
sales rank for Shorts. 
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Sales Rank = a + ~ 1 *Volume of Reviews + ~2* Author Rating + ~3*Similar Products 

Rating+& 

The results for the demand model (Table 6) show that the model is statistical significant 

(p<0.0l). The F-value of27.375 is also quite high. The individual independent variables 

are also statistically significant, with p-values under 0.05 for all three independent 

variables. The model is able to explain 37.5% of the variance in the Sales Rank. The 

standardized beta scores for Volume of Reviews, Author Rating and SP Rating are-

0.237, -0.173 and -0.403 respectively. 

The equation of the fitted model is: 

Sales Rank = 1562162 - 62080.3*Volume of Reviews - 871 08.8* Author Rating -

140754* Similar Products Rating + & 

The constant value of 1,562,162 implies that the absence of rstings of any kind for an 

Amazon Short will give it a Sales Rank of approximately one and a half million, although 

in practice, while a customer review may not exist for many digital microproducts, author 

ratings and SP ratings are almost always above zero (with some exceptions) An increase 

of one customer review improves the sales rank by 62,080, an increase of one point in the 

author rating improves the sales rank by about 87,108, and a one point increase in the SP 

rating improves the sales rank by about 140,754 rank points. Clearly, having a high SP 

rating is beneficial to a Short, more so than a customer review. However, the saying "the 
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more the merrier" is probably most apt, since all three eWOM-based reputation signals 

(product, brand, complementary goods) improve sales. 

Demand Model over time 

Finally, we chart the explanatory power of the eWOM-based Demand Model over a one-

year period (see Figure 13). The mean R-square value over this period was 0.33, which 

stands up well against similar empirical studies, and ranged from 0.23 to 0.46. The ability 

to explain, on average, a third of the variance in the sales rank, is a significant 

contribution to the field of research on the impact ofeWOM on sales. 

Control Chart· aWOM Demand Model 

0.49751 1. 

0.44751

1
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Figure 13. eWOM-based Demand Model over 6O-week Time Period 
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Legend: 
Beta Num Reviews: standardized estimated coefficients for the number of product reviews 
Beta Author: standardized estimated coefficients for the brand mting (author mting) 
Beta SP: standardized estimated coefficients for complementary goods mting (avemge SP mting) 

Figure 14. Beta Scores of Demand Model Variables 

2.6 Discussion 
All the hypotheses were supported by the data. The high value of the constant in all 

results suggests that without eWOM, sales are very poor, since a high constant for the 

Sales Rank implies. low sales. It is clear from the results that eWOM does indeed playa 

significant role. 

2.6.1 Customer Rating and Reviews 
Our study validates the importance of product-related eWOM (customer reviews of a 

digital microproduct), as those digital microproducts with reviews attached to them had 

significantly better sales than those digital microproducts without reviews attached to 

them. Our research confums earlier work by other researchers that the volume of reviews 

matter and are more important than the ratings. We find that the volume of reviews 

posted for each digital microproduct can help predict its sales, and corroborates previous . 
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research (Duan et al. 2005; Liu 2006). However, the valence represented by the average 

of all customer ratings does not seem to figure in the consumer's purchasing decision, and 

also corroborates prior findings that the valence does not impact sales (Duan et al. 2005; 

Liu 2006). This seems contradictory to the finding that the presence of a review of any 

sort improves sales. We attribute this to the fact that there is very little variability within 

the ratings, with almost all ratings having values of "five stars". Thus while the binary 

state of "reviewed / not reviewed" has an impact on sales, the lack of variability among 

ratings within "reviewed" digital microproducts means that the rating itself has no impact 

on sales. Other researchers have attnbuted this to the valence being overwhelmed by 

volume (Liu 2006). 

2.6.2 Author's Brand Reputation 
The most intriguing findings come from the results of the impact of the author's 

reputation or brand reputation on sales of digital microproducts. Since Shorts are a type 

of e-book, we developed the "author rating" score in order to quantify the author's brand 

reputation. Amazon.com did not offer such a score or rating. The "author rating" is able 

to predict the sales of a digital microproduct to a slightly larger extent than the volume of 

reviews. This is especially important when no reviews exist. Thus we find support for the 

substitutability of product infonnation search and brand on the Internet. When a mixed 

group of "reviewed" and "not-reviewed" digital microproducts is taken into 

consideration. then the author rating has a strong impact on sales. Interestingly, however, 

when a homogenous group of either only "reviewed" or only "not-reviewed" digital 

microproducts are taken into account, then the impact of the author rating on sales is 
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diminished. In the case of "not-reviewed" digital microproducts, the impact is only 

slightly reduced. In the case of "reviewed" digital microproducts, the impact of the author 

rating is diminished considerably, sometimes to the point of statistical insignificance. We 

attribute this to the fact that the existence of customer reviews leads to consumers 

focusing their attention on the reviews rather than other works by the same author. 

Conversely, the absence of customer reviews increases the importance of the author 

rating, as consumers look for other sources of information. We believe these findings to 

be a significant contribution to the existing body of research on eWOM. 

2.6.3 Complementary Goods 
As with the "author rating" score, we developed a score for "similar products" to measure 

the reputation of complementary goods. We find that the reputation of complementary 

goods does indeed have an impact on sales of a digital microproduct, and that the degree 

of this impact is higher than the degree of impact of the author's reputation. However, 

unlike the author's reputation, the existence or non-existence of customer reviews does 

not vary the impact of the reputation of complementary goods. We attribute this to the 

fact that the authors or producers of these complementary goods have little to do directly 

with the digital microproduct in question, but lend their collective reputation as goods 

worth purchasing. 

Furthermore, the similar product (SP) rating has the strongest impact of all three e WOM-

based reputation signals. While this may seem surprising, as one would intuitively expect 

direct product-related eWOM (customer reviews of the digital microproduct) to have the 

strongest impact, and a pooled reputation of similar products to have a weaker impact, 
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our study indicates that just the opposite is true. However, this is in line with prior 

experimental research, which has shown that the automated recommendations generated 

by the system have the greatest impact on consumer decisions (Senecal and NanteI2004). 

Thus we have validated prior experimental research with a real world study. 

2.6.4 eWOM-based Demand Model 
Our eWOM based demand model was able to explain on average, a third (33.3%) of the 

variance in the Sales Rank, which compares favorably to similar research on the impact 

of eWOM on sales. (Zhang et al. 2004) presented a model to measure the impact of 

eWOM on box office sales, and their model was able to explain 9 percent of sales and 

had an F-value of 10.79. Our model has an F-value of27.375 which is considerably 

strongerlO. Chevalier and Mayzlin (2006) presented an eWOM based model that used the 

difference in the sales ranks of a book on Amazon.com and Barnes and Noble.com, and 

found that their model was able to explain 13.9 percent the variance in the difference 

between the sales ranks (non-reviewed books were included in their sample). Godes and 

Mayzlin (2004) modeled the relationship between eWOM posted on Usenet groups on 

viewer-ship or "sales" ofTY shows, and were able to explain about 15 percent of the 

dispersion of eWOM across Usenet sites based on the ratings. A second model by Godes 

and Mayzlin (2004) that used the volume of reviews was able to explain 9 percent of the 

variance in viewer-ship, which is similar to our findings. However, our model is unique 

in several aspects. We were able to quantity the impact of brand-related eWOM on sales 

10 This F-value is for the one-day test perfonned on the dataSet obtained on May 15, 2006. 
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through the "author rating" score. We were also able to quantify the impact ofeWOM of 

complementary goods on sales through the "average similar products rating" score. 

2.7 Implications, Recommendations and Concluding Remarks 
This research proposed a demand model based on electronic word-of-mouth, and 

empirically measured the impact of electronic word-of-mouth, as a signal measured of 

product reputation, brand reputation and reputation of complementary goods, on the 

microproduct buying decision. We conducted an empirical study using the then entire 

population of "Shorts" from Amazon.com at the time of data collection. Our study 

validates the importance of eWOM to sales, as those digital microproducts with reviews 

attached to them had significantly more sales than those digital microproducts without 

reviews attached to them. Our findings suggest that product ratings by readers - the 

valence of eWOM signaling product reputation - are not a good predictor of sales. 

Instead, microproduct sales are correlated to the volume of product reviews, the 

reputation of the brand, and the reputation of complementary goods. The most intriguing 

findings from our study were on the impact of the author's reputation or brand on sales of 

e-books, a type of digital microproduct. We find support for the substitutability of 

product information search and brand on the Internet. The "author rating" is able to 

predict the sales of a digital microproduct to the same extent as the volume of reviews. 

This is especially important when no reviews exist. 

Finally, we found that the reputation of complementary goods does indeed have 

an impact on sales of a digital microproduct. The degree of this impact is higher than the 

degree of impact of the author's reputation or the volume of reviews. 
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This research is original in its focus on digital microproducts and the development 

of the eWOM-based demand model. However. there are a number of limitations to this 

research. First, reviews and ratings might not be accurate or truthful. Dellarocas (2004) 

argues, however, that in the long run, when enough reviews are posted, manipulation of 

eWOM can actually hurt firms. Another limitation is the causality of the demand model. 

Although there appears to have solid theoretical ground to argue that demand is a 

function of e WOM where price is low and fixed. we limited our study on prediction 

rather than on explanation. We intend to address cansality issues in future research. 

The findings in this paper lead us to make several recommendations. First, we 

recommend that e-commerce platform operators such as Amazon.com encourage 

customers to post reviews online, in line with our finding that the volume of reviews is 

linked to increased sales. A financial incentive to those who purchased the digital 

microproduct in the form of a small credit on future sales could dramatically increase the 

volume of reviews, leading to improved sales by boosting the consumer's confidence in 

the digital microproduct, which is an experience good. 

Second, we propose a better scoring system than the current n I-t0-5 stars" rating 

system, allowing for more variability. This could be achieved through mUltiple scores for 

writing style, content, ease of use for digital microproducts, etc. This multiple criteria 

evaluation method is often used for reviews on video-gaming websites. Alternatively, we

suggest that a weighted-mean scoring system that takes the volume of reviews into 

account be used, as opposed to the current method where all reviews are just averaged out 

to obtain an average customer rating. However. readers might find such a scoring system 

too cumbersome. 
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Third, we also recommend that platfonn operators such as Amazon.com develop 

a brand rating score such as the one we devised for the purpose of this study. This is more 

important when a customer rating does not as yet exist for the good in question. The lack 

of both product information through a customer review, and brand reputation through 

author rating could potentially lead to a loss of a sale, especially if the consumer's choice 

of good is narrowly focused. For digital microproducts other than e-books, such as music 

and video clips, the "author" can be replaced with artist, actors, or director, as is 

appropriate. Since our findings show that consumers do indeed take the customer rating 

of other works by the author into account, the prominent display of such a score will lead 

to more efficient decision making. This is more important when a customer rating does 

not as yet exist for the good in question. 

