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ABSTRACT 
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Online reviews have been found to be important drivers for consumer’s purchase decisions. Many 

firms resort to online review manipulations in the hope to improve their revenues. Manipulated 

online reviews have been acknowledged as a critical challenge in the e-commerce industry. Two 

essays in my dissertation are in the domain of online review manipulation in the hotel industry. In 

the first essay, I study how a new type of competition from the sharing economy (specifically 

Airbnb.com), impacts how hotels manipulate reviews. Surprisingly, I find that hotels demote their 

competitors less in the presence of higher levels of Airbnb competition. For self-promotion, 

Airbnb’s impact varies across hotel types – high-end hotels intensify self-promotion activities 

while low-end hotels make no change. In the second essay, I study the economic effectiveness of 

different review manipulation strategies. I find that high-end hotels indeed benefit from self-

promotion and are hurt from getting demoted by other hotels. Moreover, the negative impact of 

getting demoted is stronger for low-end hotels than for high-end hotels.  

My third essay is in the sponsored search advertising domain. I draw on the theory of strategic 

groups to investigate how advertisements from firms within such groups impact consumers’ 
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clickstream behavior when viewing sponsored search results. I find a strong positive externality 

for within-group competitors relative to across-group competitors. My findings contribute to the 

sponsored search literature by theorizing and empirically verifying consumers’ search behaviors 

from the strategic group perspective 
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CHAPTER 1 

INTRODUCTION 

1.1 Background and Overview of My Dissertation 

Online reviews have become an influential source of information to help customers make purchase 

decisions (e.g., Chevalier and Mayzlin 2006; Dellarocas et al. 2007; Ye et al. 2011; Zhu and Zhang 

2010). In fact, customer reviews are generally considered to be more credible than promotional 

campaigns (Bickart and Schindler 2001; Lu et al. 2013). Recognizing the importance of online 

reviews in driving their businesses, many firms resort to manipulating reviews (e.g., Tibken 2013).   

Manipulated online reviews have been acknowledged as a critical challenge in the e-

commerce industry (McCartney 2012). They lead consumers to make suboptimal decisions in a 

short run and hurt the platform in the long run due to consumers’ distrust. Two of my essays focus  

on research questions in the online review manipulation domain. In the first essay, I study how a 

new type of competition from sharing economy (Airbnb.com) influence hotels’ review 

manipulation behavior. In the second essay, I study the economic effectiveness of online review 

manipulation strategies in the hotel industry.  

The third essay is related to sponsored search advertising. Sponsored search advertising 

has become an important venue for firms to compete for consumers. Despite its importance in 

today’s business, the sponsored search literature has yet to provide a systematic approach to 

describe the structure of the competitive environment, and furthermore to understand how 

consumers perceive and react to such competitions. Toward this end, I draw on the theory of 

strategic groups to investigate how strategic groups impact consumers’ clickstream behavior when 

viewing sponsored search results. 
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The rest of this chapter provides a brief overview of each of the three essays included in 

this dissertation.  

1.2 Competing with the Sharing Economy: Strategies for Manipulating Consumer Opinions 

The sharing economy presents a new economic system that uses the Internet to match customers 

with service providers for fee-based exchanges using under-utilized capacity (Slee 2016, p. 9). 

Airbnb is one of the leading firms in the sharing economy. It allows a host to list their properties 

for rent to accommodate guests at a price the host sets, and it accrues revenues by charging service 

fees from both hosts and guests per reservation. Airbnb has experienced rapid growth since its 

launch in 2008. As of February 2017, Airbnb hosts over 2 million listings in 34,000 cities across 

191 countries.1  

The success of Airbnb has taken a toll on the incumbents in the disrupted hotel industry 

(Zervas et al. 2017). These incumbents are striving to counter the competition using various 

strategies. I focus on one type of competition strategy hotels engage in: manipulating customer 

opinions through online reviews. More specifically, I examine the impact of the emergence of a 

new kind of competition posed by the sharing economy on review manipulation. The research 

question I address is whether hotels change their review manipulation actions upon the emergence 

of Airbnb. I examine this change for both types of manipulation, i.e., whether hotels change their 

self-promotion actions and their demotion strategies due to Airbnb. I further investigate if the 

manipulation behaviors are similar across different types of hotels.  

                                                 

1 https://www.airbnb.com/about/about-us (accessed February 1, 2017).  

https://www.airbnb.com/about/about-us
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I provide empirical evidence regarding a hotel’s review manipulation strategies as more 

Airbnb listings enter its market. To accomplish this, my study examines the review manipulation 

level that hotels engage in as a function of the supply of nearby Airbnb listings. By analyzing a 

unique panel data of 2,188 hotels extracted from five different sources: Airbnb, TripAdvisor, 

Expedia, the Texas Comptroller’s office, and Smith Travel Research,2 I am able to quantify 

changes in hotels’ manipulation strategies as more Airbnb listings become available. I find that 

the supply of nearby Airbnb listings exerts significant impact on hotels’ review manipulation 

actions and such impacts are not homogeneous across different types of hotels. My main results 

are that high-end hotels promote themselves more after Airbnb enters their market; and 

surprisingly, both low-end and high-end hotels demote each other less after the entry of Airbnb.  

1.3 How Does Online Review Manipulation Influence Sales? Evidence from the Hotel 

Industry 

Though the literature has identified the existence of fake reviews and how they influence the online 

ratings (Luca and Zervas 2016; Mayzlin et al. 2014), it is unclear to what degree those review 

manipulation strategies translate to a firm’s revenue. To fill in this gap, I empirically study how 

review manipulation influences a firm’s revenue in my second essay. Understanding the 

connection between review manipulation and a firm’s revenue may help me understand why firms 

actively engage in such manipulation behavior even though online review platforms forbid such 

behavior.  

                                                 

2 I thank Smith Travel Research (STR) and the Texas Comptroller’s office for graciously sharing their data with us. 
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Besides manipulating reviews, to influence customers, hotels could employ other strategies 

like changing prices, improving the quality of their service, etc. I isolate the economic impact of 

the review manipulation strategy while controlling for other strategies. To my knowledge, this is 

the first work that attempts to investigate the various strategies in a holistic manner.  

By analyzing a unique balanced panel data of 464 hotels extracted from six different 

sources: Expedia, TripAdvisor, the Texas Comptroller’s office, STR, FBI crime report, and 

Airbnb, I am able to quantify the impact of hotels’ review manipulation strategies. To control for 

the multiple endogenous variables in the estimation, I use the Generalized Method of Moments 

(GMM) approach to estimate a Panel Vector Autoregression (Panel VAR) model (Holtz-Eakin et 

al. 1988). I find: i) self-promotion helps improve sales of high-end hotels but not low-end hotels; 

ii) getting demoted hurts both high-end and low-end hotels; iii) the negative association between 

demotion and sales are stronger for low-end hotels than for high-end hotels.  

1.4 Competitive Structure and Consumer Reaction in Sponsored Search Advertising 

It is imperative for any firm to understand its competitors and develop their business strategies 

accordingly. The notion of strategic groups, first introduced by (Hunt 1972), has become an 

important construct in the management literature to diagnose the competitive structure in a market. 

Porter (1979) formalizes a strategic group to be a group of firms that closely compete against each 

other within an industry. The literature on strategic groups has predominantly focused on 

demonstrating the existence and impact of strategic groups from the lens of firms, without regard 

to whether and how consumers react under the influence of strategic groups. As an intermediary 

that links consumers and firms, a search engine provides a good test bed to investigate the impact 



 

5 

of strategic groups on consumers. By tracking how consumers consider which firms’ products to 

examine, I infer consumer perception of market structure.  

I examine strategic groups in the context of sponsored search, where advertisers pay to 

appear for a sponsored position in search engine results. The intensity of competition in sponsored 

search advertising is substantial and firms are willing to pay dearly for such advertising slots due 

to their ability to target consumers who are actively seeking specific products or services. 

However, despite its importance in today’s business, the sponsored search literature has yet to 

provide a systematic approach to prescribe the structure of the competitive environment or how 

consumers perceive such competitions. 

Building on the strategic group theory, I want to answer how membership in strategic 

groups impacts consumers’ search and navigation (clickstream) behavior. To answer this question, 

I look at consumer responses to competing advertisers from the same strategic group and from 

different strategic groups. Specifically, given that a consumer has visited the website of an 

advertiser from one strategic group, is it more likely for the consumer to visit the website of another 

company from the same strategic group or from a different strategic group? To operationalize this, 

I obtain several unique datasets. First, I collect search results data corresponding to the search 

keyword “digital camera” from Google during a 5-month span from May 2009 to October 2009. I 

obtain a set of main competitors for each advertiser from the Hoover’s database, an authoritative 

source for determining competitors of a firm (Pant and Sheng 2015). I resort to the Global Markets 

Direct database in the LexisNexis repository as a secondary source to identify additional 

competitors that are not captured by the Hoover’s database. I further acquire clickstream data from 

a third-party data vendor for the same time periods, which include consumers’ entire clickstream 
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history after they had searched for the keyword “digital camera” in Google. I find strong evidence 

of the influence of strategic groups on consumer behavior. My findings have important 

implications for search engine platforms and advertisers. For example, search engines should 

factor in the presence of multiple firms within a strategic group when estimating the quality score 

and projecting the click-through rates for ads.  

1.5 Organization of the Dissertation 

The rest of the dissertation is organized as follows. In Chapter 2, I address the question of how 

Airbnb has influenced hotels’ online review manipulation strategies. Chapter 3 analyzes the 

economic impact of online review manipulation strategies. Chapter 4 documents the strategic 

group effect in sponsored search advertising. In Chapter 5, I provide a summary of findings and 

contributions to the literature. 
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CHAPTER 2 

COMPETING WITH THE SHARING ECONOMY: AN INVESTIGATION OF 

INCUMBENTS’ MANIPULATION OF CONSUMER OPINIONS 

2.1 Introduction 

The sharing economy presents a new economic system that uses the Internet to match customers 

with service providers for fee-based exchanges such as short-term apartment rentals, car rides, or 

household tasks (Slee 2016, p. 9). Uber and Airbnb are two leading firms in the sharing economy 

in the transportation and hotel industries, respectively. For example, Airbnb’s platform allows a 

host to list their properties for rent to accommodate guests at a price the host sets, and accrues 

revenues by charging service fees from both hosts and guests per reservation. Airbnb has 

experienced rapid growth since its launch in 2008. As of February 2017, Airbnb hosts over 2 

million listings in 34,000 cities across 191 countries.3 It has raised $2.4 billion venture capital, 

placing it third among all sharing economy platforms (Sundararajan 2016, p. 6). Airbnb’s valuation 

reached $25.5 Billion in 2015, exceeding several well-established hotel chains such as Wyndham 

and Hyatt.4  

The success of Airbnb takes a toll on the incumbents in the disrupted hotel industry. These 

incumbents are striving to counter the competition using various strategies. Zervas et al. (2017) 

                                                 

3 https://www.airbnb.com/about/about-us (accessed February 1, 2017).  

4 http://www.wired.com/2015/12/airbnb-confirms-1-5-billion-funding-round-now-valued-at-25-5-billion/ (accessed 
February 11,2016) 

https://www.airbnb.com/about/about-us
http://www.wired.com/2015/12/airbnb-confirms-1-5-billion-funding-round-now-valued-at-25-5-billion/
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document that hotels respond to the entrance of Airbnb by reducing prices. Ananthakrishnan et al. 

(2015) find that hotels have improved their service quality in reaction to Airbnb competition.  

We focus on a different type of competition strategy hotels engage in: manipulating 

customer opinions through online reviews. Online reviews have become an important information 

resource to help consumers make purchase decisions. However, the existence of fake and 

manipulative reviews poses a serious impediment to their credibility. There is a small but growing 

body of literature that has started looking into review manipulation (Lappas et al. 2016; Luca and 

Zervas 2016; Mayzlin et al. 2014). In the context of the hotel industry, Mayzlin et al. (2014) 

demonstrate that hotels with neighboring competing hotels tend to demote each other and 

independent hotels tend to self-promote more than chain-affiliated hotels. Our interest is in 

examining the impact of the emergence of a new kind of competition posed by the sharing 

economy on review manipulation. The research question we address is whether hotels change their 

review manipulation actions upon the emergence of Airbnb. We examine this change for both 

types of manipulation, i.e., whether hotels change their self-promotion actions and their demotion 

strategies due to Airbnb. We further investigate if the manipulation behaviors are similar across 

different types of hotels.  

We provide empirical evidence on a hotel’s review manipulation strategies as more Airbnb 

listings enter its market. To achieve this, our study examines the review manipulation level that 

hotels engage in as a function of the supply of nearby Airbnb listings. By analyzing a unique panel 

data of 2,188 hotels extracted from five different sources: Airbnb, TripAdvisor, Expedia, the Texas 
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Comptroller’s office, and STR,5 we are able to quantify changes in hotels’ manipulation strategies 

as more Airbnb listings become available.  

We find that the supply of nearby Airbnb listings exerts significant impact on hotels’ 

review manipulation actions and such impacts are not homogeneous across different types of 

hotels. Our main results are that high-end hotels promote themselves more after Airbnb enters their 

market; and surprisingly, both low-end and high-end hotels demote each other less after the entry 

of Airbnb.  

2.2 Theoretical Framework 

We outline here the main empirical questions addressed in the paper and discuss the theoretical 

rationale underpinning each question.  

2.2.1 Incentives to manipulate reviews 

Customer reviews are generally considered to be more credible than promotional campaigns 

(Bickart and Schindler 2001; Lu et al. 2013). They have been found to be important drivers behind 

consumers’ purchase decisions (e.g., Chevalier and Mayzlin 2006; Dellarocas et al. 2007; Ye et 

al. 2011; Zhu and Zhang 2010). The popularity of review platforms like TripAdvisor and Yelp is 

largely due to the availability of large volumes of customer reviews. Recognizing the importance 

of online reviews in driving their businesses, many firms have been found to manipulate reviews 

                                                 

5 We thank Smith Travel Research (STR) and the Texas Comptroller’s office for graciously sharing their data with 
us. 
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(e.g., Tibken 2013). Consequently, it is not uncommon to encounter fake (manipulated) reviews 

in review websites like TripAdvisor and Yelp (Lappas et al. 2016).  

Fake reviews have been acknowledged as a critical challenge in the e-commerce industry 

(McCartney 2012). Despite the commitment of combating fraud using filtering algorithms and 

legal actions (Marinova 2016), a significant portion of online reviews are considered to be fake. 

The percentage of fake reviews has been estimated to be as much as 15% to 30% (Belton 2015; 

Luca and Zervas 2016; Sussin and Thompson 2012).  

Review manipulation occurs in two different ways: self-promotion and demotion. Firms 

promote themselves by posting fake positive reviews, a phenomenon that has been scrutinized in 

the popular press. For example, in February 2004, due to a software error, Amazon.com’s 

Canadian site mistakenly revealed book reviewers’ identities. It turned out that a number of these 

reviews were written by the books’ own publishers and authors. For example, Dave Eggers, the 

author of A Heartbreaking Work of Staggering Genius, posted a positive review for his own book 

to inflate the average rating on Amazon (Harmon 2004). Similarly, Luca and Zervas (2016) find 

that a restaurant is more likely to self-promote after receiving negative reviews. Compared to small 

firms, large firms have more to lose (in terms of damaged reputation), if they get caught in 

manipulating reviews. Consistent with this intuition, Mayzlin et al. (2014) observe that 

independent hotels tend to promote themselves more than chain-affiliated hotels.  

Firms sometimes demote their competitors by posting negative reviews. Consumers are 

found to respond more intensively to negative reviews than to positive reviews (Chevalier and 

Mayzlin 2006). Therefore, a firm may be inclined to post disingenuous negative reviews for its 

competitors especially when their products are strong substitutes. For example, Luca and Zervas 
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(2016) find that a restaurant is more likely to demote other restaurants when facing increased 

competition. In the hotel industry, Mayzlin et al. (2014) also document that hotels with nearby 

competing hotels are more likely to receive unfavorable fake reviews.  

The incentives to manipulate reviews might also depend on a firm’s own quality as 

demonstrated in two analytical modeling papers with contrasting conclusions. Mayzlin (2006) 

argues that producers with lower quality expend more resources on manipulating reviews. On the 

other hand, Dellarocas (2006) shows that there exists an equilibrium where the high quality 

producer invests more resources into review manipulation. We note that neither paper 

differentiates self-promotion from demotion, and in these works posting negative reviews about 

one’s competitor is assumed to be qualitatively equivalent to posting positive reviews about 

oneself.  

Leading review platforms such as Yelp and TripAdvisor consider both the quality and 

quantity of reviews when ranking the search results. In a recent paper, Lappas et al. (2016) use 

simulations to show that the relative effectiveness of self-promotion and demotion in influencing 

a hotel’s visibility varies depending on how consumers form their consideration sets. They posit 

that self-promotions are more effective when consumers only consider the top few choices when 

forming their consideration sets from ranked lists, while demotions are more effective when 

customers are willing to search further down the lists to form their consideration sets.  

In summary, hotels have incentives to manipulate reviews. But they may utilize self-

promotion and demotion differently. And the manipulation actions may also depend on the hotels’ 

quality types.  
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2.2.2 Identification of review manipulation 

Identifying manipulative reviews is non-trivial. Several algorithms based on text mining have been 

developed to detect fake reviews (Jindal and Liu 2008; Li et al. 2014) with varying degrees of 

success. Review websites like TripAdvisor6 and Yelp7 screen reviews based on proprietary 

algorithms. Despite such endeavors, it is still a challenging task for a website to accurately detect 

fake reviews since manipulated reviews are designed to mimic truthful reviews. Due to the lack of 

a stable algorithm in detecting manipulative reviews, we do not resort to text mining approaches 

to classifying reviews as fake or not.  

Instead, we use the novel identification approach adopted by Mayzlin et al. (2014). Their 

approach exploits the different regulations for users to post reviews between the two travel 

websites TripAdvisor and Expedia. TripAdvisor allows any user, whether a customer or not, to 

post reviews. Expedia, on the other hand, only allows customers who have stayed in a hotel (either 

booked through Expedia or its partners) to post reviews for that hotel on its site. Therefore, if there 

is any manipulation, it will be more likely to occur at TripAdvisor’s site than at Expedia’s because 

of the lower cost needed to post a fake review on TripAdvisor. Thus, for a focal hotel, the 

difference in review ratings between these two review platforms offers an indication of review 

manipulation. Mayzlin et al. (2014) consider both the self-promotion type of review manipulation 

as well as demotion by competitors. The former is identified by examining whether there is 

substantial difference in terms of the proportion of high review ratings (five-star ratings) in 

                                                 

6 https://www.tripadvisor.com/vpages/review_mod_fraud_detect.html (accessed May 2, 2016) 

7 http://www.yelp-support.com/article/Why-would-a-review-not-be-recommended (accessed May 8, 2016) 

https://www.tripadvisor.com/vpages/review_mod_fraud_detect.html
http://www.yelp-support.com/article/Why-would-a-review-not-be-recommended
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TripAdvisor as opposed to Expedia, while the latter is identified from the relative proportions of 

the low review ratings (one-star and two-star ratings).  