Fourth, having found that the reputation of complementary goods has the 

strongest impact on sales, we recommend that managers leverage the combined 

reputation of these products to promote new products such as digital microproducts. 

However, managers need to be careful not to dilute the reputation of complementary 

goods by linking them with products that customers eventually deem unsatisfactory, as 

this is likely to generate eWOM that is detrimental to the entire pool of complementary 

goods. 
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Chapter 3. 

Study 2: Can brand reputation help improve the odds of 
being reviewed online? 

Abstract 

Recent research in e-commerce has reinforced the importance of product reviews. Thanks 

to the low costs of posting and maintaining online reviews, most e-business sites post 

reviews indefinitely until they remove the product. Interestingly and despite the ease of 

posting review, only a few enjoy a steady stream of additional reviews. This paper seeks 

to measure the impact of brand and pooled reputation on the odds of additional reviews 

being posted. We conducted a longitudinal study to measure the impact of reputation on 

the likelihood of additional reviews in the future. To test our model, we analyzed 395 

Amazon Shorts, which are 49-cent e-books in PDF sold by Amazon.com, over a period 

of six months. Our data analysis suggests that goods that started with a highly rated brand 

are more likely to have additional reviews posted. Conversely, goods with an initially 

poorly rated brand are more likely to have no more additional reviews. Early pooled 

reputation of complementary goods is also found to influence posting of additional 

reviews. A key practical recommendation of this research is that firms that sell many 

products online can manage their brand portfolio in ways that improve the odds of 

generating more reviews of their products, and ultimately sales performance. 
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3.1 Introduction 
The purpose of this research is to explore the impact of brand reputation on the likelihood 

of posting new online reviews. When choosing among competing brands, consumers are 

faced with the uncertainty of product quality, and so rely on brand name, pricing, and 

retailer reputation as signs of product quality (Dawar and Parker 1994). While many 

studies in the marketing literature have shown the impact of brand reputation on product 

sales (Dawar and Parker 1994; Ward and Ostrom 2003; Ward and Michael 2000; Rowley 

2004; Rao and Monroe 1989), other work suggested that brands can signal higher quality 

to consumers (Chu and Chu 1994). Research has also shown that consumers who are 

pleased or displeased with a brand will make their opinions known to others by word-of-

mouth (Buttle 1998). This word-of-mouth behavior has carried into the online world, and 

is known as electronic word-of-mouth, or eWOM. In this paper we argue that brand 

reputation signaled by existing eWOM can help predict the odds of future eWOM 

behavior in the form of new online reviews. 

Prior research in economics and marketing has also shown that products can rent 

the reputation of other agents, in this case other products in the same bundle or pool (Chu 

and Chu 1994; Andersson 2002). However, very little academic research have been 

conducted so far to study whether online reputations of complementary goods can be 

pooled or bundled together. In Study 1, we included the pooled reputation of 

complementary goods in their eWOM-based demand model, and found that the 

reputation of complementary goods, as signaled by eWOM, had a very strong impact on 

sales. Given the importance of the reputation of complementary goods, and in electronic 

markets, where the concept of product bundling can be easily implemented, we argne 
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here that the reputation of complementary goods, as signaled by eWOM can help predict 

the odds for new review posting as well. 

For a particular product sold online with a given brand reputation and review 

status, our objective is to compute its odds ratios of being reviewed in the future. We 

analyzed 395 Amazon Shorts, which are 49-cent e-books in PDF format sold by 

Amazon.com, over a period of six months (June I-December I, 2006). We used logistic 

regression to find how goods with initially high (low) brand and complementary goods 

reputation are more (less) likely to have new reviews posted. 

The paper is organized as follows. Section 1 briefly discusses the theoretical 

foundation related to eWOM as a signal of brand reputation and presents the research 

model with its operational hypotheses. Section 2 describes our empirical study and we 

report the results in Section 3. We include additional evidence of the importance of 

having additional reviews on sales performance in Section 4. Implications of our research 

findings and final remarks are provided in Section 5. 

3.2 A Conceptual Model for Measuring the Impacts of Online 
Reputation on LIkelihood to Post New Review 

3.2.1 Brand Reputation, Pooled Reputation of Complementary Goods, 
andeWOM 
Brand names are often substitutes for a consumer's own information gathering on the 

Internet (Ward and Michael 2000). Word-of-Mouth (WOM) has proved to play an 

important role in consumers' perception of a particular brand. Consumers who are 

particularly pleased with a brand will make their opinions known to other consumers 

through WOM communication (Richins 1983). Conversely, consumers will also tell other 
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consumers about a negative experience, and also react by switching brands (Richins 

1983). Previous research has also found that online brand trust is influenced strongly by 

eWOM (Ha 2004). 

Electronic WOM (eWOM) is defined as "any positive or negative statement made 

by potentia\, actual, or former customers about a product or company, which is made 

available to a multitude of people and institutions via the Internet" (Hennig-Thurau et al. 

2004). Typically, eWOM is commonly articulated in the form of online reviews and 

ratings. Reviews consist of free-format text that describes the good being evaluated, 

while ratings consist of a numerical range score that evaluates the good. eWOM differs 

from oftline WOM in that while omine WOM is exchanged through oral communication 

in real time and confined space, eWOM is exchanged electronically over the internet with 

a disconnect in space and time (Weinberg and Davis 2005). Furthermore, thanks to the 

low-cost of storage and posting, eWOM are likely to be posted permanently on the sites, 

until the related product is removed. 

It is now common practice on electronic commerce websites for products to be 

bundled together, either tightly with the option to purchase multiple similar but non

identical items together for a discount.. or loosely through product recommendations 

where similar but non-identical items are displayed alongside. For example, 

Amazon.com shows products similar to the one being browsed, and often gives the 

consumer the option of buying two or more similar products at a price that is discounted 

from the sum of the individual prices. More recently, Amazon has begun to offer free 

shipping on orders over $25, encouraging consumers to buy multiple goods and thus 

bundle their purchases. Studies have shown that consumers who consulted product 
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recommendations were twice as likely to selected recommended products compared to 

consumers who did not consult recommendations (Senecal and Nantel 2004). Since 

goods can rent the reputations of other goods in the same bundle or pool, a good can rent 

the reputation, as signaled by eWOM, of bundled or recommended goods on a website 

(Senecal and Nantel 2004). While conventional microeconomic theory would consider 

the recommended products as showing both supplementary and complementary 

characteristics, for the purpose of this research, the recommended products are 

complementary in that they lend their collective reputation to the product being 

evaluated. eWOM is seen as a subset of online recommendation systems (Senecal and 

Nantel 2004). As consumers search for product information on the Internet, and posted 

reviews are sorted according to descending order of time, this research seeks to 

understand how reviews are posted over time. and how, for a given product or service, 

brand reputation relates to the likelihood of additional posting of reviews. 

3.2.2 Motives for Posting 
Consumers engage in word-of-mouth behavior when expectations are either exceeded or 

not met (Anderson 1998). Known as homeostase utility, people seek for emotional 

balance, and whenever in a state of imbalance, need to express strong emotions, both 

positivie and negative, to restore homeostasis (Hennig-Thurau et al. 2004). However, the 

underlying motives for engaging in word-of-mouth is different when expectations are 

exceeded, which leads to positive word-of-mouth, as compared to when expectations are 

not met, which leads to negative word of mouth (Sundaram et al. 1998). Consumers are 

motivated to engage in positive word-of-mouth for altruistic, product-involvement and 
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self-enhancement purposes (Sundaram et al. 1998; Dichter 1966), and are motivated to 

engage in negative word-of-mouth for altruistic, anxiety reduction, vengeance and 

advise-seeking reasons (Sundaram et al. 1998). 

Often, the motivation for engaging in negative WOM is called dissonance 

reduction (Buttle 1998; Dellarocas 2006; Engle et al. 1969). Consumers who articulate 

themselves on the Internet through online reviews (eWOM), are primarily motivated by a 

desire for social interaction and possible economic incentives, their concern for other 

consumers, and the potential to enhance their own self-worth (Hennig-Thurau et al. 

2004). Hennig-Thurau et al. (2004) developed a typology to determine why consumers 

tend to articulate themselves on the Internet through online reviews. They propose 11 

possible motives for consumers to engage in eWOM, and found that consumers' desire 

for social interaction, desire for economic incentives. their concern for other consumers, 

and the potential to enhance their own self-worth are the primary factors leading to 

eWOM behavior. They also build on work by Balasubrarnanian et al. (2001) and propose 

a framework of five types of social-interaction utility. These are focus-related utility, 

consumption utility, approval utility, moderator-related utility, and homeostase utility. 

We contend that all of these five utilities come into play in motivating readers to post 

ouline reviews. 

3.2.3 Motives for New Posting 

As previously mentioned, research has shown that consumers who are particularly 

pleased or displeased with a brand will make their opinions know to other consumers 

through word of mouth. Thus a brand with a positive reputation will have more positive 
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reviews, while a brand with a negative reputation will have negative (or less positive) 

reviews. Research has also shown that product recommendations, which are 

recommendations of complementary goods, influence sales, with the recommended 

goods being twice as likely to be purchased. 

When a good is positively reviewed, it is implicitly being recommended to other 

consumers. Conversely, when a good is negatively (or less positively) reviewed, 

consumers are being discouraged from purchasing the good. When goods are 

complementary, and are being recommended together, they are being presented as goods 

that have comparable attributes, including reputation. Thus, we theorize that if the 

recommended goods have positive reviews, then the likelihood of a sale and posting of a 

review is increased. Conversely, if the recommended goods have negative (or less 

positive) reviews, then the likelihood of a sale and posting of a review is decreased. 

Figure 15 depicts four possible scenarios of review posting over time. Type 1 

posting refers to the situation when a good has no review to date, and will not likely have 

one or more in the future. The product might not be of interest to the general market, or 

its brand might be so unknown to the general public that there is no motivation to write a 

reView. 

In Type 2, goods did not get any review initially when they were introduced 

online. Yet, over time, its consumption may help generate reviews. In Type 3, the product 

received at least one review, but will likely not be reviewed in the future. A popular good 

that might become outdated might have lost the interest from potential consumers. Or, a 

good that has become very well known and the motives for posting may become trivial. 

Finally, Type 4 posting refers to the situation when a good has benefited from past 
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reviews and continues to generate discussion. Past research suggests that, usually, the 

best products benefited most from having the most reviews (Duan et al. 2005; Liu 2006). 

No additional reviews posted Additional reviews posted 

No Reviews Type 1 

Reviews Exist Type 3 

LEGEND: 
Type 1 review implies no reviews before and in the future 
Type 2 review implies no reviews before, but review in the future 
Type 3 review implies reviews before, but no more reviews 
Type 4 review implies reviews before, and in the future 

Figure 15. A classification of review posting over a 2-phase period 

BRAND 
REPUTATION 

COMPLEMENTARY 
GOODS 

REPUTATION 

ADDITIONAL 
REVIEW 
POSTED 

(NO REVIEW 
POSTED) 

Figure 16. Impacts of onOne repntation on JikeUhood of review posting 

Type 2 

Type 4 
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We propose the following hypotheses to test the proposed conceptual model. 

Hypothesis] a: Digital products with higher brand reputation are more likely to have 

additional reviews posted. 

Hypothesis] b: Digital products with lower brand reputation are more likely to have no 

future reviews posted. 

Hypothesis 2a: Digttal products with higher complementary goods reputation are more 

likely to have additional reviews posted. 

Hypothesis 2b: Digital products with lower complementary goods reputation are more 

likely to have no future reviews posted. 

Hvpothesis 3a: Digttal products with higher complementary goods reputation and higher 

brand reputation are more likely to have additional reviews posted. 

H'lPothesis 3b: Digttal products with lower complementary goods reputation and lower 

brand reputation are more likely to have no future review posted. 

The mapping of the hypotheses to the classification of the online review posting types is 

shown in Figure 17. For this research, we focus on two particular and distinctive 

scenarios - the best and worst cases for a product with regard to its reviews. 
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No additional reviews posted Additional reviews posted 

No Typel Type 2 
Reviews RIb: Brand Reputation and Odds to 

stay in 
H2b: Complementary Goods 

Reputation and Odds to stay in 
R3b (combined RIb and H2b) 

Reviews Type 3 Type 4 
Exist RIa: Brand Reputation and Odds to 

stay in 
H2a: Complementary Goods 

Reputation and Odds to stay in 
R3a (combined RIa and H2a) 

FIgure 17. Mapping hypotheses to classification of review sltntatlons 

3.3 An Empirical Study: Additional Reviews for Amazon Shorts 
OverTime 

3.3.1 Research Setting 
Amazon Shorts are electronic books or e-books available for download in PDF format 

from Amazon.com. Each Amazon Short consists of a short story or other literary work, 

hence the name "Shorts". They became available in August 2005, and are featured quite 

prominently on Amazon.com. They are priced at a flat rate of 49 cents each. Initially, 65 

Shorts were made available, with a steady stream of additions over time. As of the end of 

September 2007, there were over 2000 Shorts available for purchase. 
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Amazon Shorts have certain characteristics that are useful for research on brand 

reputation using eWOM. First, these Shorts are available exclusively at Amazon.com for 
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at least six months, which means that the sales of these Shorts at Amazon.com as 

represented by the Amazon Sales Rank comprise the entire domain of sales of this good. 

This is crucial as previous research has been unable to clearly show that sales from other 

outlets were not responsible for the existence of customer reviews (e WOM), which is an 

endogenous variable (both cause and effect of sales). Second, these Shorts are all priced 

at 49 cents each, which means that the impact of price on sales (quantity) is mitigated and 

channeled into quality perception. Third, the Shorts are available online in a single format 

(PDF), as a digital download (e-book), which eliminates the impact of multiple formats 

(hardcover, paperback, etc), shipping costs and time delays. Fourth, the very low pricing 

implies that the temptation to engage in piracy is low, since 49 cents is expected1y quite 

close to the sum of the marginal cost of replication and the cost of transaction of pirating 

this work (Varian 2005). 

3.3.2 Measurement 

Author Rating as a Measure of Brand Reputation 

As an e-book, the brand reputation of a particular Short is the reputation of the author 

who wrote it. However, Amazon.com does not provide a score to measure the brand 

reputation (author reputation) of a Short. To achieve this, we have developed an "Author 

Rating" score for each Amazon Short. We obtained a list ofup to ten of the author's 

works, and then averaged out the "Average Customer Rating" for each of those works. 

This score is the "Author Rating" of that Short. The argument here is that when an author 

has several works with good (or bad) reviews, the author has made a brand name for 
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himlherself. The rating on Amazon.com is based on a 5-star scale. We attempted to look 

at the content of the reviews to further assess the brand reputation. However, more than 

80% of the valences are almost uniformly positive, making the evaluation trivial. 

Similar Products Rating as a Measure of Complementary Goods Reputation 

Alongside each Short on Amazon.com, a list of "Similar ProductslItems" is provided to 

the consumer. This list consists of products that Amazon.com considers to be 

complementary to the one being evaluated, and is based on the reasoning that "consumers 

who bOUght the Short in question also purchased those other products". As with the case 

of the brand reputation, there is no direct measure available on Amazon.com to measure 

the complementary goods reputation of a Short. We thus developed a ''Similar Products" 

(SP) score for each Amazon Short, by obtaining a list of all Similar Products for the 

Short in question, and then averaging out the "Average Customer Rating" for each of 

those products. We then used this score to measure the "Average SP Rating" of a 

particular Short. 

3.3.3 Data Collection and Testing Procedures 
We coded a software agent in Java and ran it together with the Amazon Web Service to 

automatically retrieve data on each Amazon Short daily. The data include the average 

customer rating for each Short, the number of reviews, the average customer rating for 

similar products (average SP rating), the average customer rating of other works by the 

same author (author rating), the sales rank of the Shorts within the Amazon Shorts 

category as well as the overall Amazon sales rank of each Short. By gathering data daily, 
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we compiled the time series of the Sales Rank for 395 Shorts over a six-month period 

from June I to December 2006. We counted the number of reviews at the start of the six

month observation period, and at the end of the observation period. Using our 

classification system (Figure 15), we classified Amazon Shorts into the following four 

review types: 

Review Type 1: No Reviews were posted before and during the observation period (zero 

review) (n! = 147 Shorts) 

Review Type 2: The Short had no reviews at the start of the observation period, but at 

least one was posted during the observation period. (n2 = 51 Shorts) 

Review Type 3: The Short had one or more reviews entering the observation period, but 

no additional reviews were posted during the observation period. We refer to these as 

fixed reviews. (n3 = 135 Shorts) 

Review Type 4: The Short had one or more reviews entering the observation period, and 

additional reviews were posted during the observation period. (114 = 62 Shorts) 

Next, we dummy coded the Shorts into the four review types. Reviews that fit into 

a particular category were given a value of one, while the remaining Shorts were given a 

value of zero. Since independent variables are ordinal data and dependent variables are 

binary, we use logistic regressions to determine the impact of brand reputation and 

reputation of complementary goods on the likelihood of reviews being posted. We 

derived the following model specifically for Amazon Shorts from the general model in 

Section 1. 
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Figure 20. Derived model for Amazon Shorts 

3.4 Results and Discussion 

3.4.1 Summary Statistics 
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Figure 21. Breakdown by Review Type (N=39S) 
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As Figure 2 1 shows, over a third of all Shorts had no reviews po ted to them both before 

and during the observation period (Type I reviews). Another third had reviews prior to 

the observation period, but had no new reviews added to them during the observation 
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period (Type 3 reviews). The remaining third had one or more reviews added to them 

during the observation period (Type 2 and Type 4). 

Table 7. Descriptive statistics for Amazon Shorts 

Type 1 Type 2 Type 3 Type 4 All Types 

Mean Author Rating 1.81 1.78 3.16 3.55 2.54 
(StdDev) (1.08) (0. 972 (1.20) (1.11) (1. 342 

Mean Average SP Rating 1.10 0.77 2.86 2.97 1.95 
(StdDev) (1.662 (1.442- (2.012- (1.992 (2.04) 
N 147 51 135 62 395 

Table 7 shows the means and standard deviations for the author rating and the average SP 

rating, including a breakdown by review type. One can clearly observe that the higher 

review types have larger mean author ratings and average SP ratings. The correlation 

between the author rating (brand reputation) and average SP rating (reputation of 

complementary goods) is 0.43, which is acceptable from a multicollinearity viewpoint. 

3.4.2 Hypotheses Testing and Model Test Results 
The results of the logistic regressions are reported in Table 8. Logistic regression predicts 

the probability that an event will take place or a state will occur, as a function of one or 

more independent variables (Karp 2001). The odds ratio gives the change in probability 

that a unit change in the explanatory variable will have on the probability that the event 

will occur (Karp 2001). The log of the odds ratio gives the more familiar logit parameter 

estimate (see Table 9). 

Hypothesis 1 a: Digital products with higher brand reputation are more likely to have 

additional reviews posted 
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The results for the logistic regression (Table 8) show that the author rating score (brand 

reputation) has a very significant impact (p<0.01) on the likelihood that a Type 4 Review 

is likely to persist during the observation period. A Type 4 Review implies the addition of 

more reviews during the observation period. The author rating has an odds ratio of2.12, 

which suggests that a unit increase in the author rating score increases the odds of 

additional reviews being posted during the observation period by 2.12 times. The R-

square value was 0.18. In more general terms, the results suggest that goods that started 

with a highly rated brand are more likely to have additional reviews posted. 