2.2.3 Airbnb’s impact on hotels’ manipulation actions 

An average of 425,000 people use Airbnb every night worldwide. Airbnb has indirectly facilitated 

some homeowners’ and renters’ transitions from “persons with homes” to “competitors with 

Hilton” (Stein 2015). How does this substitution of accommodation service impact the competition 

dynamics among the incumbent hotels? Should the hotels bolster or dampen self-promotion and 

competitor-demotion?  

In terms of negative review manipulation (i.e., competitor-demotion), would hotels demote 

their competing hotels more actively than before? The answer is unclear and the current literature 

is silent on this. If competition intensifies due to an increased number of hotels in the market, we 

would expect hotels to demote each other more as has been shown in both the hotel and restaurant 

industry (Luca and Zervas 2016; Mayzlin et al. 2014). However, even though Airbnb listings may 

provide substitutable products to hotels to a certain degree (Zervas et al. 2017), listings in Airbnb 

are not exactly the same as those of hotels. For example, it would be very costly for hotels to 

demote competing Airbnb listings because it is not possible for someone to post reviews for an 

Airbnb listing unless the person has stayed at that property. Further, as of now, reviewers can only 

review an Airbnb listing through Airbnb’s own website, while conventional review platforms such 

as Expedia, TripAdvisior and Yelp do not accommodate reviews for Airbnb properties. Therefore, 

hotels cannot counter the competition from Airbnb the same way as they deal with the competition 

from the traditional hotel industry.  
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On one hand, because Airbnb has taken away a portion of demand from the hotel industry, 

hotels may be incentivized to demote competing hotels more to get a larger share of the remaining 

demand to compensate for its own loss. On the other hand, the competing hotels are now facing 

Airbnb as a common rival. As an ancient proverb goes “The enemy of my enemy is my friend,” 

and two opposing parties may have to work together to fight against a common enemy. Along this 

line, the balance theory proposed by Heider (1958) conceptualizes a motive called “cognitive 

consistency”, which drives the formations of friends and enemies relationships. This theory has 

been cited extensively in the literature to explain relationship formation in scales small (i.e., 

interpersonal) and large (i.e., international); see, for example, Kinne (2013) and Situngkir and 

Khanafiah (2004). For example, hotels demoting other competing hotels may be wary of retaliation 

from competing hotels that could end up hurting all hotels now that consumers can switch to an 

Airbnb alternative. Therefore, balance theory suggests hotels might be less incentivized to demote 

each other in the presence of Airbnb competitors.  

In terms of self-promotions, hotels may promote themselves to differentiate themselves 

from their competitors. According to Porter (2008 p.84), “if an industry does not distance itself 

from substitutes through product performance, marketing, or other means, it will suffer in terms 

of profitability – and often growth potential.” Therefore, hotels may self-promote more to better 

differentiate themselves. Since Airbnb has weakened the demand of hotels (Zervas et al. 2017), 

we expect the hotels would intensify their self-promotion actions to compete with other hotels for 

the shrinking demand. On the other hand, if self-promotion and competitor-demotion are 

equivalent as assumed in some previous research (Dellarocas 2006; Mayzlin 2006), we would 

expect that hotels may be less inclined to self-promote as well, as suggested by the balance theory.  
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Interestingly, the level of self-promotion can depend on the nature of ratings received.  

Luca and Zervas (2016) find that a firm receiving more negative reviews would self-promote more. 

Their finding suggests that hotels might self-promote less if hotels receive fewer negative reviews. 

Two reasons may contribute to fewer negative reviews received by a focal hotel in the first place: 

1) hotels demote each other less due to the emergence of the common rival Airbnb; and 2) the 

customers whose needs are better suited by properties listed in Airbnb would be less satisfied in a 

hotel and may have given poor ratings to hotels had they stayed in them. For example, the cost of 

meals and room reservation for a family of four could be significantly higher in hotels than in 

Airbnb properties (McCool 2015). The dropout of these potentially unsatisfied customers would 

spare the hotel from (otherwise) negative reviews.  Thus, we could also expect that hotels self-

promote less if there were fewer negative reviews. Because of these contradicting predictions, it is 

interesting to explore which force dominates in the hotel industry in the face of Airbnb.  

2.2.4 Airbnb’s differential impact on different types of hotels 

Review manipulation actions might also depend on a firm’s own quality as demonstrated in 

Dellarocas (2006) and Mayzlin (2006). Both papers compare high-quality firms with low-quality 

ones, but with opposite conclusions. Mayzlin (2006) finds that the low-quality producers may 

expend more resources on promotional reviews while Dellarocas (2006) suggests the opposite. 

These two opposing conclusions suggest that different types of firms may adopt different 

manipulation strategies, and how the quality dimension plays a role remains unresolved. To 

address this, we investigate Airbnb’s impacts on the change of review manipulation actions (pre-

Airbnb versus post-Airbnb) for both low-end and high-end hotels.  
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Zervas et al. (2017) have shown that all hotels’ revenues are negatively influenced by 

Airbnb and low-end hotels suffer more compared to high-end hotels. Therefore, we would expect 

low-end hotels to be more responsive to the challenge of Airbnb. In terms of review manipulation, 

the balance theory asserts that hotels would demote less while the intensified competition may 

drive hotels to demote more. Thus it is unclear from prior work which force would dominate as 

Airbnb enters the market. Moreover, whether the dominance stays the same for both high-end and 

low-end hotels is also an open question. Therefore, we explore the potential differential impact of 

Airbnb on different types of hotels.  

In summary, our paper differs from the above literature with respect to the research 

questions we address. We ask if the emerging competition from the sharing economy leads hotels 

to manipulate reviews differently than the one from the traditional competition among hotels. 

Specifically, we examine whether hotels engage in more review manipulation (i.e., self-promotion 

and demotion) when facing the new competition from Airbnb. We also examine if the review 

manipulation behavior is homogenous across the price spectrum from low-end to high-end hotels. 

The rapid emergence of Airbnb provides an ideal opportunity to study these new competition 

dynamics among incumbent hotels. 

2.3 Data 

To conduct our analyses, we obtained and synthesized data from five different sources: 

Airbnb.com, Expedia.com, TripAdvisor.com, Smith Travel Research (STR), and the Texas 

Comptroller’s office (comptroller.texas.gov). Each source provides complementary data items for 

our analyses as we describe below. 
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Our analyses are conducted for focal hotels in the state of Texas. All data collected are for 

the period January 2008 through December 2015, since Airbnb came into existence in the year 

2008. We restrict our attention to hotels in cities with a population of over 50,000, as the number 

of hotels as well as Airbnb penetration is quite low in most small cities. There is a total of 67 such 

cities in Texas.8 We scraped the review data on all hotels in these cities from the TripAdvisor and 

Expedia sites. From each site, we obtained the review ratings and the review dates. Expedia 

provides a link to each hotel’s TripAdvisor page (if it exists). Therefore, matching the hotels on 

these two websites is straightforward. The STR Texas census data includes, for each hotel, its price 

tier and address. Based on STR’s price tier information, we consider two categories of hotels: low-

end (or Budget hotels) and high-end (non-Budget hotels). The Texas Comptroller’s office provides 

public records on hotel tax filing records quarterly for all hotels in the state of Texas,9 in addition 

to the hotel names and addresses. We can identify the period during which a hotel has been 

operating based on the tax filing records. We matched all the hotels identified in TripAdvisor and 

Expedia with their corresponding entries in the data provided by STR and by the Texas 

Comptroller’s office. Because the tax filing data is available on a quarterly basis, our unit of 

analyses is hotel-quarter: the quarterly information for hotels in terms of reviews, competitors, etc. 

In order to determine the extent of competition a hotel faces from Airbnb listings, we 

collected all the Airbnb listings in the 67 cities identified. We recorded the location and the host’s 

registration information on 14,922 distinct listings on Airbnb’s website. Following prior research 

                                                 

8 https://en.wikipedia.org/wiki/List_of_cities_in_Texas_by_population (accessed in February 4, 2016). 

9 http://www.texastransparency.org/Data_Center/Search_Datasets.php (accessed January 5, 2016). 

https://en.wikipedia.org/wiki/List_of_cities_in_Texas_by_population
http://www.texastransparency.org/Data_Center/Search_Datasets.php
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(e.g., Zervas et al. 2017), we use the host’s registration date as the starting time when a listing 

became available.  

Table 2.1: Summary Statistics at the Hotel-Quarter Level 

 Mean 
Standard 

Deviation 
Min  Max 

Number of TripAdvisor reviews per quarter 10.89 18.00 1 509 

Number of TripAdvisor one-star reviews per quarter 0.71 1.43 0 31 

Number of TripAdvisor two-star reviews per quarter 0.76 1.51 0 28 

Number of TripAdvisor three-star reviews per quarter 1.47 2.58 0 61 

Number of TripAdvisor four-star reviews per quarter 2.97 4.96 0 98 

Number of TripAdvisor five-star reviews per quarter 4.98 10.91 0 373 

Number of Expedia reviews per quarter 19.71 25.98 1 441 

Number of Expedia one-star reviews per quarter 1.16 3.23 0 92 

Number of Expedia two-star reviews per quarter 1.43 2.87 0 65 

Number of Expedia three-star reviews per quarter 2.83 4.70 0 109 

Number of Expedia four-star reviews per quarter 6.08 8.49 0 142 

Number of Expedia five-star reviews per quarter 8.21 12.96 0 287 

Number of competing Airbnb listings per quarter 3.31 19.47 0 411 

Number of competing hotels per quarter 4.95 7.25 0 48 

Total number of hotels 2,188    

Total number of hotel-quarter observations 38,759    

 

Along the lines of Mayzlin et al. (2014), we identify competing properties (hotels as well 

as Airbnb listings) as those that are within one kilometer radius from a focal hotel. To control the 

level of competition from the traditional hotel industry, we count the number of competing hotels 

(from the same price tier, Budget or non-Budget) for a focal hotel in each quarter. We count the 

number of distinct listings that have appeared on Airbnb up to that quarter to identify the level of 

competition resulting from the sharing economy. Our data consists of 2,188 hotels that received 

reviews on both the TripAdvisor and Expedia websites. Among all the cities included in our data, 
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Houston has the largest number of hotels with 333, and McKinney has only one hotel. Table 2.1 

provides summary statistics for the data.  

2.4 Empirical Strategy 

We identify review manipulations following Mayzlin et al. (2014). Specifically, self-promotion is 

measured as the difference in the share of five-star reviews in TripAdvisor and in Expedia, 

respectively, for hotel i in year-quarter t: 

SelfPromotionit =
5Star Reviewsit

TA

Total Reviewsit
TA −

5Star Reviewsit
EXP

Total Reviewsit
EXP . 

Similarly, demotion is measured as the difference in the share of one-star and two-star 

reviews in TripAdvisor and Expedia:  

Demotionit =
1Star Reviewsit

TA + 2Star Reviewsit
TA

Total Reviewsit
TA

−
1Star Reviewsit

EXP + 2Star Reviewsit
EXP

Total Reviewsit
EXP . 

One nuance is that in our sample, the average TripAdvisor (Expedia) rating is 3.0 (3.1) for 

Budget hotels and 4.0 (4.1) for non-Budget hotels. A 4-star rating could still promote an average 

Budget hotel but not an average non-Budget hotel. Therefore, the aforementioned measures of 

self-promotion and demotions are reasonable proxies of review manipulation for non-Budget 

hotels. For the Budget hotels, we consider both 4-star and 5-star ratings as potential promotions 

and only 1-star ratings as demotions. More specifically, for a Budget hotel: 
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SelfPromotionit

=
4Star Reviewsit

TA + 5Star Reviewsit
TA

Total Reviewsit
TA

−
4Star Reviewsit

TA + 5Star Reviewsit
EXP

Total Reviewsit
EXP . 

Demotionit =
1Star Reviewsit

TA

Total Reviewsit
TA −

1Star Reviewsit
EXP

Total Reviewsit
EXP . 

Note that the above demotion measure captures only how a focal hotel is getting demoted. 

To identify the magnitude of a focal hotel demoting other competing hotels, we implement the 

following steps: 1) Identify all the competitors for a focal hotel; 2) For each of these competitors, 

calculate the number of demoting reviews it receives (Demotionit × Total Reviewsit
TA); 3) 

Attribute the demoting reviews evenly to this competitor’s own competitors (the focal hotel is one 

of them); and 4) Take an average of the demoting reviews on competing hotels that are attributed 

to the focal hotel. We name this measure of review manipulation as  DemotingOthersit . Note that 

this measure differs from the demotion measure in Mayzlin et al. (2014) where they only capture 

the level of demotion received from competitors.  

To identify the impact of Airbnb on hotels’ review manipulation behavior, we use 

difference-in-differences as our empirical identification strategy by exploiting the variability in the 

number of competing Airbnb listings with respect to each focal hotel (we hereinafter refer to the 

number of competing Airbnb listings as Airbnb supply). Specifically, we ask whether the 

difference in review distributions between TripAdvisor and Expedia increases for a hotel with an 

increase in nearby (i.e., within a one kilometer radius) Airbnb supply. Concretely, we estimate: 
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ReviewManipulationit

= β0 + β1log(Airbnbi,t−1) + β2log(CompetingHotelsi,t−1) + hi

+ λt + Cityi × Quartert + ϵit. 

(1) 

The dependent variable ReviewManipulationit is either SelfPromotionit 

or DemotingOthersit for hotel i in quarter t. We begin with the simplest specification in Model 1 

that only considers the competitive environment of a hotel by including the log of competing 

Airbnb supply and the log of competing hotels (i.e., log(Airbnbi,t−1) and 

log(CompetingHotelsi,t−1)). Instead of a dummy variable indicating only the existence of a 

competing hotel as in Mayzlin et al. (2014), we consider a finer granularity in controlling for 

competing hotels by considering the number of competing hotels that belong to the same price tier 

(Budget or non-Budget hotels). Note that we use two-way fixed effects models that include fixed 

effects for both individual hotels and time (year-quarter). The hotel fixed effects ℎ𝑖 allow for 

unobserved time-invariant differences in review manipulation among hotels. The year-quarter 

fixed effects 𝜆𝑡 allow for unobserved time-varying manipulation differences that are common 

across different hotels. City-specific seasonality might be a confounding factor since it may impact 

both the Airbnb supply and hotels review manipulation intensity. Therefore, we introduce controls 

for the city-specific seasonality Cityi × Quartert. Thus, seasonal events in different cities like the 

South by Southwest festival in Austin in Spring (March), and the Texas State Fair in Dallas in Fall 

(October) would not bias our estimation.  Moreover, reverse causality and simultaneity bias are 

mitigated in the panel model because we measure the Airbnb supply prior to the measurement of 

promoting and demoting behaviors (Goes et al. 2014; Singh et al. 2011).  
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As Luca and Zervas (2016) find that reviews in the previous period might impact the self-

promotion in the current period, we control for the reviews in the previous period. In Model 2, we 

introduce such controls that include the review ratios (ratios of 2, 3, 4, and 5-star reviews) and 

review counts in TripAdvisor (controlling for the review ratios and review counts in Expedia leads 

to qualitatively similar results).  

ReviewManipulationit

= β0 + β1log(Airbnbi,t−1) + β2log(CompetingHotelsi,t−1)

+ β3 log(ReviewCounti,t−1)+𝐁(ReviewRatiosi,t−1) + hi + λt

+ Cityi × Quartert + ϵit. 

(2) 

As discussed earlier, prior analytical works on review manipulation have considered the 

behavior of different quality producers (Dellarocas 2006; Mayzlin 2006). These findings lead us 

to investigate if the impact of Airbnb on review manipulation is moderated by the type of hotel. 

Model 3 introduces the interaction of the Airbnb supply with the hotel types to capture the 

differential impact that Airbnb supply might exert on different types of hotels, i.e., high-end and 

low-end. 

ReviewManipulationit

= β0 + β1log(Airbnbi,t−1) + β2log(CompetingHotelsi,t−1)

+ β3log (ReviewCounti,t−1) + β4log(Airbnbi,t−1) × HotelTypei

+ 𝐁(ReviewRatiosi,t−1) + hi + λt + Cityi × Quartert + ϵit. 

(3) 

Similar to the difference-in-differences specification in Mayzlin et al. (2014), the first 

difference is taken between the review distributions in TripAdvisor and Expedia. The second 
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difference is the impact of different levels of Airbnb listings on focal hotels. We should point out 

that the data used in Mayzlin et al. (2014) are cross-sectional while ours are panel data. Thus, we 

cannot include other controls on hotel characteristics used by them such as the official star 

categorization and location dummies (airport, suburban, etc.) because all these time-invariant 

features are subsumed by the hotel specific fixed effects. We are able to control for the number of 

competing hotels that might influence a focal hotel’s review manipulation decisions. The main 

coefficient of interest 𝛽1 reflects the change in review manipulation in response to a change in 

competing Airbnb supply, and 𝛽4 indicates the differential impact that Airbnb has on different 

types of hotels.  

2.5 Results 

We present the estimation results of the difference-in-differences approach to identify review 

manipulation in reaction to the number of Airbnb listings. Specifically, we analyze Airbnb’s 

impact on hotels’ review manipulations in terms of self-promotion and demotion activities.  

2.5.1 Self-promotion 

We tabulate the results of estimations for self-promotion in Table 2.2. In the following tables, 

robust standard errors clustered at the hotel level are reported. Such clustered standard errors allow 

for arbitrary within-hotel correlation in errors but assume that the errors are independent across 

hotels.  
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Table 2.2: Self-Promotion with OLS 

 (1) (2) (3) 

log(Airbnb) 0.007* 0.007* 0.006 

 (0.004) (0.004) (0.004) 

log(CompetingHotels) 0.043 0.042 0.044 

 (0.028) (0.028) (0.028) 

Log(ReviewCount)  0.004 0.004 

  (0.006) (0.006) 

log(Airbnb) × Budget   0.018 

   (0.019) 

ReviewRatios NO YES YES 

Hotel Fixed Effects YES YES YES 

Time Fixed Effects YES YES YES 

City Trends YES YES YES 

N 32,190 32,190 32,190 

R-squared 0.024 0.025 0.025 

Note: Columns 1, 2, and 3 correspond to Models 1, 2, and 3 in Section 2.4. Robust 

standard errors in parentheses (clustered at the hotel level.) 
*** p<0.01, ** p<0.05, * p<0.1 

 

Model 1 shows estimated �̂�1 = 0.007, meaning that a 10% increase in nearby Airbnb 

listings is associated with a statistically significant increase of 0.07 percentage point (p<0.1) in the 

self-promotion measure. As expected, the estimated coefficient on the Competing Hotels is 

positive: more competing hotels incentivize a focal hotel to self-promote more, though the estimate 

is not statistically significant. Column 2 (Model 2) incorporates the additional control variables 

review ratios and review counts. The estimate for the impact of Airbnb remains unchanged.  