Table 8. Logfstlc regression results (Odds Ratios) 

Hypothesis Author Average Interaction Nagelkerke Hosmer- Hosmer-
Rating SPRating Odds R2 Lemeshow Lemeshow 
Odds Odds Ratio Ratio Chi-square significance 
Ratio 

RIa 2.12**'" 0.181 7.267 0.508 
RIb 0.47*"'''' 0.235 9.649 0.291 
H2a 1.34"''''''' 0.078 7.913 0.161 
H2b 0.70"'''' 0.139 6.265 0.180 
H3a 1.97"'** 1.16 0.195 9.472 0.304 
H3awith 2.18"'** 1.36 0.954 0.197 7.027 0.534 
Interaction 
H3b 0.53"** 0.81**'" 0.266 18.905 0,015 
H3bwith 0.61 "'* .. 1.03 0.904>1< 0.275 7.156 0.520 
Interaction 

"p<0.10 "*p<0.05 >I< .... p<O.Ol 
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Table 9. LogIstic regression resnlts (Log Odds) 

Hypothesis Constant Author Rating Average Interaction 
Log Odds SPRating Log Odds 

Log Odds 
Hla -3.91*** 0.751*** 
Hlb -0.757*** 
H2a -2.38*** 0.294*** 
H2b 0.096 -0.354*** 
H3a 0.679*** 0.146* 
H3a with Interaction -4.375*** 0.777*** 0.307 -0.047 
H3b 1.33*** -0.627*** -0.209*** 
H3b with Interaction -0.497*** 0.037 -0.101* 

* p<0.10 *"'p<0.05 ***p<0.01 

Hvpothesis J b: Digital products with lower brand reputation are more likely to have no 

future reviews posted 

The results for the logistic regression show that the author rating score was once again 

significant at the 0.01 level, on the likelihood that a Type 1 Review is likely to persist 

during the observation period. A type 1 review indicates that no reviews were posted 

during the observation period. The author rating has an odds ratio of 0.47, suggesting that 

a one unit increase in the author rating score makes the outcome of no reviews being 

posted 53% less likely to occur. This can alternatively be interpreted that a lower author 

rating decreases the likelihood ofa review being posted. The R-square value of 0.235 

indicates an explanatory power of about 24%. 

The interpretation of the results of Hypotheses la and Ib is that a digital product 

with a higher brand reputation is much more likely to be reviewed. Also, since prior 

research has shown that the reviewed products have higher sales than non-reviewed 

products, the likelihood of further sales being generated is also increased. 
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However, the converse may not hold. The results ofHlb imply that a digital 

product with a low brand reputation is unlikely to be reviewed. Unlike the case of a high 

brand reputation, the results for a low brand reputation do not necessarily imply that 

lower sales will take place, although this is a reasonable assumption. The findings only 

state that the likelihood of a review not being posted regardless of whether a purchase is 

made or not, is increased when the brand reputation is low. 

Hypothesis 2a: Digital products with higher complementary goods reputation are more 

likely to have additional reviews posted. 

The results for the logistic regression imply that the average SP rating score (similar 

products rating) bas a significant impact (p<0.05) on the likelihood that a type 4 review is 

likely to persist during the observation period. A Type 4 Review implies the addition of 

more reviews during the observation period. The average SP rating has an odds ratio of 

1.34, which is interpreted as meaning that a unit increase in the average SP rating score 

increases the odds of additional reviews being posted during the observation period by 

1.16 times, or that the outcome of additional reviews being posted is 34% more likely to 

occur. The R-square value was 0.078. Thus, the similar products rating score has a lesser 

impact than the author rating on the likelihood of new review posting. 

Hypothesis 2b: Digital products with lower complementary goods reputation are more 

likely to have no reviews posted. 

The results show that the average SP rating score was once again significant at the 0.05 

level, on the likelihood that a Type 1 Review is likely to persist during the observation 
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period. A Type I Review indicates that no reviews were posted before and during the 

observation period. The average SP rating has an odds ratio of 0.70, which is interpreted 

as stating that a one unit increase in the average SP rating score makes the outcome of no 

reviews being posted (remaining a Type I Review) 30% less likely to occur. This can 

alternatively be interpreted as implying that a lower similar product rating decreases the 

likelihood of a review being posted. The R-square value of 0.139 indicates an 

explanatory power of about 14%. Again, the similar products rating score has a lesser 

impact than the author rating. 

The interpretation of the results of Hypotheses 2a and 2b is that a higher 

complementary goods reputation increases the likelihood of additional reviews being 

posted, while a lower complementary goods reputation decreases the likelihood of a non

reviewed digital product being reviewed for the first time. While the results are 

significant, the impact of the reputation of complementary goods is not as strong as the 

impact of brand reputation on eWOM generation by customers. The logit parameter 

estimate for the brand reputation was more than twice as high for both additional reviews 

and for zero reviews. 

Hypothesis 3a: Digital products with higher complementary goods reputation and higher 

brand reputation are more likely to have additional reviews posted. 

The results of the logistic regression suggest that only the author rating (brand rating) is 

significant (p<0.01) and that the average SP rating is not significant. The author rating 

has an odds ratio of 1.97, which implies that a one unit increase in the author rating 

increases the odds of additional reviews being posted by 1.97 times. The model has an 
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explanatory power of 19.5%. When the interaction between the author rating and the 

average SP rating are taken into account the interaction effect is insignificant along with 

the average SP rating. The odds ratio for the author rating rises to 2.18. 

Hypothesis 3b: Digital products with lower complementary goods reputation and lower 

brand reputation are more likely to have no reviews posted. 

The results of the logistic regression indicate that unlike the results for H3a, both the 

author rating and the average SP rating are highly significant. The odds ratio for the 

author rating is 0.53, which implies that a one unit increase in the author rating makes the 

outcome of no reviews being post 47% less likely. The odds ratio for the average SP 

rating is 0.81, which implies that a one unit increase in the average SP rating makes the 

outcome of no reviews being posted 19% less likely. The explanatory power of the model 

is 26.6%. However, this model fails the Hosmer-Lemeshow goodness-of-fit test as the 

chi-square value is too high. We included the interaction term between the author and 

average SP rating, and this model passed the Hosmer-Lemeshow test. When the 

interaction effect between the author rating and the average SP rating is taken into 

consideration, only the author rating remains significant. The odds ratio for the author 

rating is now 0.6\. The interaction effect is significant at the 0.10 level, with an odds 

ratio of 0.904. 

The interpretation of the results for Hypothesis 3a and 3b is that when both brand 

reputation and complementary goods reputation of the digital product are available, 

consumers seem to take only the brand reputation into account When the interaction 

effect between the two types of reputations are taken into account, the interaction effect is 
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weakly significant only for Hypothesis 3b, which tests the likelihood of no reviews being 

posted. This may be due to the fact that when no reviews are posted, the brand reputation 

will playa role that overwhelms the impact of the reputation of complementary goods. 

3.5 Additional Evidence using Interrupted Time Series 
In the model we presented earlier, we sought to look at the impact of brand and 

complementary goods reputations on the likelihood of having new reviews posted on the 

website. The general finding is that the winner takes it all. A digital good that enjoys both 

high brand reputation (by a factor of 1.97 for each unit increase in brand rating), and, to a 

lesser extent, high complementary good reputations will have more reviews posted in the 

future (by a factor of 1.16 for each unit increase in similar product rating). 

Despite the fact that author rating and similar product rating variables are 

statistically significant at p<O.OI, R2 remain low. although it is similar to previous 

research on eWOM. As Study 1 showed that brand reputation and complementary goods 

reputations can increase sales. the next logical step is to determine if the added review 

does in fact impact sales performance. To test this, we observed the sales performance 

over time for each and every one of the Shorts that have reviews classified as Type 2 and 

Type 4. The idea is to verify whether or not an additional review improve sales 

performance. We performed an interrupted time series analysis on those Shorts that had 

one or more reviews posted during the observation period. Interrupted time series is a 

quasi-experiment that helps determine whether an event (in this case, a new review) 

impacts a time series (in this case, sales over time), after removing systematic biases such 
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as trend, drift, and various autocorrelations. We used the same six-month observation 

period to construct our time series with sales ranks as a measure of sales perfonnance. 

We found that for Shorts that had both high brand and high complementary 

product reputations, the interrupted time series showed an improvement in sales 

perfonnance. Of the 42 Shorts that had review(s) posted during the observation period, 

12 had at least one new review (i.e., in the ARIMA language, it is an exogenous 

intervention) that significantly impacted the sales ranks over the time series. 

Table 10. Interrupted time series wltb significant Impacts (0=12) 

ID Mean Interruption Lags Parameter 
Sales by reviews Estimates 
Rank 

4 82570 2 to >=3 0 -52650 
7 78038 2 to >=3 4 -116513 
9 111712 1 to >-2 0 -81783 

10 58112 4to>=5 0 -2856 
17 308937 1 to >=2 0 19946 
19 292177 1 to >=2 0 122726 
49 407432 1 to >=2 0 -11756 
39 434691 o to >=1 0 -217693 
56 374548 o to >-1 0 125032 
77 606742 Oto>=2 4 -432951 
95 194839 o to >-1 4 -111664 

110 595087 o to >=1 0 -1597524 

LEGEND: 
ID: Amazon Shorts' ID 
Interruption by reviews: Number of reviews before and after the time series event 
Lags: Delay between time of new review and observed impact on sales 
Estimations of Means Changes in Sales: Parameter estimates generated by ARIMA 

Table 10 shows the details of the sales impact on these 12 Shorts, including the 

parameter estimates as well as the significant lags. The first column shows the IDs of the 

Shorts that had sales significantly impacted by additional reviews. The second column 

84 



depicts the mean sales rank over the five-month period. Note that the lower the rank, the 

higher the nwnber of sales. The third colwnn indicates the time when an additional 

review interrupted the time series. For example, for Short 10#4, the interruption in the 

times series is assessed when the nwnber of reviews changed from 2 to 3 or more. Since 

the time period used for this research is the same for all Shorts to eliminate systematic 

bias in the Amazon sales ranking, Shorts entered the observation period with a varied 

nwnber of existing reviews (see the description of the four types in Section 1). 

ColUmn 4 reports the time lag (in days) when the impact of the review on sales 

ranks occurred. The impacts are mostly at lag 0, which imply a near immediate impact on 

online sales. The non-zero lags imply a delayed impact followed the posting of the 

review. The last colwnn shows parameter estimates of the impact. They are mostly 

negative, implying that the review improved sales (sales rank is inversely related to 

sales). Conversely, positive estimates suggest that the additional review actually hurt 

sales (2 out of 12 Shorts). 

3.6 Summary of Findings, Limitations and Future Research 

Following daily reviews of395 digital products - Amazon's Shorts - over a period of six 

months, we explored the impact of brand reputation on the odds of posting new online 

reviews. Statistical evidence suggests that digital goods with high (low) brand 

complementary goods reputations are more (less) likely to have reviews posted to them in 

the future. 
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Table 11. Summary of Ilndlugs 

I h pothc,j, FindIngs 

Shorts with higher author ratings are more likely to have additional STRONGLY 
reviews posted. 

SUPPORTED 

Shorts with lower author ratings are more likely to have no reviews STRONGLY 
posted. SUPPORTED 

Shorts with higher similar products ratings are more likely to have MODERATELY 
additional reviews posted. 

SUPPORTED 

Shorts with lower similar products ratings are more likely to have no MODERATELY 
reviews posted. SUPPORTED 

Shorts with higher similar products ratings and higher author ratings STRONGLY 
are more likely to have additional reviews posted. SUPPORTED 

Shorts with lower similar products ratings and lower author ratings MODERATELY 
are more likely to have no reviews posted. 

SUPPORTED 

The findings of our empirical study have led to several recommendations. First, we 

recommend against the trend of listing an unlimited number of digital goods on a 

website, a practice which has prospered thanks to the zero-cost of online cataloging. 

Although there is an economic basis for this practice, it has drawbacks, as online 

shoppers have limited information processing capability (Ward and Michael 2000). A 

solution used frequently is to list digital goods by popularity - sorted by review counts 

and high ratings, which places more popular digital goods within the attention field of the 

consumer. However, this places less popular works at the bottom, and contributes to a 

herding effect. Based on our findings in this research, we recommend that less popular 

digital goods with higher brand reputations be placed within the consumer's field of 

attention. As such, the odds of review posting would increase significantly. 
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Second, we advocate a more aggressive use of pooled reputation. We recommend 

that managers take the impact of the reputation of complementary goods - or pooled 

reputations, into account. Our findings that goods with higher pooled reputations are 

more likely to have additional reviews posted imply that these goods should be placed 

more prominently within the attention field of the consumer than goods with lower 

pooled reputations. Since additional reviews can only be posted after purchase and 

consumption, the implicit implication is that digital goods with higher complementary 

goods reputations are more likely to have higher sales than those with lower 

complementary goods reputations. This finding corroborates with the well-established 

research in the marketing literature about branding and co-branding. 

Perhaps the strongest empirical evidence of this research is the increased role of 

brand reputation on posting new reviews. Our findings suggest that when both the brand 

reputation and complementary goods reputations are available, the impact of brand 

reputation is higher. Thus, we recommend that managers prioritize the brand reputation 

over the complementary goods reputation when both are available for consideration. 

There are several limitations to this research study. Of the four review types 

categorized earlier, we only studied review Types 1 and 4. The impact of brand and 

complementary goods reputations on review Types 2 and 3 has yet to be studied. In fact, 

we are currently evaluating these two types, and preliminary observation suggests that 

their odd ratios lie between those of Type 1 and Type 4. 

In this research, we only used the widely adopted 5-star rating scale as a basis to 

assess brand reputation. A future study should closely examine the nature of the content 

(valence) of each of the reviews, and possibly other potential measures of brand 
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reputation. Another significant limitation is the fact that we only focused on brand and 

similar product reputation in our models. We intend to include other variables such as 

previous sales, previous reviews, and date of product entry in a future research. 

Despite the limitations, the results of this study have opened several interesting 

avenues for further research on eWOM, as a signal of brand reputation, and a predictor of 

future postings of online reviews. Future investigation should look into the valence of the 

review being posted, despite disappointing findings to date. A logical extension of this 

research is to study the valence, i.e., whether the review is positive or negative, and its 

impact on whether the review significantly impacts the time series for the sales of a given 

digital product. Last but not least, while the research focus here looks at the odds of 

having new review postings. The ultimate goal of brand reputation as well as the effort to 

get more review discussion is to improve sales over time. It is important to further link 

the odds of having more reviews to sales performance. 
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Chapter 4. 

Study 3: Freeware downloads: An empirical 
investigation into the impact of expert and user reviews 
on demand for digital microproducts 

Abstract 

Electronic word-of-mouth, or eWOM, on e-commerce platfonns has become ubiquitous 

and has recently generated renewed interest among researchers to explore its impact in 

the e-marketplace. However, published research to date has yet to study the impact of 

expert reviews on digital goods, including microproducts, and their combined impact 

with users' reviews. In this paper, we conduct an empirical study of 143 freeware to 

measure the impact of two distinct types of e WOM, those produced by experts 

(professional reviewers) and those offered by users (consumers) on the number of 

downloads. Despite the fundamental difference in motivations of posting a review. our 

findings suggest that the impacts of both types of eWOM are nearly identical in 

significance and importance. While we found that the existence of either or both types of 

reviews impacts consumption (software download), the review valence does not matter. 

The findings of this research could help e-commerce operators - intennediaries and direct 

sellers alike - integrate e WOM in the fonnulation of their e-business models. 

89 



4.1 Introduction 
Research has shown that third-party sources of information such as word of mouth are 

considered to be more credible by consumers (Liu 2006). In order to make such third-

party information readily avaUable to consumers, e-commerce platform operators, such as 

CNET.com, amazon.com and eBay.com, provide evaluations in the form of online 

product reviews. These types of reviews are a form of eWOM (Amblee and Bui 2007a; 

Amblee and Bui 2007b; Bounie et al. 2005; Chevalier and Mayzlin 2003; Duan et al. 

2005). eWOM can be of two types, expert and user. Expert reviews are posted by paid 

evaluators, who provide in-depth and unbiased evaluations of a product. These reviewers 

are often hired by popular e-commerce vendors or hosting portals, and are expected and 

perceiVed to have high standards of integrity. Meanwhile, user reviews are evaluations 

posted by users or consumers based from their personal experience and viewpoint. 

Previous research has shown that user reviews tend to be biased towards the extreme 

positive and negative ends, but provide a layperson's perspective typically lacking in the 

expert review. In recent years, a steady stream of research into the impact of both types of 

reviews has emerged. 

The impact of eWOM on sales becomes more pronounced when the good being 

evaluated has a low price and low transaction cost, as is often the case with some types of 

digital goods known as digital microproducts. This is even more so when the digital good 

is available for free, commonly known as freeware. Freeware often qualifY as digital 

microproducts, especially when it is of small size and performs a singular task. Freeware 
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is made available for a variety of reasons. Economic reasons include establishing a user

base to gain market share, with the goal of converting some users to paying customers -

namely corporate users, and leading users to other non-freeware products from the same 

vendor. Social reasons include self enhancement, or a desire to support an independent 

freeware culturell (Edwards 1998). Although freely available, there are still some non

monetary costs borne by the user, including the time needed to download and instal1 the 

freeware, as well as the time and energy involved in eusuring that it performs as claimed. 

Each installed freeware program also consumes limited system resources. Another cost 

sometimes associated with freeware is the potential existence of damaging spyware 

within the freeware (Kucera et al. 2005). These non-monetary costs can substantially 

reduce consumption of freeware. In order to make an informed decision, online 

consumers try to obtain information about the freeware prior to consumption (or 

download). 

In this paper, we attempt to measure the impact of expert and user reviews on 

consumption of freeware. To this end, we conduct an empirical study on freeware 

downloads. The paper is organized as follows. Section 2 provides a brief discussion of 

eWOM literature, focusing on expert and user online reviews. Section 3 develops the 

research model and Section 4 presents the results of the empirical study. Section 5 

concludes with the discussion and recommendations. 

11 An increasingly important market for freeware is the market for open source software. 
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4.2 Measuring the Impact of eWOM 

4.2.1 Electronic Word-of-mouth (eWOM) 
For this research, eWOM is defined as a positive or negative statement made by 

customers about a product, made available to a multitude of people and organiUltions 

through the electronic medium of the Intemet (Hennig-Thurau et al. 2004). While 

traditional or omine WOM is exchanged through oral communication in real time and in 

limited geographical space, eWOM is propagated electronically via the internet with a 

disconnect in time and space (Weinberg and Davis 2005). Reviews and ratings are a 

popular form ofWOM articulated online and posted directly on e-commerce sites. 

Reviews consist of text that describes the product being evaluated, and ratings consist of 

a numerical score that evaluates the product. Ratings commonly range from a score of 0 

to 5, although this varies across e-marketplaces. Over the past few years, there has been 

an emerging body ofliterature on the impact of these types of eWOM on sales. Indeed, 

eWOM has become a major source of purchasing decisions for increasingly web-savvy 

consumers (Amblee and Bui 2007b; Bounie et al. 2005; Chevalier and Mayzlin 2003; 

Duan et al. 2005; Godes and Mayzlin 2004; Liu 2006). Online environments are highly 

suitable for research on word-of-mouth, and prior research has found that WOM can be 

critical to the foundation of demand for a product (Eliashberg et al. 2005). Researchers 

most commonly use two measures of eWOM. The first is volume which refers to the 

actual number of reviews or ratings. The second is valence which refers to contents of the 

reviews (e.g., positive, negative or neutral) or ratings (e.g., one to five stars). eWOM can 

be expressed as expert or user reviews. 
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4.2.2 Critics - The Role of Expert Reviews 
Prior empirical research into the impact of expert reviews on consumption is limited to 

printed word-of-mouth such as movie-critic's reviews and book reviews in leading 

newspapers. Eliashberg and Shugan (1997) studied the impact of the role of movie-critics 

on box office success, and found that critics (who are experts) can have two possible 

effects, these being caused by their being influencers or predictors of sales. The predictor 

and influencer effects refer the ability of a review to influence consumers' decisions and 

the ability of a review to predict consumers' decisions, respectively. Their study found no 

significant influential impact of critical reviews on box office sales for the following 

month. They did, however, find a significant correlation between critical reviews and 

eventual box office performance, supporting the hypothesis that critics/experts are 

predictors of success or failure. Reinstein and Snyder (2005) also researched the 

influencer and predictor effects of expert reviews, and contrary to Eliashberg and Shugan 

(1997), found that after removing spurious correlations, a small influencer effect was 

present. In another study on the impact of expert reviews, Sorensen and Rasmussen 

(2004) found that the saying "any pUblicity is good publicity" is partially true when it 

comes to expert book reviews and their impact on sales. They attribute this phenomenon 

to the fact that expert book reviews play the role of announcers of the book's existence, 

as well as to inform consumers about the product's content and characteristics. They also 

note that when product quality is unknown prior to consumption, product reviews by 

experts or other consumers play an important role in shaping demand. The practice of 

online expert reviews has become prevalent in major successful Internet portals - such as 

amazon.com, CNET.com, Edmunds.com. Compared to ofiline or printed expert reviews, 

online expert reviews have two distinct characteristics. First, online expert reviews are 
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more permanent, as online reviews are often posted indefinitely, as opposed to the daily 

newspaper, which is discarded relatively soon. Second, online expert reviews often have 

spatial proximity to the goods being evaluated, since both are available online. Dellarocas 

et al. (2005) studied the impact of movie critics (experts) listed on Yahoo Movies, a 

popular online portal, - although most of these critics are not true online experts, as their 

offline reviews are just posted online. Despite this apparent significance of eWOM in e-

commerce, we are unaware of any research studying the impact of online expert reviews 

on sales of digital goods such as freeware. We propose the following hypotheses to 

measure the impact of expert reviews on consumption of digital goods, including digital 

microproducts. 