Thus, we find that the competition from Airbnb offerings does drive hotels to self-promote 

more in general. A follow up question is whether Airbnb supply impacts hotels in different price 

tiers differently. The revenues for low-end hotels have been found to decrease more than that of 

high-end hotels after the entry of Airbnb (Zervas et al. 2017), and therefore, one might expect that 

low-end hotels need to engage in more self-promotion due to the intensified competition from 
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Airbnb. However, we find that this is not the case when we break down the impact of Airbnb with 

regard to hotel price tiers. Column 3 provides estimates for Model 3 using the non-Budget hotel 

category as the reference level. A 10% increase in Airbnb competition would drive non-Budget 

hotels to increase self-promotion by 0.06 percentage point (�̂�1 = 0.06 in Table 2.2 Column 3), and 

the impact is not statistically significant.  

Though we have controlled for the two-way fixed effects (i.e., both hotel and year-quarter 

fixed effects) and city seasonality, there might still be some unobservable characteristics that 

impact the hotel review manipulation level. The Airbnb supply could become endogenous if those 

unobservable characteristics also correlate with the Airbnb supply. Due to this concern, we use an 

instrumental variable (IV) approach to estimate the unbiased impact of Airbnb on hotel review 

manipulation. A desirable instrumental variable should be highly correlated with the endogenous 

variable while it must not be related with the hotel manipulation level in unobserved ways (i.e., 

the error term). We identify one IV for a focal hotel’s competing Airbnb supply: the level of the 

(external) competing Airbnb supply for the focal hotel’s competing hotels. It is defined as the 

distinct number of Airbnb listings for competing hotels, after excluding the competing Airbnb 

listings for the focal hotel. On the one hand, because the focal hotel’s competing Airbnb listings 

are removed in constructing this instrument variable for Airbnb supply, the instrument is unlikely 

to impact the focal hotel’s manipulation level. On the other hand, it should be highly correlated 

with the competing Airbnb supply of the focal hotel since they are in close-by regions. We discern 

the strength of this IV using the standard approach based on the first stage least squares regression 

of the 2SLS using the Kleibergen-Paap (KP) F-statistic (Kleibergen and Paap 2006). Overall, the 

greater KP F-statistic would imply greater strength of the IV. The KP F-statistic is 796.512, which 
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is greater than the critical value (16.38) for the Stock-Yogo weak identification test at the 10 

percent maximal IV relative bias (Stock and Yogo 2005). Similar instrument variables have been 

used to address endogeneity concerns (see, e.g., Bardhan et al. 2015). Utilizing this instrumental 

variable and 2SLS (two stage least square), we report our findings in Table 2.3.  

Table 2.3: Self-Promotion with 2SLS 

 (1) (2) (3a) (3b) 

log(Airbnb) 0.022*** 0.021*** 0.021*** -0.033 

 (0.006) (0.006) (0.006) (0.023) 

log(CompetingHotels) 0.044 0.043 0.037 0.037 

 (0.028) (0.028) (0.028) (0.028) 

Log(ReviewCount)  0.005 0.004 0.004 

  (0.006) (0.006) (0.006) 

log(Airbnb) × Budget   -0.055**  

   (0.022)  

log(Airbnb) × non-Budget    0.055** 

    (0.022) 

ReviewRatios NO YES YES YES 

Hotel Fixed Effects YES YES YES YES 

Time Fixed Effects YES YES YES YES 

N 32,122 32,122 32,122 32,122 

R-squared 0.023 0.025 0.024 0.024 

Note: Both Columns 3a and 3b corresponds to Model 3. Column 3a has non-Budget hotels 

as the reference level while Column 3b has Budget hotels as the reference level. 

Robust standard errors in parentheses (errors clustered at hotel level.) 
*** p<0.01, ** p<0.05, * p<0.1 

 

Column 1 in Table 2.3 shows estimated �̂�1 = 0.022, meaning that a 10% increase in nearby 

Airbnb listings is associated with a statistically significant increase of 0.22 percentage point 

(p<0.01) in the self-promotion. After controlling for the review ratios and review count, Column 

2 shows that the impact of Airbnb is qualitatively unchanged. What’s more interesting is that 

Airbnb’s impact on Budget hotels and non-Budget hotels are indeed different as shown in Column 

3a. In Column 3a, even though Airbnb supply drives non-Budget hotels to self-promote more 
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(�̂�1 = 0.021), its impact on Budget hotels are significantly different, as indicated by the 

significantly negative estimate on the interaction term (�̂�4 = −0.055).  

To verify whether Airbnb has a significant impact on Budget hotels, we estimate Model 3 

considering the Budget hotel category as the reference level; the results are presented in Column 

3b. The statistically insignificant coefficient estimate for log(Airbnb) indicates that the Airbnb 

supply does not drive Budget hotels to change self-promotion levels. The estimates for the hotel 

price-tier interaction terms in Column 3b are in line with the estimates in Column 3a: with an 

increase in Airbnb supply, non-Budget hotels engage in significantly more self-promotion while 

Budget hotels do not change their self-promotion levels.  

The impact of Airbnb over the five-year period 2011–2015 leads to an increase of 6.0 

percentage points difference in the share of positive reviews across the two sites TripAdvisor and 

Expedia. This calculation is based on the increase of Airbnb supply from an average of 0.554 

competing listings in 2011 Quarter 1 to an average of 9.187 listings in 2015 Quarter 4, which 

implies an increase in magnitude of (𝑙𝑜𝑔 (
32.711 

1.625
)) × 0.021 = 6.0%. 

Our finding of higher self-promoting behavior in non-Budget hotels relative to Budget 

hotels appears to be counterintuitive at first glance. However, it may not be as surprising when we 

consider that Budget hotel customers might pay less attention to online reviews than high-end hotel 

customers. We find, for example, that Budget hotels receive fewer reviews on average in both 

Expedia and Trip Advisor as compared to non-Budget hotels in the first place.  It is also consistent 

with the conclusion of the analytical model of Dellarocas (2006).  
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Our finding reveals that the competition effect dominates the expectation from the balance 

theory for non-Budget hotels and these two contrasting predictions balanced out for Budget hotels.  

2.5.2 Demoting competitors 

Prior work has found that when competition for a hotel intensifies, another strategy that a hotel 

can adopt is to post fake negative reviews to demote their competitors (Mayzlin et al. 2014). To 

investigate such demotion behaviors, we next turn to the specification where the dependent 

variable is  DemotingOthers, which measures the magnitude of demoting actions engaged by a 

hotel.  

Table 2.4: Demoting Behavior with OLS 

 (1) (2) (3) 

log(Airbnb) -0.010* -0.011* -0.010* 

 (0.006) (0.006) (0.006) 

log(CompetingHotels) -0.277*** -0.275*** -0.279*** 

 (0.039) (0.039) (0.040) 

Log(ReviewCount)  -0.009 -0.009 

  (0.008) (0.008) 

log(Airbnb) × Budget   -0.030 

   (0.019) 

log(Airbnb) × non-Budget    

ReviewRatios NO YES YES 

Hotel Fixed Effects YES YES YES 

Time Fixed Effects YES YES YES 

N 26,230 26,230 26,230 

R-squared 0.053 0.054 0.054 

Note: Robust standard errors in parentheses (errors clustered at hotel level.) 
*** p<0.01, ** p<0.05, * p<0.1 

 

 

Column 1 in Table 2.4 starts with the simplest specification with only the competing 

Airbnb supply and competing hotels as independent variables. The estimates show that the 

competing Airbnb supply has a significantly negative impact on hotels’ demoting actions. Column 
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2 shows the estimation result of Model 2 when we control for the review ratios and total review 

count in TripAdvisor. The estimated impact of the Airbnb supply on demoting behavior stays 

qualitatively unchanged. When we introduce the interaction term of the Airbnb supply with Budget 

dummy variable in Column 3, we find that Budget hotels decrease demoting competitors and non-

Budget hotels are not significantly different from Budget hotels.  

Due to the concern for the endogeneity of Airbnb supply as discussed in Section 5.1, we 

conduct 2SLS with the same instrument variable described therein. The results are presented in 

Table 2.5.  

Table 2.5: Demoting Behavior with 2SLS 

 (1) (2) (3a) (3b) 

log(Airbnb) -0.034*** -0.035*** -0.034*** -0.056** 

 (0.008) (0.008) (0.008) (0.023) 

log(CompetingHotels) -0.277*** -0.274*** -0.277*** -0.277*** 

 (0.039) (0.039) (0.040) (0.040) 

Log(ReviewCount)  -0.012 -0.012 -0.012 

  (0.009) (0.009) (0.009) 

log(Airbnb) × Budget   -0.021  

   (0.022)  

log(Airbnb) × non-Budget    0.021 

    (0.022) 

ReviewRatios NO YES YES YES 

Hotel Fixed Effects YES YES YES YES 

Time Fixed Effects YES YES YES YES 

N 26,171 26,171 26,171 26,171 

R-squared 0.052 0.053 0.053 0.053 

Note: Robust standard errors in parentheses (errors clustered at hotel level.) 
*** p<0.01, ** p<0.05, * p<0.1 

 

Columns 1 and 2 in Table 2.5 shows that, when the competing Airbnb supply increases by 

10%, a hotel would reduce the demoting reviews for competitors by about 0.0034 reviews per 

quarter. Column 3a includes the interaction terms for hotel categories, and shows the differential 

impact of Airbnb on different hotels using non-Budget hotels as the reference level. The estimates 
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of demoting behaviors for non-Budget hotels are qualitatively similar to the previous two columns. 

As indicated by the coefficient on the interaction term, a Budget hotel’s demoting behaviors is not 

significantly different from a non-Budget hotel as Airbnb supply increases. By changing the 

reference level from non-Budget hotels to Budget hotels in Column 3b, we are able to clearly see 

that Budget hotels reduce posting 0.0056 fewer fake TripAdvisor negative reviews per competing 

hotel when the competing Airbnb supply increases by 10%. Therefore, we conclude that both 

Budget and non-Budget hotels decrease their demoting behaviors as Airbnb supply increases.  

For both self-promotion and demoting behavior, we found that the absolute values of the 

estimated coefficient become bigger (and the statistical significance also intensified) after we use 

the instrumental variable. This suggests that we probably underestimated the impact of Airbnb 

using the OLS procedure.  

Mayzlin et al. (2014) find that the presence of more competing hotels leads to a focal hotel 

receiving more fake demoting reviews in TripAdvisor. Similarly, Luca and Zervas (2016) report 

that more competition leads to more fake negative reviews in the restaurant industry as well. One 

may therefore expect that the intensified competition resulting from Airbnb supply would lead 

hotels to demote their competitors even more. But contrary to the findings of Mayzlin et al. (2014) 

and Luca and Zervas (2016), we find that the intensified competition from Airbnb actually leads 

to fewer demoting reviews for both low-end hotels and high-end hotels. A possible explanation is 

that if Airbnb listings are indeed substitutes to hotels, hotels would likely drive potential customers 

to Airbnb properties by demoting each other more intensely. Thus, it may not pay off as much for 

hotels to demote each other in platforms like TripAdvisor given that customers now have the 

option of Airbnb rentals. As noted earlier, it is difficult for hotels to demote competing Airbnb 
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listings even if they may want to. Similar to the rules in Expedia, Airbnb only allows customers 

who have stayed in a property to leave reviews for that property. The expectation from balance 

theory dominates the prediction of competition effect in determining hotels’ demoting behaviors.  

2.6 Robustness Checks 

Our main analyses suggest that high-end hotels intensify self-promotion activities while low-end 

hotels do not change. In terms of demoting competitors, both high-end hotels and low-end hotels 

reduce such activities in the presence of higher levels of Airbnb competition. We next conduct 

additional analyses to ensure the robustness of our results. 

2.6.1 Propensity score matching 

Since the treatments of Airbnb supply to hotels are not assigned randomly (as in a controlled 

experiment), our estimations may be subject to confounding factors such as random demand 

shocks. To further alleviate the confounding factors’ impact on our estimation, we combine the 

difference-in-differences approach with matching samples using propensity score matching 

(Rosenbaum and Rubin 1983).  

Since we aim to identify the causal impact of Airbnb supply on review manipulation, we 

want the treated and untreated hotels to be as similar as possible. If a hotel has at least one 

competing Airbnb listing by the end of the observation period (2015 Quarter 4), it is a treated hotel. 

A hotel is untreated if it does not have any competing Airbnb listings nearby by the end of the 

observation period. We use observable characteristics including price tiers, operation (independent 

or chain), whether a hotel has a restaurant, location (airport, suburban, etc.), and number of rooms 

to calculate the propensity score (predicted probability of being treated). We then match the treated 
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hotels with untreated hotels with the closest propensity score. We are left with 2,024 hotels (out 

of 2,188) for further analyses.10 The regression results with the propensity score matched samples 

are presented in Tables 2.6 and 2.7; both the self-promotion and demoting estimations are 

qualitatively unchanged from the estimation with unmatched samples in the main analyses. Thus, 

we find the impacts of Airbnb on hotel review manipulation are robust to propensity score matched 

samples.  

Table 2.6: Self-Promotion with 2SLS – Matched Hotels 

 (1) (2) (3a) (3b) 

log(Airbnb) 0.022*** 0.021*** 0.021*** -0.036 

 (0.006) (0.006) (0.006) (0.022) 

log(CompetingHotels) 0.033 0.032 0.026 0.026 

 (0.029) (0.028) (0.028) (0.028) 

Log(ReviewCount)  0.006 0.005 0.005 

  (0.006) (0.006) (0.006) 

log(Airbnb) × Budget   -0.057***  

   (0.021)  

log(Airbnb) × non-Budget    0.057*** 

    (0.021) 

ReviewRatios NO YES YES YES 

Hotel Fixed Effects YES YES YES YES 

Time Fixed Effects YES YES YES YES 

N 30,452 30,452 30,452 30,452 

R-squared 0.025 0.026 0.025 0.025 

Note: Robust standard errors in parentheses (errors clustered at hotel level.) 
*** p<0.01, ** p<0.05, * p<0.1 

 

                                                 

10 The resulting number of hotels is determined by the matching process in the propensity score matching step. Out 
of the 2,188 hotels, 1,176 hotels are in the control group without Airbnb’s impact; 1,012 hotels are in the treated 
group (i.e., there is at least one Airbnb listing in their vicinity during the study time periods). For each treated 
hotel, we find a matching hotel in the control group that is similar in all the observable variables. 1,012 out of the 
1,176 control group hotels can be matched with a treatment group hotel. Therefore, we are left with 2,024 hotels: 
1,012 in the treatment group and 1,012 in the control group. 
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Table 2.7: Demoting Behavior with 2SLS – Matched Hotels 

 (1) (2) (3a) (3b) 

log(Airbnb) -0.035*** -0.036*** -0.035*** -0.056** 

 (0.008) (0.008) (0.008) (0.023) 

log(CompetingHotels) -0.280*** -0.277*** -0.280*** -0.280*** 

 (0.041) (0.041) (0.041) (0.041) 

Log(ReviewCount)  -0.013 -0.013 -0.013 

  (0.009) (0.009) (0.009) 

log(Airbnb) × Budget   -0.020  

   (0.021)  

log(Airbnb) × non-Budget    0.020 

    (0.021) 

ReviewRatios NO YES YES YES 

Hotel Fixed Effects YES YES YES YES 

Time Fixed Effects YES YES YES YES 

N 24,733 24,733 24,733 24,733 

R-squared 0.051 0.051 0.051 0.051 

Note: Robust standard errors in parentheses (errors clustered at hotel level.) 
*** p<0.01, ** p<0.05, * p<0.1 

 

2.6.2 All categories of competitors  

In our main analyses, we assume that hotels are only competing with other hotels from the same 

price tier; namely, Budget hotels are competing with Budget hotels while non-Budget hotels are 

competing with non-Budget hotels only. The assumption is that a Budget hotel is unlikely to 

demote a close-by non-Budget hotel to try to capture some demand of non-Budget hotels and vice 

versa. Next, we relax this assumption by considering hotels as competitors regardless of their price 

tiers as has been done in Mayzlin et al. (2014). Specifically, all neighboring hotels regardless of 

their price tiers are considered as competing hotels of a focal hotel. To incorporate this change, the 

measure of competitors count, count of demoting actions (i.e., negative reviews), and the 
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instrumental variable measures are modified correspondingly.11 The results are presented in Tables 

2.8 and 2.9. Note that we use the propensity score matched samples to conduct these analyses.  We 

find that non-Budget hotels would self-promote more and Budget hotels do not change self-

promotion level; both Budget and non-Budget hotels reduce their demoting behaviors. Our 

conclusions from the main analyses are robust to this alternative operationalization of competitors 

as well.  

Table 2.8: Self-Promotion with 2SLS –All Neighboring Hotels as competitors 

 (1) (2) (3a) (3b) 

log(Airbnb) 0.023*** 0.022*** 0.022*** 0.003 

 (0.006) (0.006) (0.006) (0.025) 

log(CompetingHotels) 0.032 0.031 0.030 0.030 

 (0.029) (0.028) (0.028) (0.028) 

Log(ReviewCount)  0.006 0.006 0.006 

  (0.006) (0.006) (0.006) 

log(Airbnb) × Budget   -0.019  

   (0.024)  

log(Airbnb) × non-Budget    0.019 

    (0.024) 

ReviewRatios NO YES YES YES 

Hotel Fixed Effects YES YES YES YES 

Time Fixed Effects YES YES YES YES 

N 30,452 30,452 30,452 30,452 

R-squared 0.025 0.026 0.026 0.026 

Note: We use matched hotels. Robust standard errors in parentheses (errors clustered at 

hotel level.) 
*** p<0.01, ** p<0.05, * p<0.1 

 

                                                 

11 The instrumental variable we use is the level of the competing Airbnb supply for the focal hotel’s competing 
hotels. It is defined as the distinct number of Airbnb listings for competing hotels, after excluding the competing 
Airbnb listings for the focal hotel. This IV hinges on the definition of competing hotels. When we run the 
robustness check to include as competing hotels all nearby hotels regardless of their price tiers , we need to update 
the values for all the variables that involve the competing hotels: competitors count, count of demoting actions 
(i.e., negative reviews), and the instrumental variables.   
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Table 2.9: Demoting Behavior with 2SLS –All Neighboring Hotels as competitors 

 (1) (2) (3a) (3b) 

log(Airbnb) -0.020** -0.020** -0.019** -0.044*** 

 (0.008) (0.008) (0.008) (0.017) 

log(CompetingHotels) -0.257*** -0.256*** -0.257*** -0.257*** 

 (0.038) (0.038) (0.038) (0.038) 

Log(ReviewCount)  -0.007 -0.007 -0.007 

  (0.008) (0.008) (0.008) 

log(Airbnb) × Budget   -0.024*  

   (0.014)  

log(Airbnb) × non-Budget    0.024* 

    (0.014) 

ReviewRatios NO YES YES YES 

Hotel Fixed Effects YES YES YES YES 

Time Fixed Effects YES YES YES YES 

N 25,275 25,275 25,275 25,275 

R-squared 0.044 0.044 0.044 0.044 

Note: We use matched hotels. Robust standard errors in parentheses (errors clustered at 

hotel level.) 
*** p<0.01, ** p<0.05, * p<0.1 

 

2.6.3 Varying competition radius 

In our analyses so far, we have assumed that travelers may substitute between hotels and Airbnb 

properties within a one-kilometer radius with respect to each focal hotel. Next, we test the 

robustness of our results by varying this radius. Specifically, we estimated the same set of 

parameters using both 0.5 kilometer and 2 kilometers radii as the competition areas pertaining to 

each focal hotel. Our findings for these distances are mostly consistent with our main analyses. 

Tables 2.10 and 2.11 present the results when we consider a 2-kilometer radius for competing 

hotels (the results corresponding to the 0.5-kilometer radius, which are completely consistent with 

the main analysis, are provided in the Appendix A). 

With the 2-kilometer radius, the self-promotion finding still holds while the demoting 

finding changes slightly: Budget hotels do not change their demoting actions and non-Budget 
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hotels decrease their demoting behaviors. A possible explanation for the different finding for 

Budget hotels could be the difference in how Budget and non-Budget hotels perceive competitors. 

Budget hotels are likely to compete with neighboring hotels within a smaller range. But non-

Budget hotels have a larger coverage and are likely to compete within a larger radius. Indeed, if 

we further enlarge the radius from 2 km to 5 km, none of the demoting or promoting coefficients 

is significant at the 5% significance level.12 This reflects that both Budget and non-Budget hotels 

do not consider properties that far-away as their competitors.  

Table 2.10: Self-Promotion with 2SLS – 2-kilometer radius 

 (1) (2) (3a) (3b) 

log(Airbnb) 0.013** 0.012** 0.013** -0.008 

 (0.006) (0.005) (0.005) (0.017) 

log(CompetingHotels) 0.033 0.027 0.026 0.026 

 (0.037) (0.035) (0.035) (0.035) 

Log(ReviewCount)  0.012* 0.012* 0.012* 

  (0.007) (0.007) (0.007) 

log(Airbnb) × Budget   -0.021  

   (0.016)  

log(Airbnb) × non-Budget    0.021 

    (0.016) 

ReviewRatios NO YES YES YES 

Hotel Fixed Effects YES YES YES YES 

Time Fixed Effects YES YES YES YES 

N 20,084 20,084 20,084 20,084 

R-squared 0.033 0.036 0.036 0.036 

Note: We use matched hotels and assume all neighboring hotels as competitors. Robust 

standard errors in parentheses (errors clustered at hotel level.) 
*** p<0.01, ** p<0.05, * p<0.1 

 

                                                 

12 At 5 km radius, most of the hotels (more than 95%) will have at least one competing Airbnb listing at the end of 
the observation period. If we apply the 1-to-1 matching using propensity score matching, we would end up with 
very few non-Budget hotels. Therefore, we use all the hotels, instead of matched hotels only, for the analyses at 5 
km competition radius.  
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Table 2.11: Demoting Behavior with 2SLS – 2-kilometer radius 

 (1) (2) (3a) (3b) 

log(Airbnb) -0.007** -0.007** -0.007** -0.005 

 (0.003) (0.003) (0.003) (0.010) 

log(CompetingHotels) -0.209*** -0.207*** -0.207*** -0.207*** 

 (0.045) (0.045) (0.045) (0.045) 

Log(ReviewCount)  -0.003 -0.003 -0.003 

  (0.004) (0.004) (0.004) 

log(Airbnb) × Budget   0.001  

   (0.010)  

log(Airbnb) × non-Budget    -0.001 

    (0.010) 

ReviewRatios NO YES YES YES 

Hotel Fixed Effects YES YES YES YES 

Time Fixed Effects YES YES YES YES 

N 18,615 18,615 18,615 18,615 

R-squared 0.100 0.100 0.100 0.100 

Note: We use matched hotels and assume all neighboring hotels as competitors. Robust 

standard errors in parentheses (errors clustered at hotel level.) 
*** p<0.01, ** p<0.05, * p<0.1 

 

2.7 Discussion and Conclusions 

Our work provides empirical evidence on incumbent firms’ strategies in response to competition 

from emerging sharing economy companies. We show that increased Airbnb supply leads to more 

fake positive reviews (i.e., self-promotions) for high-end hotels and no change for low-end hotels. 

For demoting behaviors, we find that increased Airbnb supply leads to less negative reviews (i.e., 

demoting competitors) for both low-end and high-end hotels. The latter is particularly surprising 

given the prior findings of  Mayzlin et al. (2014) in the hotel industry and that of Luca and Zervas 

(2016) in the restaurant industry. These papers suggest that intensified competition leads firms to 

demote each other more. However, we argue that the collective impact on the hotel industry by 
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this behavior (due to the dominance of the expectation of balance theory over the competition 

effect) leads all hotels to demote their competing hotels less in the face of Airbnb.  

We find that the change in demoting activities considering the competition from the 

newcomer Airbnb cannot be explained by previous research. Our findings suggest that the 

disruptive innovations from sharing economy companies are changing the landscape of 

competition among the incumbents in unexpected ways. Further, review-hosting platforms like 

TripAdvisor can benefit from our findings. Knowing that the increased Airbnb supply drives high-

end hotels to self-promote more, platforms can potentially adjust their filtering algorithms to 

account for the availability of Airbnb supply around a hotel. 

Our work opens up interesting avenues for future research. We have analyzed only one 

strategy hotels utilize: manipulating reviews. It’s still an open question to investigate the joint 

impact of other strategies (price cuts, advertising, quality improvement, etc.) that hotels might use, 

and to uncover when and why some strategies are more effective than others.  
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CHAPTER 3 

HOW DOES ONLINE REVIEW MANIPULATION INFLUENCE SALES?  

EVIDENCE FROM THE HOTEL INDUSTRY 

3.1 Introduction 

Customer online reviews have become an important source of information to consumers, 

substituting and complementing other forms of business-to-consumer and offline word-of-mouth 

communication about product quality (e.g., Chevalier and Mayzlin 2006). Customer reviews are 

generally considered to be more credible than promotional campaigns (Bickart and Schindler 

2001; Lu et al. 2013). They have been found to be important drivers behind consumers’ purchase 

decisions (e.g., Dellarocas et al. 2007; Ye et al. 2011; Zhu and Zhang 2010). Recognizing the 

importance of online reviews in driving their businesses, many firms resort to manipulating 

reviews (e.g., Tibken 2013). Consequently, it is not uncommon to encounter fake (manipulated) 

reviews in review websites like TripAdvisor and Yelp (Lappas et al. 2016; Luca and Zervas 2016; 

Mayzlin et al. 2014). Fake reviews have been acknowledged as a critical challenge in the e-

commerce industry (McCartney 2012). They lead consumers to make suboptimal decisions in a 

short run and hurt the platform in the long run as a result of consumer distrust.  

Though the literature has identified the existence of fake reviews and how they temporarily 

improve or hurt a firm’s online ratings (Luca and Zervas 2016; Mayzlin et al. 2014), it is unclear 

to what degree those review manipulation activities translate to a firm’s revenue. To fill in this 

gap, we empirically study how review manipulation influences a firm’s revenue. Understanding 

the connection between review manipulation and a firm’s revenue will help us understand why 

firms actively engage in such behavior. More importantly, it would help us understand how online 
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review platforms could potentially adjust their policies to disincentivize the firms to manipulate 

reviews.  

There are two kinds of online review manipulation that hotels have been found to engage 

in, in order to improve their customer value proposition: promoting oneself and demoting others 

(Mayzlin et al. 2014). This research examines if these online strategies are indeed effective, and if 

so, how. Moreover, it has been shown that different types of firms may apply review manipulation 

actions differently (Dellarocas et al. 2007; Mayzlin 2006). This motivates us to investigate if the 

effectiveness of review manipulation actions are heterogeneous across different types of firms.  

To address this, we collect and analyze a unique panel data of 464 hotels extracted from 

six different sources: Expedia, TripAdvisor, the Texas Comptroller’s office, Smith Travel 

Research (STR), FBI crime report, and Airbnb. We are able to quantify the impact of hotels’ 

review manipulation strategies while controlling for other strategies like price, quality, 

management response to reviews, and competition intensity. To control for the multiple 

endogenous variables in the estimation, we use the Generalized Method of Moments (GMM) 

method to estimate a Panel Vector Autoregression (Panel VAR) model. We find: (i) self-promotion 

helps improve sales of high-end hotels but not low-end hotels; (ii) getting demoted hurts both high-

end and low-end hotels; (iii) the negative association between demotion and sales are stronger for 

low-end hotels than for high-end hotels.  

3.2 Theoretical Framework 

The incentives to manipulate reviews and the identification of review manipulation have been 

illustrated in the previous chapter. We summarize here how to identify review manipulation 

following the approach in Mayzlin et al. (2014). Their approach exploits the different regulations 
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for users to post reviews between the two travel websites TripAdvisor and Expedia. TripAdvisor 

allows any user, whether a customer or not, to post reviews. Expedia, on the other hand, only 

allows customers who have stayed in a hotel (either booked through Expedia or its partners) to 

post reviews for that hotel on its site. Therefore, review manipulation, if any, will be more likely 

to occur at TripAdvisor’s site than at Expedia’s due to the lower cost needed to post a fake review 

on TripAdvisor. Thus, for a focal hotel, the difference in review ratings between these two review 

platforms offers an indication of review manipulation.  

We outline here the main empirical questions addressed in this essay and discuss the 

theoretical rationale underpinning the research questions. 

3.2.1 Manipulation’s differential impact on different types of hotels 

The incentives to manipulate reviews might depend on a firm’s type as demonstrated in prior 

analytical work in this area. Mayzlin (2006) argues that low-end firms expend more resources on 

manipulating reviews because low-end firms do not get enough positive reviews organically. On 

the other hand, Dellarocas (2006) shows that there exists an equilibrium where the high-end firms 

invest more resources into review manipulation. The intuition behind this is that high-end firms 

are caught up in this review manipulation “rat race” with the low-end firms, and consumers would 

perceive the high-end firms badly if the high-end firms do not self-promote. We note that neither 

paper differentiates self-promotion from demotion, and in these works posting negative reviews 

about one’s competitor is assumed to be qualitatively equivalent to posting positive reviews about 

oneself. Moreover, the effectiveness of review manipulation (self-promotion or demotion) for a 

high-end firm and a low-end firm are assumed to be the same. This motivates us to examine 
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whether the effectiveness of self-promotion (or demotion) are indeed the same between high-end 

and low-end hotels.  

3.2.2 Competition, quality, price, and management response 

Hotels face competition from other nearby hotels and respond to such competition by manipulating 

reviews (Mayzlin et al. 2014). Besides the competition from traditional hotel industry, the 

emergence of sharing economy platforms like Airbnb has also lead to another source of threat to 

a focal hotel’s revenue. There have been over 300 million guest arrivals at Airbnb listings around 

the world since its inception in 2008.13 An average of 425,000 people use Airbnb every night 

worldwide. Airbnb has indirectly facilitated some homeowners’ and renters’ transitions from 

“persons with homes” to “competitors with Hilton” (Stein 2015). How does this substitution of 

accommodation service impact the competition dynamics among the incumbent hotels? As 

demonstrated in Zervas et al. (2017), the success of Airbnb has taken a toll on the incumbents in 

the hotel industry. These incumbents are striving to counter the competition from Airbnb using 

various strategies, e.g., by reducing prices or improving service quality (Ananthakrishnan et al. 

2015).  

Besides quality and price, another online strategy that hotels resort to is actively responding 

to online reviews in order to enhance their customers’ perceptions (Lappas et al. 2016a; Lee et al. 

2017). It has been shown that management response helps improve the online image of a business 

(Proserpio and Zervas 2017) . 

                                                 

13 https://press.atairbnb.com/fast-facts (accessed March 26, 2018). 

https://press.atairbnb.com/fast-facts
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In summary, we ask if the online review manipulation strategies affect a hotel’s revenue. 

Specifically, we examine whether self-promotion would improve hotel sales and whether 

demotion would hurt hotel sales. We also examine if the impact of review manipulation on hotel 

sales varies across different types of hotels. 

3.3 Data 

To conduct our analyses, we obtained and synthesized data from six different sources: 

Expedia.com, TripAdvisor.com, Smith Travel Research (STR), the Texas Comptroller’s office 

(comptroller.texas.gov), FBI Uniform Crime Report, and Airbnb.com. Each source provides 

complementary data items for our analyses as we describe below. 

3.3.1 Data Sources 

Our analyses are conducted for hotels in the state of Texas (we choose Texas as it makes hotel 

revenue data publicly available). The Texas Comptroller’s office provides, on a quarterly basis, 

public records on hotel tax filings for all hotels in the state of Texas,14 in addition to the hotel 

names and addresses. Data are collected for the period from January 2012 to December 2015. We 

restrict our attention to hotels in cities with a population of over 50,000. There is a total of 67 such 

cities in Texas.15 We scraped the review data on all hotels in these cities from the Expedia and 

TripAdvisor sites. From each site, we obtained the review ratings and the review dates. Expedia 

provides a link to each hotel’s TripAdvisor page (if it exists). Therefore, matching the hotels on 

                                                 

14 http://www.texastransparency.org/Data_Center/Search_Datasets.php (accessed January 5, 2016). 

15 https://en.wikipedia.org/wiki/List_of_cities_in_Texas_by_population (accessed in February 4, 2016). 

http://www.texastransparency.org/Data_Center/Search_Datasets.php
https://en.wikipedia.org/wiki/List_of_cities_in_Texas_by_population
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these two websites is straightforward. The STR Texas census data includes, for each hotel, its price 

tier, price, and address. We matched all the hotels identified in TripAdvisor and Expedia with their 

corresponding entries in the data provided by STR and by the Texas Comptroller’s office. The FBI 

Uniform Crime Report provides information about the population as well as crime counts (violent 

crime and property crime) for different cities. We include the crime and population count into our 

analyses since both may influence the demand for hotels (Ghose et al. 2012). Because the tax filing 

data is available on a quarterly basis, our unit of analyses is hotel-quarter: the quarterly information 

for hotels in terms of reviews, competitors, etc. 

In order to determine the extent of competition a hotel faces from Airbnb, we collected all 

the Airbnb listings in the 67 cities identified. We recorded the location (latitude and longitude) and 

the host’s registration information on 14,922 distinct listings on Airbnb’s website. Following prior 

research (e.g., Zervas et al. 2017), we use the host’s registration date as the starting time when a 

listing became available. We count the number of distinct listings that have appeared on Airbnb 

up to that quarter to identify the level of competition resulting from the sharing economy. To 

control the level of competition from the traditional hotel industry, we count the number of 

competing hotels (from the same price tier, low-end or high-end) for a focal hotel in each quarter. 

Along the lines of Mayzlin et al. (2014), we identify competing properties (hotels as well as Airbnb 

listings) as those that are within one kilometer radius from a focal hotel. We remove the hotels that 

have missing data in at least one of the data sources. We end up with data on 464 hotels for 16 

quarters (2012 Q1 to 2015 Q4).  
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3.3.2 Data Description 

Our goal is to study how online review manipulation strategies impact hotel sales, and that 

becomes the main outcome variable.  

As discussed in the Theoretical Framework section, Self-Promotion is measured as the 

difference in the share of five-star reviews in TripAdvisor and in Expedia, respectively, for hotel i 

in year-quarter t: 

SelfPromotionit =
5Star Reviewsit

TA

Total Reviewsit
TA −

5Star Reviewsit
EXP

Total Reviewsit
EXP . 

Similarly, Demoted is measured as the difference in the share of one-star and two-star 

reviews in TripAdvisor and Expedia:  

Demotedit =
1Star Reviewsit

TA + 2Star Reviewsit
TA

Total Reviewsit
TA −

1Star Reviewsit
EXP + 2Star Reviewsit

EXP

Total Reviewsit
EXP . 

Another strategy that we control for is hotel price. A hotel typically charges different prices 

for different types of rooms (e.g., standard room, deluxe room, suite, etc.). To standardize prices 

across different types of hotels that we study, we use the cheapest booking price listed by a hotel 

as the Price measure for a hotel. Quality is the third strategy that we control for. We measure the 

quality of a hotel using the average Expedia rating (where the ratings are more likely to be genuine 

compared to the manipulation-prone TripAdvisor ratings). Response is the fourth strategy that we 

control for. It is measured by the fraction of reviews that have been responded by a hotel’s 

management team in Expedia.  

To study how the hotel sales is impacted by different strategies, we need to control for 

other factors that may also play a role in affecting hotel performance in a market. We control for 

the number of competing hotels in CompetitorCount to account for the competition from the 
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incumbent hotel industry. Due to Airbnb’s potential impact on hotel sales, we control the impact 

of Airbnb as a factor influencing hotel performance. Online review volume has been shown to be 

positively associated with sales (e.g., Babić Rosario et al. 2015; Duan et al. 2008; Forman et al. 

2008). Therefore, we construct a control (ReviewCount) which measures the count of Expedia 

reviews for a hotel. In addition, we control for the room capacity (Rooms) for each hotel, and also 

for the surrounding environment of a hotel using counts for Population and Crime. The variables 

included in our analyses are summarized in Table 3.1.  

The descriptive statistics of the main variables are shown in Table 3.2. The number of 

observations for all of these variables is 7,424 (464 hotels × 16 quarters), and the panel data set is 

strongly balanced. The quarterly sales for the hotels range from $0 to $27.7 million dollars.16 The 

average magnitude of self-promotion and getting demoted are 7.6% and 6.9% respectively.17 We 

also find a wide range of prices for the hotels. The cheapest hotel is only $15 per night while the 

most expensive one’s nightly rate is $495. The average quality (average Expedia rating for a hotel) 

is 4.064. A few hotels are rated, on average, the lowest possible score of 1 star and some other 

hotels rated the highest 5 star. On average, 10.3% of the reviews on Expedia are responded to by 

hotel management teams. The average number of competing Airbnb listings is 8.003 while the 

average number of competing hotels is 6.647. Though the two numbers for these two types of 

competition for a hotel look close, their underlying impacts differ because a hotel usually has many 

more rooms than an Airbnb listing. Indeed, as the mean value of Rooms variable shows, a hotel 

                                                 

16 5 out of the 7,424 observations (less than 0.07%) have 0 values in Sales. 