HI a: Digital goods reviewed by experts will be consumed more than digital goods not 

reviewed by experts. 

HI b: Digital goods with more positive expert reviews will be consumed more than digital 

goods with less positive expert reviews. 

4.2.3 Role of User Reviews 
Research has shown that consumers are motivated to read and write eWOM for decision 

making and social benefits, and this undoubtedly affects their purchasing decision 

(Hennig-Thurau and Walsh 2003). However, very little is known as to how certain types 

of consumer generated eWOM, such as online text reviews or numerical ratings, affect 

the purchasing decision, and by how much. Although the impact of online reviews and 

ratings on sales has been studied, the findings have not been conclusive. With regards to 
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the impact of product ratings on sales, many of the published findings seem to be 

conflicting with one another. For example, some studies have found that the product 

rating, also known as the valence of eWOM, is able to significantly predict sales 

(Chevalier and Mayzlin 2003), while others concluded that the product rating has no 

predictive powers (Duan et al. 2005; Liu 2006). The volume of eWOM, however, has 

been consistently shown to be a reliable predictor of sales (Amblee and Bui 2007b; Duan 

et aI. 2005; Godes and Mayzlin 2004; Liu 2006). Studies to date have focused on the 

impact of consumer generated eWOM on sales of experience goods such as movies. 

videogames and books. Given the proven significance of user generated eWOM on sales 

of digital microproducts, we include them in our study. 

H2a: Digital micro products reviewed by users will be consumed more than digital goods 

not reviewed by users. 

H2b: Digital micro products with more positive user reviews will be consumed more than 

digital goods with less positive user reviews. 

4.2.4 CrHle and User Reviews - The Compounded Effect 
As the Internet provides a convenient platform for posting reviews, an increasing number 

of goods and services benefit from reviews of both experts and consumers. In the 

hypotheses introduced previously, we seek to assess the impacts of reviews from experts 

and users separately. Motivation for posting reviews differs fundamentally for the two 

groups of reviewers. With regards to users, research has shown that consumers engage in 

word-of-mouth when expectations are either not met or exceeded. This emotional social 

phenomenon is known as dissonance reduction (Hennig-Thurau et al. 2004). Li and Hitt 
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(2004) note several other major limitations of online user reviews, including the 

manipulation of reviews by firms and the self-selection problem, which can arise if the 

preferences or quality perception of the reviewers differ significantly from the general 

population, regardless of the truthfulness of the reviews. On the other hand, experts write 

for a business reason, following professional guidelines for reporting, attempting to avoid 

emotional and biased statements. Since experts write for a wider audience, and have 

arguably considerable experience with quality judgment, the impact of the self-selection 

problem is expected to diminish considerably. For example, Dellarocas et al. (2005) 

studied the impact of both movie-critics and user reviews, and found that user reviews 

were twice as powerful in predicting box-office revenues as reviews by movie-critics. 

Since the two types of reviews express two different vantage viewpoints, we seek to 

explore the compounded effect of both review types on the consumer's decision to select 

and download freeware. We propose the following model (Figure 22) and proceed to test 

it empirically. 

, _____ ~~J}~ ____ _ 
, ' , ' , , , , , , , , , , , , , , , , , , , 

Expert 
Reviews 

I Amateur I 
User 

1 ________________ _ 

Consumption 
Demand 

Figure 22. ModeUng the impact of eWOM on cODSumption of digital microproducts 
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H3a: Since the motivational bases for posting expert and user reviews are different, when 

both expert and user reviews exist, there will be minimal correlation between the valence 

of the two types of reviews 

H3b: Digital micro products with both expert and user reviews will have more total 

consumption than digital micro products without both types of reviews. 

4.3 An Empirical Study: The Impact of Expert and User Reviews 
on Freeware Downloads on CHET.com 
The research design aims to measure the impact of eWOM in the form of expert and user 

reviews, on sales of digital goods, especially digital microproducts. In this section, we 

explain the research setting and data collection approach. We also detailed the research 

design and report the findings of our empirical study. 

4.3.1 Research Setting and Measurements 
We looked into the "Digital Photo Tools" sub-section under the "Digital Photography" 

section from Download.com, a software download site that is part of the popular 

CNET.com software portal. According to IDC, a research firm in Framingham, 

Massachusetts, there were 103 million digital cameras sold in 2006, beating the previous 

record of94 million in 2005. More notably, this market is being supplemented by the 

spectacular demand of cells phones with built-in digital cameras. 381 million were sold in 

2006. The demand for software tools to edit digital photos is obvious. To control for 

factors that might distract us for measuring the effects of eWOM, we filtered out non-

freeware and obtained a list of 143 freeware digital photo tools available for immediate 

download. This represented the total popUlation of freeware tools for digital photo tools 

on the popular portal. 
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In setting up the research, we considered several important factors that could bias a study 

of the two types of eWOM. First, the digital goods and services being evaluated may 

provide different features, or services, which will bias the study. Second, purchasing 

price is a fundamental determinant of demand, and the numerous and complex 

combinations of pricing formats and pricing levels can also bias a study of the impact of 

eWOM. We need to account for the comparability of the goods being studied, both in 

product features and pricing range. Therefore, we need to first control for these biases in 

our empirical study. In order to account for the first bias, we focus on digital goods that 

provide a single task or service, that of managing digital photographs. AIl discussed 

earlier, digital photography has gained popularity exponentially, and the transition from 

film to bytes is almost total for consumers. Digital photography has also been used 

previously as the research setting for analyzing the impact of eWOM (pol\ach 2006). By 

focusing on digital photo tools, we hope to significantly diminish and control for the 

impact of the different features or services provided by digital goods. By focusing 

exclusively on freeware, the impact of price is removed, and the second bias is 

eliminated. Since the freeware has zero cost, near zero transaction and marginal cost, and 

performs a single task, it qualifies as a digital microproduct. However, unlike with 

Amazon Shorts, where there is a high degree of homogeneity, freeware shows less 

homogeneity, and some freeware fit the description of digital microproduct better than 

others. To measure the impact of expert and user reviews on consumption of freeware, 

we used the following direct measures: 
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Total Downloads as Consumption: 

For freeware, total revenues directly related to sales (freeware downloads) will be zero 

with the absence of price. Since no monetary amounts are exchanged in the consumption 

of freeware, we measure consumption by the number of downloads with the expectations 

that that the user has a genuine need for the software and will likely use it. With software, 

users tend to immediately install after download, often choosing to "run the file" 

automatically after download. The time between download and consumption for freeware 

is very short, as downloading programs allows for instant gratification. 

Editor Rating as Expert Review Valence: 

On CNET.com, some of the software available for download is reviewed by CNET's in

house team of editors. However, only less than 10% of software available on CNET.com 

is reviewed by an editor, as these "editor resources" are limited by the capacity of the 

editorial staff. The expert reviews are usually posted early and do not change for the same 

software. On CNET.com, there is only one editor's review posted per software. In our 

study, the CNET Editor's Review is the expert review. As defined earlier, the rating of 

the Editor Review (number of stars), is the valence. 

User Rating as User Review Valence: 

Users are allowed to post reviews for software on CNET.com. Users may choose to 

provide just a numerical rating by using a 5-star scale to rate the software, or enhance the 

numerical rating through a text review based on pros and cons. These ratings are then 

averaged out to give the ''User Rating" for that software. In our study, the User Rating is 

the measure of user review(s), and its star rating is the valence. 
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4.3.2 Data Collection 
We collected the entire population of "Digital Photo Tools" (N=143) on the CNET.com 

portal. Therefore, we did not have to address the sampling issue. For each freeware, we 

collected data that include the editor's review (expert review), average user rating (user 

reviews), the date of first availability, and the total number of downloads. All reviews are 

easily accessed with no compelling hint as to what type of review should be seen first. 

For this research, we assume that there is no sequential impact of the selection process 

driven by the ordering of the eWOM displayl2. 

4.4 Results 
This section reports the results of our empirical study. Table 12 contains the summary 

statistics for all variables in the study. The correlation matrix and linear regression results 

are reported in Tables 13 and 14 respectively. 

12 The listing of freeware on Download.com changes frequently over time with new 
freeware being added and other being removed. Our data was collected on February 19th, 
2007. 
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4.4.1 Descriptive Statistics 

Table 12. Summary Statistics 

EdltorReview 

UserRevlew 

TotalDownloads 

SlzelnMB 

ScreenShot 

Legend: 
EdltorReview 
UserReview 
Critiqued 
Reviewed 
TotalDownloads 
SlzelnMB 
ScreenShot 

N Minimum MaxImum Mean Std. Deviation 

16 3 5 4.13 .619 

28 2.0 4.5 3.500 .8051 

143 0 487534 18516.83 57025.337 

143 .00 148.52 6.72 18.05 

143 0 1 0.39 0.490 

This is the valence of the Editor Review (expert review). It ranges from I to 5 stars. 
This is the valence of the User Rsting (user review). It ranges from I to 5 stars. 
Categorical variable. I if freeware has an Editor Review. 0 if not. 
Categorical variable, I if freeware has User Rating, 0 if not 
Total number of downloads ofa freeware 
The size of the freeware download in megabytes 
Categorical variable, I if a screenshot is provided by the freeware developer, 0 if no screenshot 
is provided 

Table 13 shows the average mean for each of the research measures, broken down by 

review type. Of the 143 freeware available for immediate download under "Digital Photo 

Tools", 111 freeware (77.6%) did not have reviews of any kind. These un-reviewed 

freeware tools fared poorly in popularity, with an average of 3,697 total downloads for 

each freeware tool. The remaining 32 freeware, which had editor or user reviews, the 

average total number of downloads increases to 69,920, a multiple factor of nearly 19. Of 

the 28 freeware with user reviews and no expert reviews, the average total downloads 

was 76,736, which is a multiple factor of21 (compared to those freeware with no reviews 

of any type). Sixteen (16) freeware had editor reviews only, and they had an average total 

download of 100,474, which is a multiple factor of27. FinaIly, 12 freeware had both 

editor and user reviews, and these freeware had an average total download of 126,330, 

which is a mUltiple factor of 34. Clearly, there appears a noticeable relationship between 

reviews and total freeware downloads, which we will explore. 
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Table 13. Summary breakdown by review type 