17 If the rating ratio difference in TripAdvisor versus in Expedia is negative, it is treated as zero. 
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has 173.128 rooms on average in our dataset. The hotels in the sample receive 32.008 Expedia 

reviews in a typical quarter. The average count of violent and property crimes in the city where a 

hotel resides is 11,615.394 and the average population is 872.504 thousand. 

Table 3.1: Variables 

NAME Definition 

Sales log (hotel sales + 1) 

SelfPromotion Hotel self-promotion 

Demoted Demotions for a hotel 

Budget Budget hotel indicator 

Price Cheapest nightly price for a hotel 

Quality Hotel quality (average Expedia rating) 

Response Proportion of hotel reviews that are responded to on Expedia 

Airbnb Airbnb supply within 1 km distance 

CompetitorCount Count of competing hotels 

ReviewCount Count of Expedia reviews 

Rooms Capacity of a hotel 

Crime Count of violent and property crimes in the city where a hotel resides 

Population Population in thousands 

Note: All variables are measured on a quarterly basis 

Table 3.2: Descriptive Statistics 

Variables No. of obs. Mean Std. dev. Min Max 

      

Sales (in M) 7,424 1.462 2.219 0.0 27.7 

SelfPromotion 7,424 0.076 0.139 0.0 1.0 

Demoted 7,424 0.069 0.119 0.0 1.0 

Price 7,424 128.970 60.329 15.0 495.0 

Quality 7,424 4.064 0.594 1.0 5.0 

Response 7,424 0.103 0.251 0.0 1.0 

Airbnb 7,424 8.003 31.992 0.0 356.0 

CompetitorCount 7,424 6.647 9.440 0.0 48.0 

ReviewCount 7,424 32.008 35.360 1.0 441.0 

Rooms 7,424 173.128 180.142 19.0 1,608.0 

Crime 7,424 11,615.394 10,983.882 25.0 32,978.0 

Population 7,424 872.504 737.622 8.0 2,275.221 

      

Note: The table reports summary statistics for online reviews for 464 hotels in 16 quarters using 

hotel-quarter as the unit of observation.  
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3.4 Empirical Strategy 

Our main objective is to examine how online review manipulation strategies impact hotel 

performance. To achieve this goal, a panel data regression model with fixed effects may appear to 

fit. However, a limitation with a panel data regression model is that it cannot handle multiple 

endogenous variables like the ones we are studying here. For example, improved hotel sales in the 

previous quarter may allow the hotels to increase their self-promotion activities in the current 

quarter. Then, the intensified self-promotion may drive up the hotel sales in the next quarter. This 

circular causality (more sales lead to more self-promotion and more self-promotion leads to more 

sales) would be problematic for a panel data regression model since it cannot identify whether 

more self-promotion leads to more sales or more sales leads to more self-promotion. Such 

intertwined relationship might also exist for the other strategies like demotion, price, quality, and 

management response. Therefore, we estimate a panel vector autoregression (Panel VAR) model 

that examines the dynamic interactions among hotels’ sales and the various strategies. As Stock 

and Watson (2001) noted, structural forms of VAR requires imposing restrictions on 

contemporaneous relationships between variables. To avoid making potentially unreasonable 

assumptions, we adopt the reduced form Panel VAR model wherein each dependent variable is 

endogenous and is a linear function of the past values of all dependent variables including itself 

(Chen et al. 2015; Dewan and Ramaprasad 2014). Specifically, we consider the following model 

(Model 1): 

𝑦𝑖,𝑡 =∑𝜙𝑠𝑦𝑖,𝑡−𝑠

𝑝

𝑠=1

+ 𝛽𝑥𝑖𝑡 + 𝛿𝑡 + 𝜖𝑖,𝑡 (1) 
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where 𝑦𝑖𝑡 are the endogenous variables and 𝑥𝑖𝑡 are the exogenous variables with time fixed effects 

𝛿𝑡 and error term 𝜖𝑖,𝑡. 

Binder et al., (2005) show that the standard Generalized Method of Moments (GMM) 

estimator for Panel VAR models can break down if the model contains unit roots (nonstationary 

variables). To ensure stationarity, we run the unit root test on all the variables in the specified 

model. We use the Harris-Tzavalis unit root test (Harris and Tzavalis 1999) because it applies to 

panel data with a large number of individuals and comparatively fewer time periods. For the hotel 

data, the number of hotels is 464 and the number of periods is 16. The null hypothesis of this test 

is that the panel contains unit root (i.e., the panel is nonstationary). The unit root test results for 

the raw variables are reported in Table 3.3. As we can see, several variables are nonstationary. For 

the five nonstationary variables, namely Price, Airbnb, ReviewCount, Crime, and Population, we 

take their first difference (e.g., ∆Pricei,t = Pricei,t - Pricei,t-1) following standard practice (see, e.g., 

Enders 2015). As shown in Table 3.4, all these nonstationary variables become stationary after 

taking the first difference. The null hypothesis is rejected for all the first-differenced variables (p-

values smaller than 0.01). First-differencing requires sacrificing the first quarterly observation for 

each hotel, but it ensures the validity of the Panel VAR model estimation procedure. Henceforth, 

we use only the stationary variables in our model specifications. 
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Table 3.3: Harris-Tzavalis Unit Root Test for Raw Variables 

Variable Rho Statistic Z p-value 

    

Sales 0.777 -5.488 0.000 

SelfPromotion 0.015 -95.866 0.000 

Demoted -0.018 -99.803 0.000 

Price 0.848 2.861 0.998 

Quality 0.086 -87.552 0.000 

Response 0.675 -17.666 0.000 

Airbnb 0.993 20.064 1.000 

CompetitorCount 0.938 13.568 1.000 

ReviewCount 0.445 -44.874 0.000 

Crime 0.904 9.514 1.000 

Population 0.888 7.666 1.000 

Rooms 0.766 -6.808 0.000 

    

 

Table 3.4: Harris-Tzavalis Unit Root Test for Differenced Variables 

Variable Rho Statistic Z p-value 

    

∆Price -0.072 -106.211 0.000 

∆Airbnb -0.142 -114.528 0.000 

∆CompetitorCount -0.080 -99.825 0.000 

∆Crime -0.109 -110.625 0.000 

∆Population -0.118 -111.726 0.000 

    

 

In Model 1, 𝑦𝑖,𝑡 = (𝑆𝑎𝑙𝑒𝑠𝑖,𝑡 , 𝑆𝑒𝑙𝑓𝑃𝑟𝑜𝑚𝑜𝑡𝑖𝑜𝑛𝑖,𝑡 , 𝐷𝑒𝑚𝑜𝑡𝑒𝑑𝑖,𝑡 , Δ𝑃𝑟𝑖𝑐𝑒𝑖,𝑡 , 𝑄𝑢𝑎𝑙𝑖𝑡𝑦𝑖,𝑡 , 

𝑅𝑒𝑠𝑝𝑜𝑛𝑠𝑒𝑖,𝑡)′ is a six-element column vector for hotel i at time t, containing the six endogenous 

variables. 𝛷′𝑠 are 6×6 matrices of slope coefficients for these endogenous variables. Similarly, for 

hotel i at time t, 𝑥𝑖𝑡 = (Δ𝐶𝑜𝑚𝑝𝑒𝑡𝑖𝑡𝑜𝑟𝐶𝑜𝑢𝑛𝑡𝑖,𝑡 , 𝛥𝐴𝑖𝑟𝑏𝑛𝑏𝑖,𝑡 , 𝑅𝑒𝑣𝑖𝑒𝑤𝐶𝑜𝑢𝑛𝑡𝑖,𝑡 , 𝑅𝑜𝑜𝑚𝑠𝑖,𝑡 , 

𝛥𝑃𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛𝑖,𝑡 , 𝛥𝐶𝑟𝑖𝑚𝑒𝑖,𝑡)′ is a six-element column vector containing the exogenous variables. 

𝛽 is a 6×6 matrix of slope coefficients for these exogenous variables. 𝛿𝑡 =

(𝛿1,𝑡 , 𝛿2,𝑡 , 𝛿3,𝑡 , 𝛿4,𝑡 , 𝛿5,𝑡 , 𝛿6,𝑡)′ is a column vector of time dummies that control for unobserved time 
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effects like seasonality. 𝜖𝑖,𝑡 = (𝜖1,𝑖,𝑡 , 𝜖2,𝑖,𝑡 , 𝜖3,𝑖,𝑡 , 𝜖4,𝑖,𝑡 , 𝜖5,𝑖,𝑡 , 𝜖6,𝑖,𝑡)′ is a six-element vector of errors, 

satisfying the assumption that 𝐸(𝜖𝑚,𝑖,𝑡) = 𝐸(𝜖𝑚,𝑖,𝑡𝜖𝑚,𝑖,𝑠) = 0 for m=1, 2, 3, 4, 5, 6, and t≠s, i.e., 

error terms are serially uncorrelated.  

To determine the appropriate lag length p in Model 1, we use the Bayesian Information 

criterion (BIC) to select among several alternatives following the standard approach in the VAR 

literature (e.g., Holtz-Eakin et al. 1988; Love and Zicchino 2006). Specifically, we calculate BIC 

for models with different number of lags varying from one period up to five periods.  

 

Table 3.5: Number of lags p 

Number of lags (p) BIC 

  

1 -3250.18 

2 -3018.41 

3 -2768.59 

4 -2522.55 

5 -2269.37 

  

 

As shown in Table 3.5, the model with 1 lag has the smallest BIC. Therefore, we choose 1 

lag for our model specification. Model 1 then leads to the following specification: 

 

(

 
 
 
 

𝑆𝑎𝑙𝑒𝑠𝑖,𝑡
𝑆𝑒𝑙𝑓𝑃𝑟𝑜𝑚𝑜𝑡𝑖𝑜𝑛𝑖,𝑡
𝐷𝑒𝑚𝑜𝑡𝑒𝑑𝑖,𝑡 

Δ𝑃𝑟𝑖𝑐𝑒𝑖,𝑡
𝑄𝑢𝑎𝑙𝑖𝑡𝑦𝑖,𝑡
𝑅𝑒𝑠𝑝𝑜𝑛𝑠𝑒𝑖,𝑡 )

 
 
 
 

= 𝛷

(

 
 
 
 

𝑆𝑎𝑙𝑒𝑠𝑖,𝑡−1
𝑆𝑒𝑙𝑓𝑃𝑟𝑜𝑚𝑜𝑡𝑖𝑜𝑛𝑖,𝑡−1
𝐷𝑒𝑚𝑜𝑡𝑒𝑑𝑖,𝑡−1 

Δ𝑃𝑟𝑖𝑐𝑒𝑖,𝑡−1
𝑄𝑢𝑎𝑙𝑖𝑡𝑦𝑖,𝑡−1
𝑅𝑒𝑠𝑝𝑜𝑛𝑠𝑒𝑖,𝑡−1 )

 
 
 
 

+ 𝛽

(

 
 
 
 

Δ𝐴𝑖𝑟𝑏𝑛𝑏
Δ𝐶𝑜𝑚𝑝𝑒𝑡𝑖𝑡𝑜𝑟𝐶𝑜𝑢𝑛𝑡𝑖,𝑡
𝑅𝑒𝑣𝑖𝑒𝑤𝐶𝑜𝑢𝑛𝑡𝑖,𝑡
𝑅𝑜𝑜𝑚𝑠𝑖,𝑡

𝛥𝑃𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛𝑖,𝑡
𝛥𝐶𝑟𝑖𝑚𝑒𝑖,𝑡 )

 
 
 
 

+ 𝛿𝑡 + 𝜖𝑖,𝑡 

wherein we control for the competition from both the incumbent hotels through 

∆CompetitorCounti,t and the sharing economy through ∆Airbnbit.  
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Another goal of our study is to investigate which strategies work for which types of hotels. 

Specifically, we want to understand if high-end hotels are influenced by the review manipulation 

strategies differently from low-end hotels. As demonstrated in Dellarocas (2006) and Mayzlin 

(2006), different types of firms may have different review manipulation behavior. We investigate 

the differential impact of the review manipulation strategies on the hotel sales using subsample 

analyses following Love and Zicchino (2006). To draw a clear comparison between the high-end 

and low-end hotels, we remove the Midprice tier hotels that lie in the center of the five price-tier 

spectrum. We categorize the Budget and Economy hotels as low-end hotels, the Upscale and 

Luxury hotels as high-end ones. We explore the difference between the coefficient estimates using 

split sample analyses of hotel types (high-end hotels versus low-end hotels).  

3.5 Results 

Our main goal is to examine whether the review manipulation strategies have a significant effect 

on the hotel sales after controlling for other factors such as competition, review count, hotel 

capacity, population, and crime. Table 3.6 shows the estimation results for Model 1. The 

interpretation of the coefficient estimates on one-period lagged dependent variables allow us to 

assess the short-term effects of these variables on the dependent variables. 

To explain the main results from Model 1, we look at how self-promotion and getting 

demoted influence sales. In the Salesit column in Table 3.6, the coefficient estimate on 

SelfPromotioni,t-1 is positive (0.074) and statistically significant at the 5% level. It indicates that 

the dependent variable, Sales, does increase in the next quarter when self-promoting activities in 

this quarter increases. The coefficient estimate for Demotedi,t-1 is negative (-0.078) and significant 

at the 10% level. The different result between self-promotion and being demoted is an important 
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and intuitive finding of this study and can be explained by the nature of these two types of review 

manipulation when they are undetected by users. Self-promoting activities would boost the online 

reputation of the hotels while getting demoted by others would hurt the online reputation. 

Therefore, it is intuitive to see that the improved online reputation would be associated with higher 

sales and the harmed reputation would be associated with lower sales. The interpretation of the 

economic value of the coefficient estimate of 0.074 on SelfPromotioni,t-1 is the following: a 1 

percentage point increase in the self-promotion in one quarter is associated with a 0.074% increase 

in sales in the following quarter. Since the quarterly average hotel sales is $1.462 million (as shown 

in Table 3.2), the 0.074% increase would translate to $1081.88 increase in sales for a hotel on 

average.  

Next, we turn our attention to the coefficient estimates on other variables in the Salesit 

column. First, the coefficient estimate on ∆Pricei,t-1 (-0.000) is not significant, meaning that the 

hotel sales are not very sensitive to the price changes in the sample. Second, the coefficient 

estimate on Qualityi,t-1 (-0.024) )is not statistically significant either. Third, the coefficient estimate 

on Responsei,t-1 is positive (0.089) and statistically significant at the 10% level, suggesting that the 

online management response in one quarter is indeed associated with an increases in sales in the 

next quarter. 

In addition, the Panel VAR model estimates also reveal how other exogenous variables 

affect the hotel sales. The coefficient estimate on ∆CompetitorCounti,t is negative (-0.028) while 

not significant. The coefficient estimate on ReviewCounti,t is positive (0.002) and significant at the 

1% level. It is consistent with findings regarding online reviews wherein online review volume is 

positively associated with sales (Babić Rosario et al. 2015; Duan et al. 2008; Forman et al. 2008). 
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The coefficient estimate on Roomsi,t (-0.001) is negative and not significant, implying that higher 

capacity in hotel rooms does not significantly improve the hotel sales. The coefficient estimates 

on ∆Crimei,t and ∆Populationi,t-1 have expected signs where either a decrease in crime or an 

increase in population is positively associated with hotel sales in the following quarter. 

Table 3.6: Panel VAR Coefficient Estimates for Model 1 (N= 464 hotels, T=16 quarters) 

 Dependent variable 

Independent variable 

𝑆𝑎𝑙𝑒𝑠𝑖,𝑡 𝑆𝑒𝑙𝑓𝑃𝑟 
𝑜𝑚𝑜𝑡𝑖𝑜𝑛𝑖,𝑡 

𝐷𝑒𝑚𝑜𝑡𝑒𝑑𝑖,𝑡 Δ𝑃𝑟𝑖𝑐𝑒𝑖,𝑡 𝑄𝑢𝑎𝑙𝑖𝑡𝑦𝑖,𝑡 𝑅𝑒𝑠𝑝𝑜𝑛𝑠𝑒𝑖,𝑡 

𝑆𝑎𝑙𝑒𝑠𝑖,𝑡−1 0.527*** 0.042** -0.072*** -0.444 -0.303*** 0.030 

 (0.043) (0.017) (0.019) (0.690) (0.054) (0.030) 

𝑆𝑒𝑙𝑓𝑃𝑟𝑜𝑚𝑜𝑡𝑖𝑜𝑛𝑖,𝑡−1 0.074** 0.078*** -0.019 3.185*** 0.248*** -0.036** 

 (0.035) (0.021) (0.019) (0.956) (0.051) (0.018) 

𝐷𝑒𝑚𝑜𝑡𝑒𝑑𝑖,𝑡−1 -0.078* 0.024 0.049** -0.845 0.093* -0.094* 

 (0.044) (0.019) (0.024) (0.828) (0.051) (0.049) 

Δ𝑃𝑟𝑖𝑐𝑒𝑖,𝑡−1 -0.000 0.000 -0.000 -0.000 0.000 -0.000 

 (0.000) (0.000) (0.000) (0.003) (0.000) (0.000) 

𝑄𝑢𝑎𝑙𝑖𝑡𝑦𝑖,𝑡−1 -0.024 0.018* -0.005 -0.366 0.091*** -0.036*** 

 (0.016) (0.009) (0.011) (0.378) (0.027) (0.012) 

𝑅𝑒𝑠𝑝𝑜𝑛𝑠𝑒𝑖,𝑡−1 0.089** -0.043** 0.067*** 1.022 -0.367*** 0.828*** 

 (0.039) (0.020) (0.022) (0.988) (0.058) (0.036) 

Δ𝐶𝑜𝑚𝑝𝑒𝑡𝑖𝑡𝑜𝑟𝐶𝑜𝑢𝑛𝑡𝑖,𝑡 -0.009*** -0.001 0.001 0.006 -0.003 0.002 

 (0.003) (0.001) (0.001) (0.082) (0.003) (0.001) 

𝑅𝑒𝑣𝑖𝑒𝑤𝐶𝑜𝑢𝑛𝑡𝑖,𝑡 -0.028 0.004 -0.004 -0.921** -0.067** -0.010 

 (0.036) (0.009) (0.008) (0.415) (0.032) (0.018) 

𝑅𝑜𝑜𝑚𝑖,𝑡 0.002*** -0.001*** 0.000 0.004 0.002*** 0.000 

 (0.000) (0.000) (0.000) (0.007) (0.000) (0.000) 

𝛥𝐶𝑟𝑖𝑚𝑒𝑖,𝑡 -0.001 -0.005** 0.005** -0.023 0.003 -0.004 

 (0.003) (0.002) (0.002) (0.110) (0.004) (0.003) 

𝛥𝑃𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛𝑖,𝑡 -0.000***18 -0.000 -0.000 -0.000 -0.000 -0.000** 

 (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 

Notes. Numbers in parentheses are standard errors. Time fixed effects are included in the 

estimation, but the coefficient estimates are not shown to conserve space. This also applies to 

Table 3.7.  
*** p<0.01, ** p<0.05, * p<0.1 

                                                 

18 The estimated coefficient is -.0000513 with a standard error 8.72e-06. 
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One of our objectives is to examine how review manipulation impacts high-end (Budget 

and Economy) and low-end hotels (Upscale and Luxury) differently. We report in Table 3.7 the 

coefficient estimates for the Salesit column of these split sample analyses. In the Salesit column for 

low-end hotels, the coefficient estimate on SelfPromotioni,t-1 is positive (0.007) and not statistically 

significant. This suggests that, for low-end hotels, self-promotion in a quarter does not have a 

significant impact on the sales in the next quarter. On the other hand, the estimated coefficient on 

SelfPromotioni,t-1 for the high-end hotels (0.213) is positive and statistically significant. It means 

that self-promotion helps only high-end hotels gain more revenue in the future, but does not 

positively influence the sales of low-end hotels.  