Editor and Editor User EIther Editor No Reviews 
User Review Review or User of eny \ype 
Reviews Onl~ Onl~ review 

Average Total 126,330 100,474 76,736 69,920 3,697 
Downloads !N=121 !N=16! !N=28! !N=321 !N=1111 
Average Editor 4.25 4.13 4.25 4.13 N1A 
Review !N=121 !N=16! !N=121 !N=161 !N=O! 
Average User 3.21 3.021 3.50 3.50 N1A 
Review !N=121 !N=121 !N=281 !N=281 !N=O! 
Size In 17.86 15.71 10.06 9.96 5.79 
M!!!labytes !MB! !N=121 IN=16! !N=281 IN=321 IN=1111 
Percentage with 56% 50% 50% 47% 37% 
Screenshol IN=121 IN=161 IN=281 IN=32! IN=1111 

An interesting observation is the correlation of the size of the freeware (in megabytes) 

and the type ofreview(s) available for that freeware. When no review exists, the average 

size of the freeware tool is 5.79 MB. When a review of either type exists, the average file 

size of the freeware tool rises to 9.96 MB. When only user reviews are present, the 

average size is 10.06 MB and, when only editor reviews are present, the average file size 

rises still higher to 15.71 MB. Finally for those freeware having both editor and user 

reviews, the average file size is 17.86 MB, which is nearly three times the average size of 

freeware with no reviews. Since the file size does not seem to change with total 

downloads, a direction for causality can be inferred. There tends to be a propensity to 

evaluate a freeware tool based on its size. This could be for a variety of factors. One 

could be that since effort has been made to download a larger file, the desire to inform 

others about its performance may be greater. This is likely due to the increased 

dissonance that can result when more effort is involved. Alternatively, both editors and 

users may perceive a freeware with a larger file size to possess more features and 

functionality, and therefore be more inclined to evaluate these tools. Users would be 

tempted to get the most for nothing (zero price), and download freeware with larger file 
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sizes. There is a weak but statistically significant correlation between file size and the 

total number of downloads (see Table 14). It is likely that one or more of these factors are 

at play here. 

Table 14. Correlation Matrix 

Critic Critiqued User R8Ylewed Total Size In MB 
Review Revlew Downloads 

Critiqued (1) .(a) 

.000 
16 

UserRevlew -.103 -.320 
.751 .097 

12 28 

Revlewed(2) .361 .496(-) .(a) 

.169 .000 .000 
16 143 28 

Total .328 .512(**) .062 .505r) 
Downloads 214 .000 .754 .000 

16 143 28 143 
Size In MB -.054 .1nr) -.029 .092 .176(*) 

.843 .034 .882 .276 .036 
16 143 28 143 143 

Screen Shot .209 .079 .000 .110 .178r) .174r) 
.438 .349 1.000 .193 .033 .037 

16 143 28 143 143 143 

• Correlation is significant at the 0.05 level (2-tailed). 
*. Correlation is significant at the 0.0 I level (2-tailed). 
(I) Critiqued: Categorical variable, I if freeware has an Editor Review, 0 ifnot 
(2) Reviewed: Categorical variable, I if freeware has a User Review, 0 ifnot 

Another interesting observation deals with the percentage of freeware with screenshots. 

Screenshots are a visual preview of the installed freeware in action, and are provided to 

help users make the download decision. For those freeware with no reviews, only 37% 

had one or more screenshots made available. This rises to 47% for freeware with reviews 

of any kind, and 50% each for freeware with user reviews only or editor reviews only. 

FOT those freeware with both editor and user reviews, 58% had screenshots available. 

103 



Clearly, there is a relationship between availability of a visual preview by means of a 

screenshot and the existence of either or both types of reviews. A screenshot is usually 

provided when the freeware is first made available for download, and thus causality could 

be inferred between screenshots and reviews. However, since it is theoretically possible 

that a screenshot was added at a later date, the case for causality is not as strong as with 

file size. A visual preview can work in a manner similar to eWOM, in that it provides 

information about the good prior to consumption (Varian 2001). However, while eWOM 

is third-party information, a screenshot provided by the freeware developer is first-party 

information. 

4.4.2 Hypothesis Testing Results 
Hypothesis la: Digital micro products reviewed by experts will be consumed in greater 

numbers than digital micro products not reviewed by experts. 

We performed a t-test to compare the group means of the total downloads of freeware 

reviewed by editors and freeware not reviewed by editors. The difference between the 

group means was significant at the 0.05 level. 127 freeware tools did not have editor's 

reviews, and this group had an average of8,191 downloads. Only 16 freeware tools had 

editor's reviews, and this group had an average of 100,474 downloads. The mean 

difference between the groups was 92,283 downloads. The results show that there is an 

enormous difference in the popularity of freeware with editor reviews versus freeware 

without editor reviews. In fact, a freeware tool with an editor review is more than 12 

times as popular as a freeware tool without the editor review. The Box and Whisker plot 

in Figure 23 visually shows the difference in total downloads between freeware with an 

Editor Review and freeware without an Editor Review. 
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Figure 23. Total Downloads for Freeware with Editor Review vs. Freeware without Editor Review 

(The circle represents an outlier, and the asteri sk represents an extreme value.) 

Hypothesis 1 b: Digital microproducts wilh higher editor reviews will be consumed in 

greater numbers than digital microproducts with lower editor reviews, 

The regression results (Table 15) do not show support for the hypothesis that freeware 

with better (or higher valence) editor's reviews will be downloaded more often than 

freeware with lower editor's reviews. This may be due to a variety of factors, one of 

which is the lack of variability within the editor's reviews. This finding is in accordance 

with similar findings by other researchers that the valence of the review does not make a 

difference (Amblee and Bui 2007b; Duan et al. 2005; Liu 2006), - although it ' s mere 

existence does make a difference. Also, prior research looked into the valence of user 

reviews. Here, as a unique contribution, we looked at the valence of expert reviews, and 

thi s result contributes by extending the fi nding of non-significance of valence to expert 

reviews. 
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Table IS. Regression Results (Total Downloads) 

RIb R 2b H 3b 
Constant -202478 46659.09 2189.98 
Editor 's Review 73443.01 
A verage User Review 8565.06 
Editor Review Ex ists 62556.22" 
User Review Exists 47636.57" 
Model Fit F-value 1.629 0.100 36.96" 
Adjusted R·square 0.044 -0.034 0.336 
N 16 28 143 

* p<0.05 ** p<O.OI 

Hypothesis 2a: Digilalmicroproducts reviewed by users will be consumed in greater 

numbers than digitaimicroproducts 110t reviewed by users. 

We perfomJed another t-test to compare the group means of the total downloads of 

freeware reviewed by users and freeware not reviewed by users. The difference between 

the group means was significant at the 0.05 level. 115 freeware tools did not have user 

reviews, and this group had an average of 4,365 downloads. Only 28 freeware tools had 

user reviews, and this group had an average of 74,636 downloads. The mean difference 

between the groups was 72,270 downloads. As with the editor' s reviews, the results show 

that there is also a large difference in the popularity of freeware with user reviews versus 

freeware without user reviews. While an edi tor's review makes more ofa difference than 

user reviews in absolute terms (100,474 vs. 74,636), a freeware tool with a user reviews 

is more than 17 times as popular as a freeware tool without the user review (as opposed 

to 12 times for an editor's review). The Box and Whisker plot in Figure 24 visually 

shows the di fference in total downloads between freeware with a User Review and 

freeware without a User Review. 
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Figure 24. Total Downloads for Freeware with User Reviews vs. Freeware without User Reviews 

Hypothesis 2b: Digital microproducts with higher user reviews will be consumed in 

greater numbers than digital microprodllcts with lower lIser reviews. 

The results (Table 15) do not show support for the hypothesis that freeware with better 

user reviews (higher valence) wi ll be downloaded more often than freeware with lower 

user reviews (lower valence). Unlike with the edi tor reviews, there is considerable 

variability within the user reviews, with reviews ranging from 2 stars to 4.5 stars . One 

likely reason is that several freeware tools with poor user reviews had positive editor 

reviews. Agajn, as w ith the editor review, thi s finding validates prior eWOM research 

findings that the valence of reviews does not matter. We now test for the impact of both 

types of reviews on total downloads. 
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Hypothesis 3a: Since the motivational bases for posting expert and user reviews is 

different, when both expert and user reviews exist, there will be minimal correlation 

between the valence of the two types of reviews 

There is no significant correlation between the editor review and user reviews for 

freeware (Table 14). The correlation coefficient is -.103 and bas a p-value of O. 751. 

While one could explain away this lack of correlation by the small number of freeware 

with both editor and user reviews (12 out of 143), a visual inspection of the reviews for 

the 12 freeware tools showed no convergence between the editor and user reviews even 

in a single instance. This is in contrast to a high correlation of 0.59 between critics and 

user reviews on Yahoo Movies (Dellarocas et al. 2005). Editor reviews for freeware are 

more generous than the average user review, which is in contrast to the motion picture 

industry, where professional-critic reviews tend to be harsher than user reviews. The 

average editor review (when both review types exist) is 4.25, while the average user 

review is 3.21. An explanation for the higher average editor review is that the limited 

nature of the editor's resources may mean that only freeware from established or 

reputable providers or vendors may be reviewed, leading to a higher evaluation. 

However, this would still not account for the discrepancy in the editor and user reviews 

of the same freeware. 

Hypothesis 3b: Freeware with both expert and user reviews will have more total 

downloads than freeware without both types of reviews. 

The regression results (Table 15) provide strong support for the hypothesis that freeware 

with both expert/editor and user reviews will have more total downloads than freeware 
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without both types of reviews. The model fit F-value is 36.96, and the adjusted R-square 

is 0.336. The parameter estimate for the "existence of an editor review" can be 

interpreted to say that the existence of t!te editor review increases total freeware 

consumption by 62,557 downloads. The parameter estimate for the "existence of user 

review(s)" implies that the existence of user review(s) increases total freeware 

consumption by 47,636 downloads. The standardized beta coefficient is 0.347 for the 

editor review and 0.333 for the user review, which are nearly identical, meaning that the 

impact of the two types of reviews is equally powerful. This is an important finding, as it 

quantifies the impact of both types of reviews simultaneously. It is also different from the 

finding that online user reviews are able to better predict future sales than experts in the 

movie industry (Dellarocas et aI. 2005). We will delve into this further in the discussion. 