In terms of getting demoted, the coefficient estimate on Demotedi,t-1 is negative (-0.285) 

and statistically significant at the 1% level for the low-end hotels. The estimate for the high-end 

hotels is also negative (-0.147) and significant. It implies that getting demoted is negatively 

associated with the sales for both low-end and high-end hotels. The difference between these two 

estimated coefficients are statistically significant (with t-statistic = -2.421, and p-value = 0.0155). 

Therefore, the negative impact that getting demoted has on sales is stronger for low-end hotels 

than for high-end hotels.  

Through the estimations for the subsample analyses, we find that self-promotion helps only 

high-end hotels. One explanation may be that a review with a very high rating is not persuasive to 

customers when it is given to a low-end hotel compared to when it is given to a high-end hotel. 

The average rating for a low-end hotel is significantly lower than the average rating of a high-end 

hotel. The average TripAdvisor rating for a high-end hotel is 4.2, and the average rating for a low-

end hotel is merely 3.3 out of 5 stars. Therefore, consumers may be more likely to mentally 
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discount a 5-star rating for a low-end hotel than for a high-end hotel. We also find getting demoted 

hurts both low-end and high-end hotels and the negative impact is stronger for the low-end hotels 

than for the high-end hotels. This finding may be explained by the fact that high-end hotels usually 

have stronger brand recognition compared to low-end hotels. High-end hotels cater more to repeat 

customers (e.g., high-end hotels usually have some type of loyalty programs that influence 

customers’ propensity to continue visiting them) who are less likely to get swayed by negative 

online reviews compared to low-end hotel customers.  

Though both high-end and low-end hotels are influenced by online review manipulation, 

the impact is not the same for self-promotion versus demotion: self-promotion may help improve 

sales while getting demoted definitely hurts the sales. Also, the impact of review manipulation is 

not homogenous across different types of hotels: high-end hotels have more to gain from 

promoting themselves and they have less to lose from getting demoted.  

3.6 Impulse Response Functions 

The previous analyses explain the short-term impact of review manipulation on sales. A Panel 

VAR model also allows us to examine the long-term impact of the endogenous variables of 

interest, i.e., review manipulation actions in our case. This is done by employing impulse response 

functions (IRFs), which describe the effect of one unit increase (usually called a “shock”) in one 

variable on the future values of all endogenous variables in the model (Stock and Watson 2001). 

We can learn from the IRFs whether a shock to one variable (e.g., SelfPromotion) will have a 

transitory or a permanent effect on another variable (e.g., Sales), and if the effect is transitory, how 

long it will take to attenuate.  
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Table 3.7: Panel VAR Coefficient Estimates Results for Low-end and High-end Hotels 

 Dependent variable 

Independent variable 

𝑆𝑎𝑙𝑒𝑠𝑖,𝑡 
(Low-end) 

𝑆𝑎𝑙𝑒𝑠𝑖,𝑡 
(High-end) 

𝑆𝑎𝑙𝑒𝑠𝑖,𝑡−1 0.367*** 0.461*** 

 (0.028) (0.054) 

𝑆𝑒𝑙𝑓𝑃𝑟𝑜𝑚𝑜𝑡𝑖𝑜𝑛𝑖,𝑡−1 0.007 0.213*** 

 (0.030) (0.071) 

𝐷𝑒𝑚𝑜𝑡𝑒𝑑𝑖,𝑡−1 -0.285*** -0.147*** 

 (0.035) (0.045) 

Δ𝑃𝑟𝑖𝑐𝑒𝑖,𝑡−1 -0.001 -0.000 

 (0.002) (0.000) 

𝑄𝑢𝑎𝑙𝑖𝑡𝑦𝑖,𝑡−1 0.099*** 0.044* 

 (0.016) (0.025) 

𝑅𝑒𝑠𝑝𝑜𝑛𝑠𝑒𝑖,𝑡−1 0.637*** 0.162*** 

 (0.052) (0.041) 

𝛥𝐴𝑖𝑟𝑏𝑛𝑏𝑖,𝑡  -0.003 -0.008*** 

(0.006) (0.002) 

Δ𝐶𝑜𝑚𝑝𝑒𝑡𝑖𝑡𝑜𝑟𝐶𝑜𝑢𝑛𝑡𝑖,𝑡 -0.637*** -0.034 

 (0.174) (0.027) 

𝑅𝑒𝑣𝑖𝑒𝑤𝐶𝑜𝑢𝑛𝑡𝑖,𝑡 0.004*** -0.000 

 (0.000) (0.000) 

𝑅𝑜𝑜𝑚𝑖,𝑡 0.047 0.001 

 (0.037) (0.002) 

𝛥𝐶𝑟𝑖𝑚𝑒𝑖,𝑡 0.000 0.000** 

 (0.000) (0.000) 

𝛥𝑃𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛𝑖,𝑡 0.005*** 0.003*** 

 (0.001) (0.001) 
*** p<0.01, ** p<0.05, * p<0.1 

Figure 3.1 and Figure 3.2 present the IRFs for the low-end hotels and high-end hotels 

respectively wherein we examine how sales responds to impulses of review manipulation. The 

IRFs are shown along with the 90% confidence intervals, that are generated from Monte Carlo 

simulations. We repeat each simulation 10,000 times and obtain the 5th and 95th percentiles of the 

responses to construct the 90% confidence interval.  

Figure 3.1(a) illustrates the response in Sales due to a shock to SelfPromotion. A one-unit 

shock in self-promotion has a positive (0.007) although insignificant impact on sales in the next 
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quarter. Note that the response in the immediate next quarter is captured in the estimated 

coefficients in Panel VAR, i.e., in the  𝑆𝑎𝑙𝑒𝑠𝑖,𝑡 column for low-end hotels, the estimated coefficient 

for 𝑆𝑒𝑙𝑓𝑃𝑟𝑜𝑚𝑜𝑡𝑖𝑜𝑛𝑖,𝑡−1 is 0.007 and statistically insignificant in Table 3.7. Interestingly, a shock 

in SelfPromotion has a negative and statistically significant impact on Sales two quarters later. 

Such a negative impact would persist all the way up to the end of the eighth quarter (t=8) during 

which the magnitude would first increase and then decrease. This is because an increase in 

SelfPromotion may indirectly lead to decrease in Sales two quarters later through influencing other 

endogenous variables in the next quarter. For example, Table 3.6 shows that SelfPromotioni,t-1 is 

negatively associated with Responseit (the coefficient estimate on SelfPromotioni,t-1 in the 

Responseit column is negative and significant) while Responseit-1 is positively associated with 

Salesit (the coefficient estimate on Responseit-1 in the Salesit column is positive is significant). 

Therefore, an increase in SelfPromotion in the current quarter would lead to an immediate decrease 

in Response in the next quarter, which leads to a decrease in Sales in the quarter following that. In 

this example, we have used only Response to illustrate how SelfPromotion can indirectly influence 

Sales beyond one quarter in the Panel VAR model. When tracing the long-term impact of review 

manipulation in IRFs, we actually consider the direct and indirect impact of all the endogenous 

variables for up to 8 quarters.  

For demotions of the low-end hotels, Figure 3.1(b) illustrates that one unit increase in 

Demoted is associated with a 0.285 decrease in Sales in the next quarter (t=1) and a 0.314 decrease 

two quarters later (t=2). The magnitude of such a negative impact from getting demoted on sales 

decreases after two quarters and eventually becomes insignificant after 8 quarters (t=8).  
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For the high-end hotels, Figure 3.2(a) shows that one unit increase in SelfPromotion has a 

positive but short-lived impact on Sales: it leads to a 0.213 increase in Sales in the next quarter 

and a 0.111 increase another quarter later. The magnitude of such a positive impact would become 

insignificant after four quarters (t=4). In terms of demotion, Figure 3.2(b) shows that one unit 

increase in Demoted is associated with a 0.147 decrease in Sales in the next quarter and a 0.103 

decrease after two quarters (t=2), with the magnitude of impact gradually dissipating thereafter.  

  

Figure 3.1: Impulse Response Functions: Low-end Hotels 

Note: Solid lines are the impulse responses; dashed lines are the 5th and 95th percentiles.  

  

Figure 3.2: Impulse Response Functions: High-end Hotels 

Note: Solid lines are the impulse responses; dashed lines are the 5th and 95th percentiles.  
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3.7 Conclusions 

In this paper, we investigate how online review manipulation influence hotel sales. We find that 

self-promotion improves sales only for high-end hotels but not for low-end hotels. Getting 

demoted hurts sales for both low-end and high-end hotels and its negative impact is stronger to 

low-end hotels than to high-end hotels. We find that responding to online reviews is positively 

associated with sales, which is consistent with the literature. To the best of our knowledge, this is 

the first work that attempts to investigate the various strategies in a holistic manner, and our 

findings regarding the review manipulation are novel. Our finding suggests that management 

teams for low-end hotels should monitor their online reviews more closely. They could respond to 

online reviews more carefully and report potential fake reviews to the review platform more 

actively. Moreover, online review platforms should examine the negative reviews for low-end 

hotels more carefully to identify fake reviews since the demotion has stronger impact on hotels on 

the lower side of the price tier spectrum. Our finding also reveals the economic value of 

manipulating reviews, which help explain why hotels may continue to engage in review 

manipulation activities in spite of online review platforms’ rules against such activities.  
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CHAPTER 4 

COMPETITIVE STRUCTURE AND CONSUMER REACTION IN SPONSORED 

SEARCH ADVERTISING 

4.1 Introduction 

Consider the following scenario: the-cover-store.com, a medium-sized company specializing in 

outdoor furniture covers, spends about $1 million annually in sponsored search at Google. In a 

recent month, it bid on 166,216 different search keywords, which belong to 6,916 different 

keyword groups (i.e., Ad Group in Google). An important keyword, "outdoor furniture covers," 

attracted 45,878 impressions that month, which led to 3,823 clicks with a 8.33% click-through rate 

(CTR), among which 251 conversions were realized (6.57% conversion rate). The average cost-

per-click (CPC) for this keyword was $1.69, which was close to the company's willingness to pay 

for each click.  

The marketing department of the company needs to routinely make several key decisions 

when participating in such sponsored search auctions. These range from which keywords to bid 

on, how much to bid, when to activate or pause bidding on the keyword, etc. (Amaldoss et al. 

2016; Du et al. 2017; Lu and Yang 2017; Simonov et al. 2018; Yuan et al. 2017). These decisions 

hinge on several factors – who are the firm’s competitors (in an auction of a keyword), what are 

these competitors’ bidding strategies, and equally importantly, how do consumers perceive the 

offerings of the firm vis-à-vis competing advertisers? Such decisions are faced by every firm that 
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participates in sponsored search auctions, and the paid search market has emerged as prominent 

business segments with a total value of over $35 billion in 2016.19  

Since the emergence of this advertising medium, there has been a considerable amount of 

research devoted to this phenomenon. Early research, mostly analytical in nature, focused on 

designing and ranking auction mechanisms (Amaldoss et al. 2016; Du et al. 2017; Lu and Yang 

2017; Simonov et al. 2018; Yuan et al. 2017) and examining advertisers’ bidding strategies 

(Edelman and Ostrovsky 2007; Varian 2007). These studies modeled the net click-through rate of 

an advertisement as a function of its position and quality, implicitly assuming that, while the click-

through rate of an advertisement depends on its quality and its position, it does not depend on the 

competing advertisements appearing in the same search results.  

Researchers have subsequently examined the effect of competition along several 

dimensions empirically. A common theme across several of these works is to study the click-

through rate for an advertisement in a given position, based on advertisements that are shown either 

above or below it (e.g., Animesh et al. 2011; Jerath et al. 2011; Jeziorski and Segal 2015; Lu and 

Yang 2017). Agarwal et al. (2015) examine how competition coming from organic search results 

affects the click-through rates of advertisers who appear in sponsored search results. Simonov et 

al. (2018) examine the effects of competitors and focal firms bidding on trademarked keywords 

(i.e., where the keyword is the focal firm’s brand).  

An interesting phenomenon in sponsored search auctions is that for many keywords there 

are a large number of advertisers bidding for advertising slots. Further, the competing advertisers 

                                                 

19 https://searchengineland.com/iab-sem-48-percent-total-digital-spend-2016-273953 (accessed March 17, 2018)  



 

63 

are heterogeneous in multiple ways, in part due to the “broad match” tools offered by search 

engines (Amaldoss et al. 2016). Some advertisers (bidding for the same keyword) may be large 

retail chains, and some may be much smaller retailers; some may be manufacturers as opposed to 

retailers. For example, advertisers for the keyword “outdoor furniture covers” include big retailers 

such as JCPenney, Target, Lowes, and HomeDepot, as well as, specialized furniture cover makers 

such as Empirepatiocovers, Outdoorpatioplus, and Patiofurnitureusa. Additionally, as there is 

virtually no entry barrier to prevent any advertiser from bidding on a keyword, the ending result 

of an auction can appear perplexing, with heterogeneous advertisers appearing at different ranks. 

In order to develop their advertising strategies, firms need to understand how consumers navigate 

through advertisements of such diverse firms when using search engines, e.g., the competitive 

strategy that applies to one type of a rival may not be equally relevant to another. This competitor 

heterogeneity motivates us to examine how consumers react to the complex competitive 

environment in sponsored search.  

Studying the competitive structure in sponsored search is of considerable significance. 

Reaching an unprecedented spending of $72 Billion in US in 2016, digital advertising has grown 

faster than any other form of advertising.20 Sponsored search takes a lion’s share of 48 percent in 

this market, and it has become one of the main venues for firms to compete for consumers. The 

intensity of competition in sponsored search advertising is substantial and firms are willing to pay 

dearly for such advertising slots due to their ability to target consumers who are actively seeking 

specific products or service. However, despite its importance in today’s business, the sponsored 

                                                 

20 Ibid. 
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search literature has yet to provide a systematic approach to describe the structure of the 

competitive environment, and thereby to understand how consumers perceive and react to such 

competitions (Jeziorski and Segal 2015). 

Toward this end, we draw on the theory of strategic groups, first proposed in the 

management literature (e.g., Caves and Porter 1977; Fiegenbaum and Thomas 1995). Caves and 

Porter (1977) define a strategic group as a set of firms that closely compete against each other 

within an industry, where firms that fall into the same group are similar to one another along certain 

structural dimensions, e.g., degree of vertical integration and revenue. They suggest that firms 

within a strategic group recognize their mutual dependence more sensitively than dependence on 

firms outside the group. Fiegenbaum and Thomas (1995) note that a strategic group establishes a 

reference point for group members in the process of making strategic decisions. The notion of 

strategic group is considered as one of the central constructs in the management literature to 

diagnose the competitive structure in a market (Cool and Schendel 1987; Fiegenbaum and Thomas 

1995; Short et al. 2007), and provides a new lens to delineate the structure of otherwise seemingly 

unstructured markets such as the one in sponsored search. 

Building on the strategic group theory, we want to answer the question of how an 

advertiser’s membership in strategic groups impacts consumers’ navigation (clickstream) 

behaviors after viewing the search results. To examine this question empirically, we obtain several 

unique datasets. First, we collect search results data for the market “digital camera” from Google 

during a 5-month span from May 2009 to October 2009. Firms that participate in these sponsored 

search auctions are clustered into strategic groups based on information obtained from the 

Hoover’s and the LexisNexis databases. We further acquire clickstream data from a third-party 
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data vendor for the same time period, which include consumers’ entire clickstream history after 

they had searched for the keyword “digital camera” in Google. This enables us to examine not 

only which websites a user visited after being exposed to different search results, but also which 

pairs of sites were more likely to be co-visited within a given session.  

Consumers visit sites of those advertisers they deem relevant (Athey and Ellison 2011). By 

tracking which firms’ sites consumers choose to visit among competing firms during a session, we 

infer if their mental models reflect the strategic groups in the market. We find strong evidence of 

the influence of strategic groups on consumer behavior. Further, the group membership appears to 

be imprinted in users’ minds: even when only some members of a strategic group show up in the 

search result, the user is still more likely to visit another member from the same group than a 

member from other groups.  

To our knowledge, this research represents the first attempt to theorize the individual 

consumer’s perception of the complex competitive structure of multiple heterogeneous advertisers 

in a search market. It provides strong evidence of the existence of strategic groups in sponsored 

search environments by providing empirical evidence from the demand (i.e., consumers) side of 

the market. These findings have important implications for advertisers and for search engine 

platforms. For advertisers, understanding how targeted consumers make choice decisions is crucial 

in formulating their advertising strategies. For search engine platforms, the cost per click business 

model in sponsored search requires better understanding of how consumers click in the sponsored 

search section.  

The rest of the paper is organized as follows. In Section 4.2, we provide an overview of 

related work. Section 4.3 details the theory development and research hypotheses. In Section 4.4, 
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we discuss our data and describe our methodology for identifying strategic groups. The empirical 

analyses and results are discussed in Section 4.5. We discuss in Section 4.6 an additional 

experiment to rule out a plausible alternative explanation for our findings. Section 4.7 discusses 

implications of our findings.  

4.2 Related Work 

Given the rapid growth of this industry, sponsored search has attracted substantial interest in the 

economics, marketing, and information systems literatures. Competition plays an important role 

in this research. Auction mechanisms (Edelman et al. 2007; Lahaie 2006) and ranking mechanisms 

(Feng et al. 2007; Lahaie and Pennock 2007; Liu et al. 2010; Weber and Zheng 2007) have been 

studied in considerable detail, examining payoffs to the various parties involved (e.g., advertisers 

and search engine platforms). Several researchers have examined advertisers’ optimal bidding 

strategies in an attempt to characterize their equilibrium behaviors (Edelman and Ostrovsky 2007; 

Varian 2007; Xu et al. 2011). Based on the observation that advertisers typically received higher 

click-through rates when they appeared higher in the search listings, these studies have modeled 

the net click-through rate of an advertisement as a function of its position and quality (e.g., the 

quality of its advertisement or, alternatively, the quality of its products and services). These models 

implicitly rely on an assumption that, while the click-through rate of an advertisement depends on 

its quality and its position, it does not depend on the competing advertisements appearing in other 

positions of the same sponsored search results.  