4.5 Conclusion 
Our empirical study provides some interesting and unique results on the impact of expert 

and user reviews on freeware downloads, summarized in Table 16. We found that 

freeware with expert/editor reviews have over 90,000 more downloads than freeware 

without expert reviews. However, the valence of the editor review did not matter, which 

validates prior eWOM research. As expected, when uncertainty related to a product is 

high, the expert review has a tremendous impact on consumer's selection decision. While 

we do not claim causality from the results, there is considerable evidence towards that 

end. An editor review is posted in the early stages of the introduction of a freeware tool, 

and does not change over time, as with aggregate user reviews. This provides a direction 

for causality, although the strong correlation between the editor review and total 
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downloads is likely due to both prediction and influence/causal effects of the editor 

review. Clearly, consumers/users are paying attention to expert reviews. 

Table 16. Summary of findings 

HI a Digital microproducts reviewed by experts will be consumed in greater 
numbers than digital microproducts not reviewed by experts. 

SUPPORTED 

HI b Digital microproducts with higher expert reviews will be consumed in 
greater numbers than digital microproducts with lower expert reviews. 

NOT SUPPORTED 

H2a Digital microproducts reviewed by users will be consumer in greater 
numbers than digital microproducts not reviewed by users. 

SUPPORTED 

H2b Digital microproducts with higher user reviews will be consumed in greater NOT SUPPORTED 
numbers than digital microproducts with lower user reviews. 

IDa When both expert and user reviews exist, there will be minimal correlation 
between the valence of the two types of reviews 

SUPPORTED 

H3b Digital microproducts with both expert and user reviews will have more 
total consumption than digital goods without both types of reviews. 

SUPPORTED 

We also found that user reviews impact the total number of downloads for freeware. 

Freeware with user reviews have over 72,000 more downloads than freeware without 

user reviews, which is significant, although not as strong as for the editor review. On the 

other hand, more freeware tools have user reviews than editor reviews. While the making 

a case for causaIity is quite credible, it is not as clear as with the editor review. This is 

primarily due to the fact that while the editor review is posted early and remains 

unchanged, the user rating is an aggregate of all user reviews, which are added 

throughout the listing period of a freeware good. The user rating is dynamic and 

incremental, in that its valence and volume are subject to change over time. However, 

while the existence of the user rating makes a difference to the total number of freeware 
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downloads. the valence itself does not seem to matter, akin to findings on the editor 

review. 

When both editor/expert and user reviews are available, we found that both types of 

reviews impact total downloads, and that both types of reviews impacted freeware 

downloads equally. This is in contrast to findings by Dellarocas et aI. (2005) that the 

impact of user reviews are twice that of expert reviews, although their study focused on 

box-office revenues. Unlike our study where reading eWOM and consumption (through 

download) occur on the same platfonnllocation, reading movie eWOM and consumption 

(by going to the cinema) occur at different locations. It is possible that expert and user 

reviews impact different types of goods and e-business models in different ways, and 

would make for interesting future research. We limit the results of this study to freeware. 

We found that freeware with both types of reviews have over 117,000 more downloads 

than freeware tools that do not have both types of reviews. Both types of reviews are 

made available next to one another on a simple interface and thus are likely incorporated 

simultaneously into the decision-making process. Again, while we do not make the direct 

claim to causality, the circumstantial evidence is quite strong. Finally, we note that 

although the two review types arise from different cognitive and business motivations 

and provide two different perspectives, the distinction between expert and user reviews is 

not always so rigid, and on certain e-commerce platforms, the distinction between the 

review types can blur. For example, Pollach (2006) notes that on ReviewCentre.com, user 

reviews for products that are considered to be particularly useful by other users are given 

the official status of "Expert Review". 
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Based on our findings that the interplay between both types of reviews impacts freeware 

downloads positively, we recommend that e-commerce platforms follow the CNET.com 

practice (as well as that of other leading intennediaries,) oflisting both types of reviews 

in an easily accessible format. We also recommend that e-commerce platform operators 

that do not yet provide expert reviews do so in the future. E-commerce platforms with 

expert reviews will help consumers make more informed decisions. Better decisions are 

expected to lead to a more satisfactory consumer experience and will likely result in 

repeat customer visits. In tum, satisfied consumers might be inclined to write reviews. 

We further recommend that e-commerce platforms and direct sellers expand the practice 

of making user reviews available to aid in the decision-making process. Since we found 

that the valence of the user rating does not impact downloads, but its mere presence does, 

we recommend that e-commerce platform operators provide severaIlevels of user ratings, 

including ones for functionality, ease of use, ability to perform as advertised and hidden 

costs such as spyware and system resource consumption, so as to give the review more 

structure and variability, and less bias. This may tum the valence into an important factor 

in the decision process All in all, this should help users partially overcome the self

selection bias and make download decisions better suited to their own preferences. 
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Chapter 5. Dissertation Conclusion 

5.1 Summary of Rndings 
This dissertation makes several unique contributions to the growing body of research on 

eWOM, including a comprehensive and integrated study on the impact of eWOM as a 

signal of product reputation, brand reputation and complementary goods reputation. It 

also sheds new evidence on the interplay between reviews by critics and amateurs. 

The first research study proposed a demand model based on electronic word-of-

mouth, and empirically measured the impact of electronic word-of-mouth, as a signal 

measured of product reputation, brand reputation and reputation of complementary 

goods, on the microproduct buying decision. This demand model was then validated by 

means of an empirical study using "Shorts" from Amazon.com. This study validates the 

importance of eWOM to sales, as those digital microproducts with reviews attached to 

them had significantly more sales than those digital microproducts without reviews 

attached to them. The research findings suggest that product ratings by readers - the 

valence of eWOM signaling product reputation - are not a good predictor of sales. 

Instead, microproduct sales are correlated to the volume of product reviews, the 

reputation of the brand, and the reputation of complementary goods. The most intriguing 

findings from the study were on the impact of the author's reputation or brand on sales of 

e-books, a type of digital microproduct. The study finds support for the substitutability of 

product information search and brand on the Internet. The "author rating" is able to 

predict the sales of a digital microproduct to the same extent as the volume of reviews. 

This is especially important when no reviews exist. Finally, the study finds that the 

reputation of complementary goods does indeed have an impact on sales of a digital 
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microproduct. The degree of this impact is higher than the degree of impact of the 

author's reputation or the volume ofreviews. This research is original in its focus on 

digital microproducts and the development of the eWOM-based demand model. 

The second study explored the impact of brand reputation on the odds of posting 

new online reviews. A classification for the posting of new reviews in the future was 

developed. Statistical evidence suggests that digital goods with high (low) brand 

complementary goods reputations are more (less) likely to have reviews posted to them in 

the future. Perhaps the strongest empirical evidence of this research is the increased role 

of brand reputation on posting new reviews. The findings suggest that when both the 

brand reputation and complementary goods reputations are available, the impact of brand 

reputation is higher. This finding corroborates with the well-established research in the 

marketing literature about branding and co-branding. 

The third study provides some interesting and unique results on the impact of 

expert and user reviews on freeware downloads. Many types of freeware qualifY as 

digital microproducts, although not as clearly as with Amazon Shorts. The freeware used 

in this study generally qualifY as digital microproducts. The results show that freeware 

with expert/editor reviews have over 90,000 more downloads than freeware without 

expert reviews, although the valence of the editor review did not matter, which validates 

prior eWOM research. As expected, when uncertainty related to a product is high, the 

expert review has a tremendous impact on consumer's selection decision. The study also 

finds that user reviews impact the total number of downloads for freeware. Freeware with 

user reviews have over 72,000 more downloads than freeware without user reviews, 
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which is significant, although not as strong as for the editor review. On the other hand, 

more freeware tools have user reviews than editor reviews. When both editor/expert and 

user reviews are available, the study finds that both types of reviews impact total 

downloads, and that both types of reviews impacted freeware downloads equally. 

5.2 Limitations and Directions for Future Research 

There are a number of limitations to this research. First, reviews and ratings might not be 

accurate or truthful. Dellarocas (2004) argues, however, that in the long run, when 

enough reviews are posted, manipUlation of eWOM can actually hurt firms. A limitation 

of the first study is the causality of the demand model. Although there appears to have 

solid theoretical ground to argue that demand is a function of eWOM where price is low 

and fixed, the study is limited to prediction rather than on explanation. Causality issues 

should be addressed in future research. 

There are also several limitations to the second smdy. Of the four review types 

categorized earlier, we only studied review Types 1 and 4. The impact of brand and 

complementary goods reputations on review Types 2 and 3 has yet to be studied. In fact, 

we are currently evaluating these two types, and preliminary observation suggests that 

their odd ratios lie between those of Type 1 and Type 4. This research only used the 

widely adopted 5-star rating scale as a basis to assess brand reputation. A future study 

should closely examine the nature of the content (valence) of each of the reviews, and 

possibly other potential measures of brand reputation. Another significant limitation is 

the fact that this research only focused on brand and similar product reputation in its 

models. Future research should include other variables such as previous sales, previous 
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reviews, and date of product entry in a future research. Despite the limitations, the results 

of this study have opened several interesting avenues for further research on eWOM, as a 

signal of brand reputation, and a predictor of future postings of online reviews. Future 

investigation should look into the valence of the review being posted, despite 

disappointing findings to date. A logical extension of this research is to study the valence, 

i.e., whether the review is positive or negative, and its impact on whether the review 

significantly impacts the time series for the sales of a given digital product. Last but not 

least, while the research focus here looks at the odds of having new review postings, the 

ultimate goal of brand reputation as well as the effort to get more review discussion is to 

improve sales over time. It is important to further link the odds of having more reviews to 

sales performance. 

A limitation of the third study is the lack of a longitudinal aspect to the data 

analysis. The data was a snapshot in time, and dynamic impact of eWOM, as both expert 

and amateur user reviews over time is still unknown, and is suitable for future research. 

Furthermore, the distinction between expert and amateur user reviews is very rigid in this 

study, and future research should look at cases where the distinction between expert and 

user reviews is blurred. While in the first two studies, all Amazon Shorts fit neatly into 

the classification of digital microproducts, the freeware used in this study do not fit in as 

neatly. 

Finally, this dissertation studied digital microproducts with low fixed cost (Amazon 

Shorts) and zero cost (freeware). The logical extension to this research would be to 

include goods with a higher level of price variance, to study price elasticity and eW:0M. 
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