A few researchers have considered more nuanced notions of competition, recognizing the 

externality effect imposed by other firms on the click-through rate of a focal firm’s advertisement. 

For example, Simonov et al. (2018) examine the effects of competitors and focal firms bidding on 
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trademarked keywords, and show that the click-through rate for the focal brand varies 

considerably, depending on whether or not competitors are present in the search auction. When 

the focal brand chooses not to advertise, in some extreme cases competitors who advertise could 

steal 18%–42% of clicks away; to counter this, their finding suggests that the focal firm should bid 

on its own brand to limit the extent of competitors stealing clicks. Lu and Yang (2017) investigate 

the spillover effect of advertisers’ market entry decisions (with regard to whether or not to 

participate in a sponsored search auction) where the likelihood of an advertiser choosing a keyword 

to advertise is affected by competitors’ keyword entry decisions. They find that the spillover is 

positive if the new entrant appears below a focal firm’s advertisement, while the spillover could 

be either negative or positive if the new entrant appears above the focal firm’s advertisement. They 

also find the effect from firms offering products homogeneous to the offerings of the focal firm 

leads to a negative spillover, whereas the spillover is positive if the entrant’s products are more 

differentiated. Furthermore, they find that when intermediaries provide advertisers information on 

who else is competing in a sponsored search auction, it can increase a search engine’s revenue by 

up to 5.7%. In a related vein, Jeziorski and Segal (2015) observe that the click-through rate on a 

given advertisement in a given position depends on which advertisements are shown above or 

below it, suggesting that the focal advertiser needs to know which advertisers it is competing with. 

Agarwal et al. (2015) find organic search results negatively affect the click-through rates of 

competing advertisers who appear in sponsored search results. Animesh et al. (2011) investigate 

differentiation strategies adopted by sellers in sponsored search auctions, focusing on two 

attributes for differentiation: price and quality. They find that the effect of a firm’s strategy (price- 

versus quality-differentiation) and the obtained rank (position) on its advertisement’s click-
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through rate is moderated by the firm’s ability to differentiate itself from its adjacent rivals in the 

ranked listing.  

While these works have provided additional insights regarding the externality effects of 

competitors on a firm’s advertising strategy, barring Lu and Yang (2017), none of the others have 

attempted to characterize the competitive environment in a meaningful manner considering the 

heterogeneity of sponsored search listings. Lu and Yang characterize competing advertisers along 

two dimensions, one as firms offering homogeneous products versus firms offering differentiated 

products, and another by firms’ positions (upstream or downstream) in a distribution channel. As 

discussed earlier, our characterization of competition is different, grounded in the theory of 

strategic groups. Simonov et al. (2018) restrict their attention to competition as it applies to 

trademarked keywords only. Agarwal et al. (2015) consider firms that are selling a product similar 

to the focal firm, and whose organic listings appear at the same level, or above and to the right (in 

the setting of past Google sponsored search displays), of the sponsored listing of the focal firm, as 

competitors. Some other works consider a small set of competitors, focusing only on the quality 

and price dimensions in a generic manner. For instance, Jerath et al. (2011) model two advertisers 

in their analysis, while Animesh et al. (2011) base much of their findings on a “window-of-three” 

approach where only the two advertisers that appear immediately above and below a focal 

advertisement are considered to be competitors.  

In summary, our characterization of competing advertisers, based on the notion of strategic 

groups, provides a novel theoretical basis to examine competition. Furthermore, the research 

questions we address are different from prior work. First, we examine users’ propensity to visit 

the web sites of pairs of firms belonging to a strategic group during a search session, rather than 



 

69 

the clicks on a specific (focal or competing) advertiser’s links in sponsored search listings. In 

addition, we also examine sites visited by users when the focal firm has not even appeared in the 

search result, and find interesting manifestations of users’ perceptions of strategic groups. These 

user-behavior aspects have not been addressed in prior research. 

4.3 Hypotheses Development 

We theorize in this section how firms’ strategic group membership affects consumer behavior. 

Without loss of generality, suppose two firms are competing in sponsored search advertising. 

These two firms can come from the same strategic group or from different groups. For the sake of 

this discussion, we assume that strategic groups have been established and identified among firms 

(we elaborate on the operationalization of strategic group identification in Section 4).  

Conventionally, members in a strategic group are perceived to be firms from the same 

industry. For example, the original definition of strategic group in Porter (1979, p. 215) defines it 

to be a set of firms, within an industry, following similar strategies in terms of key decision 

variables. However, in today’s digital world, the boundaries between industries have blurred and 

entry barriers have eroded (Farjoun 1994). The phenomenon dubbed as “digital convergence” 

(Nicholls-Nixon and Jasinski 1995; Yoffie 1996) foresaw the ongoing convergence of different 

industries due to digitization. For example, digitization of contents such as videos, audios, and 

texts has led firms in traditionally separate industries to evolve into providing similar services. 

Different industries are entering more and more overlapping markets as well (Benner and Tripsas 

2012; Helfat and Lieberman 2002; Klepper and Simons 2000; Silverman 1999). Take Apple’s 

iTunes as an example. Apple once was mainly a computer manufacturer. But through iTunes, it 

expanded its business to multiple industries including music and advertisement, among others. 



 

70 

According to the Technology Vision 2015 report by Accenture,21 industry boundaries have blurred 

dramatically as industries are being reshaped into interconnected ecosystems. As a result, firms 

from various industries may engage in direct competition in the same market. In the ecosystem of 

sponsored search advertising, heterogeneous advertisers from traditionally different industries 

compete with each other head-to-head for consumers’ attention for a certain search keyword. 

Therefore, we revise and expand upon the connotation of strategic groups to allow for cross-

industry competitors in a market.  

4.3.1 The Co-location Effect 

The defining feature of a strategic group is that firms within the same strategic group are more 

similar to each other while those across strategic groups are less similar. The strategic group theory 

further asserts that firms within the same strategic group follow similar strategies and behave 

similarly in response to market opportunities or threats (Porter 1979; Thomas and Venkatraman 

1988). Within the sponsored search context, it means that advertisers within the same strategic 

group tend to adopt more similar strategies (e.g. whether or not to participate in a search auction 

or how to value a user click) than those advertisers from different strategic groups. This similar 

behavior of firms within a strategic group is also explained by the literature on institutional theory 

and the herding behavior of firms. According to institutional theory, firms deviating from the 

group norm suffer from lower performance (Chen and Hambrick 1995). This prompts firms within 

a strategic group to follow the behavior of the pack, leading to herding (Bikhchandani et al. 1992); 

consequently the behavior of the whole strategic group tends to converge. Thus from the 

                                                 

21 https://www.accenture.com/us-en/it-technology-trends-2015.aspx (accessed March 30, 2018) 
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advertiser's perspective, we anticipate similar auction behavior for those advertisers in the same 

strategic group and this should be reflected in the search results displayed to consumers. 

What consumers see in the search results would directly impact consumers' choice sets—

often refered to as the consideration set in marketing. A consideration set is defined as the set of 

brands brought to mind on a particular choice occasion (Nedungadi 1990). The contents and 

composition of a consumer’s consideration set depend on her motives (Chakravarti and 

Janiszewski 2003). Consumers often prefer to simplify their choice process by retaining 

consideration sets of easy-to-compare alternatives. Indeed, by retaining comparable items in the 

consideration set, consumers can ease their information-processing effort during the choice stage 

since it involves comparing information that is commensurable (Chakravarti and Janiszewski 

2003; Gentner and Markman 1994; Medin et al. 1995). The need to retain easy-to-compare 

alternatives may stem from consumers’ need to minimize effort when making choices (Huber and 

Klein 1991). This suggests that if two advertisers from the same strategic group show up in a 

search result, a consumer would be more likely to visit them both, as opposed to the case when the 

two advertisers are from different groups. 

On the other hand, some variety-seeking customers may intentionally prefer to include in 

their consideration set firms from different strategic groups owing to their desire for variety. By 

retaining maximally dissimilar items in their consideration set, consumers increase the likelihood 

of obtaining optimal alternatives (Chakravarti and Janiszewski 2003; Kahn 1995; McAlister and 

Pessemier 1982). Variety seeking can be driven by inherent satisfaction resulting from “novelty,” 

“unexpectedness,” “change,” and “complexity” in choice variations. These types of impetuses 
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would prompt consumers to consider firms from different strategic groups due to “novel” and 

“unexpected” offerings coming from firms across strategic groups. 

Therefore, when two firms from the same strategic group appear together (co-locate) in a 

search result, this could lead to different outcomes about whether a consumer would visit both 

firms or not. On one hand, consumers’ innate desire to minimize effort would drive consumers to 

visit both firms due to ease-of-comparison. On the other hand, consumers’ variety-seeking motive 

would lead consumers to not visit both firms from the same strategic group. Due to these opposing 

forces, which one dominates becomes an empirical question. Cachon et al. (2008) suggest that 

locating more closely to competitors may be preferable, as this can potentially attract more 

customers to all the competing firms, what is referred to as the market-expansion effect in their 

study. Similarly, within our context, we expect that the ease-of-comparison argument, coupled 

with the market expansion effect, would lead consumers to visit firms from the same strategic 

group. Thus we postulate: 

Hypothesis 1 (H1): (Co-location effect of within-group firms) When a pair of firms is 

displayed in the search result, the probability that a consumer visits both firms is higher if these 

two firms are from the same strategic group as opposed to the case when these two firms are from 

different strategic groups, ceteris paribus. 

If H1 holds, it provides direct evidence that the strategic group membership does affect 

consumer behavior.  

4.3.2  The Priming Effect 

We next investigate how customers would behave even when a firm of interest (i.e., the focal firm) 

is not shown in the search result. We theorize from the perspective of priming developed in the 
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psychology and marketing literature. Priming is the activation of internal mental representations 

in an attempt to influence subsequent behavior (Bargh and Chartrand 2000). Two types of priming 

effects can affect consumer choice behavior: perceptual priming and conceptual priming (Tulving 

and Schacter 1990). Perceptual priming refers to the ease with which consumers recognize the 

target brand in subsequent encounters and this involves processing physical features of the 

considered brands; conceptual priming reflects the ease with which the target brand comes to 

consumers’ mind and pertains to processing of meaning or perception (Lee and Labroo 2004).  

Priming has been found to affect consumers’ brand choice. Lee (2002) shows that some 

consumer brand choice decisions are based on information available in the physical environment 

(e.g., brand features), while some decisions are memory-based in that they are based on 

information retrieved from memory (e.g., perceptions of a brand). These studies show that the 

stimuli of ads shown together would enhance the conceptual fluency of consumers, rendering the 

stimulus more accessible in a consumer’s memory. This conceptual fluency underpins the priming 

effect where consumers are pre-disposed to the concepts with which they are primed (more 

familiar).  

In advertising, Nedungadi (1990) shows that memory factors aid retrieval of the brand 

because advertising cues that help the consumer retrieve and consider a target brand could 

simultaneously increase the likelihood of considering other similar competing brands. Since 

strategic groups consist of closely competing firms, these findings suggest that the appearance of 

a firm in the search result will likely trigger the memory of closely competing firms within the 

relevant group; it may prompt consumers to consider other firms from the same strategic group 

even when those firms are not present in the search result.  
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The literature on strategic groups has offered some evidence that consumers recognize 

strategic groups in their mental model of the competitive structure in an industry. Hodgkinson et 

al. (1996) surveyed consumers in the United Kingdom grocery retail industry to identify 

consumers’ perceptions of competitive structure. They found that shoppers visit stores positioned 

in the same group of competitors as their primary store significantly more frequently than they 

visit stores positioned in another group of competitors. This occurs because consumers may have 

learned over the years that those within-group firms, which are closely competing with each other, 

have similar offerings. Chernatony (1989) shows that consumers can identify which brands are 

closely competing with which other brands. For example, consumers can easily recall the brands 

from high-quality strategic groups. These survey-based studies suggest that consumers might still 

want to consider the firm being primed (i.e., the primee) due to the stimulus from other within-

group firms (i.e., the primer) in the search result. With clickstream data of individual consumers, 

we are able to objectively investigate if such consumers’ mental model exists by analyzing what 

would happen even if the firm of interest is not displayed in the search result while some other 

members from the same group are. This is very hard, if not impossible, to establish otherwise (e.g., 

by using conventional survey-based instruments to solicit consumer perceptions). 

On the other hand, consumers’ variety seeking tendency could drive consumers to examine 

firms from other groups (Lee 2002; Lee and Labroo 2004). If variety seeking dominates priming, 

consumers might be more likely to visit across-group firms after viewing the firms from one 

strategic group in the search result. 

Therefore, when a firm (or a set of firms within a group) appears in the search result, the 

priming effect would drive consumers to visit other within-group firms not shown; while the 



 

75 

variety-seeking impetus would imply that consumers may visit across-group firms. Due to these 

opposing forces, whether a consumer tends to visit within-group or across-group firms after 

viewing the search result needs to be empirically determined. Our next hypothesis is framed from 

the priming perspective as: 

Hypothesis 2 (H2): (The priming effect for a focal firm) The appearance of one firm 

(primer) in a search result would prime a consumer to visit another firm (primee) from the same 

strategic group more likely than to visit a firm from a different group, ceteris paribus. 

H1 and H2 taken together, by considering both the presence of a focal firm in search results 

as well as its absence, provide a quasi-experimental analysis to investigate consumers’ perceptions 

of strategic groups in sponsored search advertising. 

4.4 Data 

We collected data from multiple sources: search results from Google, firm competitor data from 

Hoover’s and Lexis-Nexis, and consumers’ clickstream data from a third-party data provider.  

4.4.1 Strategic Group Identification 

We ran Perl scripts to extract the search results on Google.com for the search term “digital 

camera”. The “digital camera” keyword has been examined earlier in the sponsored search 

literature (Animesh et al. 2011; Jerath et al. 2014), and the competitive structure of the digital 

camera market has also attracted interest in the management literature (Benner and Tripsas 2012). 

Further, the digital camera market is competitive with diverse entrants (Tripsas and Gavetti 2000). 

All these make it challenging and appealing to understand its competitive market structure, 

rendering the “digital camera” market a good candidate for strategic group identification. We 
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collect the search data from Google approximately once an hour every day during a five-month 

time window. In total, the “digital camera” market attracted 211 distinct advertisers being 

displayed across the 2,522 sponsored search data we extracted. The data exhibit a long tail: only 

24 percent of the advertisers (corresponding to 51 firms) appeared more than 20 times (i.e., 

approximately 0.8% of all the sponsored search results we collect). To ensure meaningful analysis, 

we include for consideration only those advertisers who appear in at least 20 sponsored search 

results. Thus we are left with 51 advertisers from our sample.  

We then use a two-step process to identify the strategic groups among these 51 advertisers. 

In the first step, we obtain a set of main competitors for each advertiser from the Hoover’s 

database, an authoritative source for determining competitors of a firm (Pant and Sheng 2015).22 

Hoover’s uses industry experts to identify relevant competitors of a firm based on a number of key 

attributes that include a company’s main business lines, its geographic rivalries, and the specific 

market segments it belongs to. It is recognized as a reliable source for competitor identification 

(Ghani et al. 2000; Ma et al. 2011). We resort to other databases (e.g., the Global Markets Direct 

database) in the LexisNexis repository as a secondary source to identify additional competitors 

that are not captured by the Hoover’s database. For each firm, we identify the top competing firms 

as indicated by these databases. For example, Amazon, eBay, Best Buy, and Target are frequent 

advertisers in the “digital camera” market. The Hoover’s database lists eBay, Best Buy, and Target 

among the main competitors for Amazon. For some advertisers, neither Hoover’s nor LexisNexis 

                                                 

22 Using an exogenous data source such as the Hoover’s database to identify strategic groups is necessary. Our goal is 

to understand how the strategic group membership influence consumers’ visiting behavior. We would end up with an 

endogenous group membership variable that would lead us to erroneous conclusions if we were to infer the strategic 

group membership directly from consumers’ visiting behaviors.  
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listed any competitors, and furthermore, they are not identified as a competitor to other firms in 

the list of advertisers. For example, for the keyword “digital camera,” 25 of these 51 advertisers 

(that appeared more than 20 times) yielded no competitors. These are mostly small businesses. 

Because of their relatively low visibility, these 25 firms are considered to be of little strategic 

significance to the other firms and thus are dropped from further analyses. We end up with a list 

of 26 unique firms such that each of them has at least one competitor from the remaining firms 

(see Table 4.1).  

Table 4.1: Firms and Their Competitors for the "Digital Camera" Market 

 Focal Firm Main Competitors Identified by Hoover’s/LexisNexis 

1 Adobe Bing   

2 Amazon eBay Best Buy Target 

3 Best Buy Amazon Sony  Target 

4 Bing Google Amazon Sony 

5 Binoculars Amazon eBay  

6 Bonton Target   

7 Buy Amazon Best Buy eBay 

8 Circuit City Best Buy   

9 eBay Amazon Google Yahoo! 

10 Google Bing Yahoo!  

11 Hhgregg Best Buy Amazon Target 

12 Hsn Amazon eBay  

13 Kodak Sony Philips   

14 Leads Adobe Bing  

15 Meijer  Target   

16 Nextag Amazon Buy Google 

17 Officemax Best Buy Tigerdirect  

18 Olympus Kodak Philips  

19 Philips Sony Samsung  

20 Rcwilley Best Buy   

21 Ritzcamera Best Buy Target  

22 Samsung Sony Philips  

23 Sony Philips  Kodak Samsung 

24 Target Best Buy eBay  

25 Tigerdirect Best Buy   

26 Yahoo! Google Bing Amazon 
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The competitor list in Table 4.1 cannot be directly used as strategic groups because the 

competition relationship is not necessarily reciprocal. One firm may be listed as a key competitor 

to many other firms, but these other firms may not be important competitors to this firm. For 

example, Wal-Mart may be an important competitor to a local grocery store, but not the other way 

around. Therefore, in the second step, we use a hierarchical clustering technique to identify 

strategic groups based on the sets of competitors shown in Table 4.1. 

In hierarchical clustering, existing clusters (that may consist of one or more firms) are 

combined to form a single cluster in an iterative manner (Everitt et al. 2001; Harrigan 1985). We 

derive a distance matrix across firms in the competitor list by first assigning a similarity score to 

each pair of firms, and then normalizing this score into a distance measure between 0 and 1 (a 

distance matrix is required by many hierarchical clustering packages). The similarity score for the 

pair (i, j) is defined as the number of times firm i appears in the same competitor set along with 

firm j. For example, Amazon and Best Buy have a similarity score of 4 as they appear together in 

four competitor sets (the sets for Amazon, Best Buy, and two other firms, Buy and Hhgregg). 

Intuitively, if firms i and j co-occur more often in the same competitor sets, the similarity score for 

the pair (i, j) should be higher and the two firms are more likely to belong to the same strategic 

group. To convert the similarity matrix into a distance matrix, we use dij = 1 - sij/S to calculate the 

distance between two firms i and j where S is the maximum similarity score plus one. Our approach 

clusters firms in a manner such that each firm in a cluster can be viewed as a key competitor to 

every other firm in that cluster. 

Following Nath and Gruca (1997), we use Ward’s clustering method to identify the 

strategic groups; further, this method has been found to often outperform other hierarchical 
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clustering methods (Jain and Dubes 1988). To determine the number of clusters (i.e., the number 

of strategic groups), we use the pseudo F statistic which measures the level of separation among 

all the clusters at the current level in the hierarchy, and the pseudo t2 statistic which measures the 

separation level between the two clusters most recently joined. Both criteria have been tested and 

shown to perform well in identifying clusters (Milligan and Cooper 1985). The guideline for the 

number of clusters is to look for consensus between these two statistics – local peaks for pseudo F 

statistic, combined with a small value of the pseudo t2 statistic for the most recently formed cluster 

and a larger pseudo t2 for the next cluster fusion. We follow this guideline to determine the number 

of clusters and identify the clusters accordingly. Table 4.2 displays the final clustering result for 

the 26 competing firms. Based on the nature of firms included in each cluster, we provide 

descriptive labels to the clusters.  

Table 4.2: Clustering Results 

Cluster Firms  Suggested Group Label 

1 Kodak, Philips, Samsung, Sony Manufacturers 

2 Bing, Google, Yahoo! Information Portals 

3 Amazon, Best Buy, eBay, Target Major Retailers 

4 

Adobe, Binoculars, Bonton, Buy, Circuit City, Hhgregg, Hsn, 

Leads, Meijer, Nextag, Officemax, Olympus, Rcwilley, 

Ritzcamera, Tiger Direct 

Others 

4.4.2 Clickstream Data and Browsing Behavior  

For the same time period we collect our sponsored search data, we also obtain clickstream data 

from a third-party data vendor. The data include consumers’ complete clickstream history at the 

URL level after they search the keyword “digital camera” in Google. Similar to the methods 

applied in Zheng et al. (2003), we group contiguous visits of webpages into sessions, using an 

inactivity threshold of 30 minutes to denote the beginning of a new session. We identify 8,181 
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sessions. Since we want to know how the search results affect consumers’ browsing behavior, we 

match the visit sessions with the search results we collect in terms of recency: the search result 

that appears most immediately before the beginning of a clickstream session is matched. In so 

doing, we mimic the search results that the consumer would most likely have seen. If the closest 

preceding search result is more than 2 hours before the beginning of a session, we drop such 

sessions since these results may not closely emulate the search results for that particular 

clickstream session. As a result, we are left with 6,864 out of the total 8,181 sessions with matched 

search results. After carefully examining the clickstream data, we observe that some sessions do 

not appear to include any visits to digital camera websites after an initial Google search. To be 

more conservative in our analyses, we limit our attention to the sessions that have at least one 

digital camera related keyword in any one of the URLs. In the end, we are left with 1,275 sessions 

for our analyses.  

4.5 Models and Analyses 

Our analyses center on Group 1 (Manufacturers) and Group 3 (Major Retailers). We do not 

explore Group 2 (Information Portals) and Group 4 (Others) for further consideration for the 

following reasons. Information portals are websites that consumers may have visited with or 

without the need to search for “digital camera”; for example, consumers might set one of them as 

the homepage or the default search tool. Group 4 (the “Others” group) is a large group with many 

small firms. (Barney and Hoskisson 1990) argue that as group size increases, it becomes 

progressively more difficult for firms to develop tacit collusion that allows firms to follow the 

same strategy to avoid costly competition. In other words, it is unlikely that a relationship between 

strategic group membership and firm performance in such a big group would be observed. 
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Furthermore, Group 4 mainly consists of relatively smaller players in the digital camera market. 

As we are interested in the consumers’ perspective, it is unlikely that a regular consumer is able to 

recognize all these small players and perceive all these firms to be in a group in a systematic way. 

Therefore, we drop this group to ensure that the data capture the essence of strategic group-related 

behavior; we focus our analyses on the strategic groups Manufacturers and Major Retailers. 

In order to test the two hypotheses, we need to compare groups of firms that are within a 

strategic group versus those that are not. A challenge arises as there are many possible 

combinations that we need to consider if we have to exhaustively compare all the different groups. 

For example, if the Manufacturers group is the focal group, then there are six possible within-

group pairs of firms. Moreover, the appearance frequency of different firms in search results may 

vary significantly, which may bias the propensity to visit a firm.  

In our empirical analyses, we propose an alternative identification strategy to ensure fair 

comparison and control potential selection bias: for each firm, we identify a matching firm that is 

not in the same strategic group. For each of these eight firms in these two groups Manufacturers 

and Major Retailers, we identify an across-group comparable firm by examining how close these 

two firms are in terms of appearance frequency in the search results. This ensures that a priori, 

these two firms are presented to consumers roughly about the same number of times. Note that in 

principle this is analogous to the popular Propensity Score Matching method and the placebo test 

(Rosenbaum and Rubin 1983). Take the firm Best Buy as an example. It appeared in 1,099 

sponsored search results out of the 1,275 sessions and the closest across-group firm in terms of 

frequency is Nextag that appeared in 926 sessions; thus Nextag is chosen as the comparable firm 

for the purpose of matching. The list of comparable firms is presented in Table 4.3. 
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Table 4.3: Comparable firms for Manufacturers and Major Retailers 

Group 1: Manufacturers Group 3: Major Retailers 

Focal Firm Comparable Firm Focal Firm Comparable Firm 

Kodak Advertising Amazon Decdna 

Philips Smarter Best Buy Nextag 

Samsung Officemax eBay Compare247 

Sony EcameraFilms Target Become 

4.5.1 The Co-location Effect (H1) 

The advertisers a customer visits from Google’s search results could be from the same strategic 

group or from different groups. We hypothesize in H1 that consumers are more likely to visit both 

websites when a pair of firms come from the same strategic group, compared to the case when the 

two firms are from different groups.  

We use the Major Retailers group to illustrate how we conduct the analyses. This group 

has four firms, resulting in six within-group pairs. Amazon and Best Buy is one such example of 

a pair. For each of these six within-group pairs, we identify two comparable matching (across-

group) pairs by replacing either firm of the within-group pair using the comparable firm listed in 

Table 4.3. For example, replacing Amazon with its comparable firm Decdna yields one across-

group firm pair Decdna and Best Buy; while replacing Best Buy with its comparable firm Nextag 

generates another across-group firm pair Amazon and Nextag. This results in six within-group 

pairs and twelve across-group pairs for the group Major Retailers. Since the group Manufacturers 

also contains four firms, we have another six within-group firm pairs and twelve across-group firm 

pairs for the Manufacturers group. In total, we arrive at 36 firm pairs comprised of 12 within-group 

firm pairs and 24 across-group firm pairs.  

Recall that there are 1,275 clickstream sessions matched with their respective search results 

(these results were displayed immediately before the beginning of a specific clickstream session). 
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For each session, we investigate if any of the 36 firm pairs co-appeared in the search result. If so, 

we further investigate whether they are co-visited. For example, Amazon, Best Buy, and Decdna 

(Amazon’s comparable firm) could appear in the search result in one session. This session will 

contribute two records to the final observations: one for the within-group pair Amazon and Best 

Buy; the other for the across-group pair Decdna and Best Buy. Therefore, we might have multiple 

observations pertaining to one particular session. In the end, we identify 8,294 observations for 

our analyses. 

Let the variable 𝐶𝑂𝑉𝐼𝑆𝐼𝑇𝑖𝑗𝑠 denote if the pair of firms i and j gets co-visited in session s 

and the variable 𝑊𝐼𝑇𝐻𝐼𝑁𝑖𝑗 denote if the pair of firms are from the same strategic group (within-

group firms). We use the Logit model shown in Equation 1 (we refer to this model as Model 1) 

to capture the influence of within-group co-appearance on consumers’ co-visiting pattern:  

 Logit(COVISITijs) = β0 + β1WITHINij  + ϵijs. (1) 

Table 4.4 presents the estimated parameters and the corresponding standard errors (in 

parentheses). It shows that the coefficient for the variable 𝑊𝐼𝑇𝐻𝐼𝑁 is positive and significant. 

This indicates that when a pair of firms comes from the same strategic group, the chance of a 

customer visiting both firms is significantly higher than the case when a pair of firms comes 

from different strategic groups. 

Table 4.4: The COVISIT results for Model 1 and 2 

Variable Model 1 Model 2 
 Est. (Std err) Odds Ratio Est. (Std err) Odds Ratio 

𝑊𝐼𝑇𝐻𝐼𝑁𝑖𝑗 1.522∗∗∗(0.142) 4.580∗∗∗ 5.814∗∗∗(0.251) 335.079∗∗∗ 
𝐹𝑜𝑐𝑎𝑙 𝐹𝑖𝑟𝑚 
 𝐹𝑖𝑥𝑒𝑑 𝐸𝑓𝑓𝑒𝑐𝑡 

NO YES 

𝑁 8,294 8,294 
∗∗∗𝑝 < 0.01,    ∗∗𝑝 < 0. 05,   ∗𝑝 < 0.10. 
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Note that Model 1 does not control for the potential unobserved heterogeneity among 

different firms that appear in the search result. It might be possible that despite the multiple sets 

of pairs considered, the innate differences among the firms might be driving the results in Model 

1. To rule out such alternative explanations, we control for such unobserved heterogeneity 

among firms by incorporating firm-level fixed effects. The revised model is shown in Model 2 

with 𝛼𝑖 as the vector of dummy variables for the focal firms.  

 𝐿𝑜𝑔𝑖𝑡(𝐶𝑂𝑉𝐼𝑆𝐼𝑇𝑖𝑗𝑠) = 𝛽0 + 𝛽1𝑊𝐼𝑇𝐻𝐼𝑁𝑖𝑗 + 𝛼𝑖 + 휀𝑖𝑗𝑠 (2) 

The result of Model 2 is also presented in Table 4.4. It lends further support to H1 because 

the estimate for the variable 𝑊𝐼𝑇𝐻𝐼𝑁 remains positive and significant with even stronger 

magnitude. According to the odds ratios in Table 4.4 for Models 1 and 2, the probability of 

consumers’ visiting both firms will increase significantly when both firms are from the same 

strategic group, relative to not visiting both. Therefore, we conclude that H1 is supported.  

4.5.2 The Priming Effect (H2) 

We conjecture in H2 that consumers’ browsing behaviors reflect their corresponding mental 

models of strategic groups. For example, the appearance of Amazon in the search result could 

remind the consumer of Best Buy, as both advertisers belong to the same strategic group. If this 

holds, Best Buy will reap a spillover effect even if only Amazon is advertising. Therefore, we 

expect the appearance of one member (firm) of a strategic group to prime consumers to visit the 

websites of the other members from the same group.  

Each observation is comprised of the following variables: variable 𝑉𝐼𝑆𝐼𝑇𝐹𝑂𝐶𝐴𝐿𝑖𝑠 

indicates if the focal firm i is visited in session s; the variable 𝑃𝑅𝐼𝑀𝐼𝑁𝐺𝑖𝑠 denotes if any other 
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within-group member(s) appeared in the search result when the focal firm did not appear in the 

result. For each of the 1,275 matched sessions, and for the 8 focal firms, we record the observations 

only if the focal firm is not shown in the search result. The rationale is that priming, for a focal 

firm, could occur only when the focal firm does not appear in the search result whereas other 

within-group members appear in sponsored search results. Therefore, we have at most 8 records 

for each session. In the end, we have 4,763 observations for the analyses.  

To investigate the influence of priming on the visit to the focal firm, we first use the 

Logit model in Equation 3: 

 𝐿𝑜𝑔𝑖𝑡(𝑉𝐼𝑆𝐼𝑇𝐹𝑂𝐶𝐴𝐿𝑖𝑠) = 𝛽0 + 𝛽1𝑃𝑅𝐼𝑀𝐼𝑁𝐺𝑖𝑠 + 휀𝑖𝑠. (3) 

Because variable 𝑃𝑅𝐼𝑀𝐼𝑁𝐺 is implied by the existence of other within-group members in 

the search result, controlling for firm-specific fixed effects becomes unnecessary.23 Model 3 in 

Table 4.5 shows that the estimate for variable 𝑃𝑅𝐼𝑀𝐼𝑁𝐺 is 0.802 with a standard error of 0.163. 

Therefore, priming could increase the likelihood of consumers’ visits to the focal firms by a factor 

of 2.23 (i.e., e0.802 = 2.23) compared to when priming does not occur. The estimate is significant 

at the one percent confidence level. 

Table 4.5: VISITFOCAL Results for Model 3 and Model 4 

Variable Model 3 Model 4 
 Est. (Std err) Odds Ratio Est. (Std err) Odds Ratio 

𝑃𝑅𝐼𝑀𝐼𝑁𝐺𝑖𝑠 0.802∗∗∗(0.163) 2.230∗∗∗ 0.787∗∗∗(0.202) 2.197∗∗∗ 
𝑁 4,763 3,537 

∗∗∗𝑝 < 0.01,    ∗∗𝑝 < 0. 05,   ∗𝑝 < 0.10. 

                                                 

23 Suppose we have a dummy variable 𝐷_𝐴𝑚𝑎𝑧𝑜𝑛  to indicate if Amazon appears in the search result. When any of 

the other three within-group firms is the focal firm, 𝑃𝑅𝐼𝑀𝐼𝑁𝐺𝑖𝑠 is 1 whenever 𝐷_𝐴𝑚𝑎𝑧𝑜𝑛 is 1. Note that if one uses 

dummy variables to control for the fixed effect of the priming firms (primer), the priming effect would be, by 

construction, washed out by such fixed effects. 
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One might argue that the results in Table 4.5 could be biased due to market shocks that 

may influence consumers. Those market shock variables cannot be explicitly controlled for since 

these variables are unobservable to researchers. To rule out such explanations, we also use an 

alternative approach to test H2. We use the model in Equation 4 to contrast the consumers’ visit 

to focal firms versus their visits to comparable firms. By doing so, any bias caused by variables 

common to both the focal and the comparable firms is implicitly controlled for. 

 𝐿𝑜𝑔𝑖𝑡(𝑉𝐹𝑂𝑖𝑠) = 𝛽0 + 𝛽1𝑃𝑅𝐼𝑀𝐼𝑁𝐺𝑖𝑠 + 휀𝑖𝑠. (4) 

Here 𝑉𝐹𝑂𝑖𝑠 takes the value one when the consumer visits only the focal firm without 

visiting the comparable firm, otherwise it is zero. We use the Logit model to examine if priming 

significantly increases the likelihood of a consumer visiting the focal firm against the comparable 

firm. Note that, by construction, Model 3 requires that the focal firm should not be shown in the 

search results. To construct a fair benchmark, we need to further restrict the instances to be those 

where the comparable firm also does not appear in the search results. Therefore, the set of 

observations used in Model 4 is a subset of the observations for Model 3. We end up with 3,537 

observations for estimating Model 4.  

As shown in Table 4.5, the estimate for the variable 𝑃𝑅𝐼𝑀𝐼𝑁𝐺 in Model 4 when VFO = 1 

is 0.787. The marginal effect of priming means that, when the search result could lead to priming, 

the probability of a consumer visiting the focal firm but not visiting the comparable firm will 

increase by a factor of 2.197 (e0.787 = 2.197). The estimate for the variable 𝑃𝑅𝐼𝑀𝐼𝑁𝐺 is statistically 

significant at the one percent confidence level. Therefore, consumers have a higher likelihood of 

visiting the focal firm when the search result leads to priming. Note that we have taken a relatively 

conservative way of estimating the effect of priming since some firms appearing in the search 
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result might prime consumers to visit the comparable firm. If the priming for the comparable firm 

were controlled for, the magnitude of the estimated priming effect would only get stronger.  

In sum, our analyses from both Model 3 and Model 4 lend support to H2. We have further 

conducted additional analysis to examine whether the organic search results might confound our 

findings – these experiments are presented in the Appendix B. As discussed there, we consider the 

firms that appear in either organic search results or sponsored search results (or both) when 

choosing comparable firms, and also when examining the possibility of priming. We find that our 

results are robust whether or not the organic search results are considered. 

4.6 Search Stages and Strategic Groups 

Our hypotheses implicitly assume that consumers are homogeneous in terms of their search 

behavior. In practice, consumers might arrive at a search engine at different stages of their 

evaluation and purchase process. The marketing literature has characterized the different stages 

that lead to a consumer’s path to purchase as a purchase funnel. A common description of a 

purchase funnel includes the following three stages: awareness, consideration, and purchase (Moe 

2006; Wu and Rangaswamy 2003). Along these lines, a consumer’s search intent can be 

dichotomized as either focused (goal-directed) search versus exploratory search (Janiszewski 

1998; Moe 2003). Through exploratory search, a consumer shrinks the set of potential alternatives 

from the awareness set to the consideration set; through focused search the consideration set 

further shrinks down to the purchase set. Janiszewski (1998) goes on to argue that focused search 

involves the planned acquisition of information using a search routine stored in memory, while 

exploratory search involves either a screening process that identifies candidates for focused search 

or as an information gathering device when focused search routines are inadequate.  
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An identification challenge that may arise is whether the consumers’ clicking behaviors we 

have observed are merely a reflection of the consumer’s search intent (exploratory versus focused) 

rather than being driven by the strategic group characterization of competing advertisers. In order 

to determine whether the observed search behavior is driven by the consumers’ search intent 

(instead of the mental models derived from their recognition of strategic groups), we re-examine 

the priming effect of an advertisement. Specifically, we examine whether the behavior can be 

explained by the search intent, or whether the priming effect is manifest even when we consider 

consumers at the different stages of the purchase funnel.  

To operationalize this, we first differentiate focused from exploratory sessions. The 

clickstream data we have available does not explicitly capture whether a consumer made a 

purchase in a session or not. What we can observe is whether the URLs visited by the consumer 

are under the secure https protocol or not. If a consumer visited a camera-selling domain’s URL 

with the https protocol,24 then we expect the consumer to be further along in the purchase funnel. 

We label such a session as a focused session; otherwise we label it as an exploratory session. This 

classification results in 219 focused sessions out of the total 1,275 sessions. We use the variable 

SESSION_FOCUSED to indicate if a particular session should be viewed as a focused session. We 

further investigate if the priming effect in focused sessions affect consumers’ visits to focal firms 

differently than in exploratory sessions by using an interaction term. We use the Logit model in 

Equation 5 for this analysis:  

                                                 

24 In characterizing focused sessions, we have excluded those https links that are email or financial service related as these sites 

do not convey any information to suggest the sessions correspond to the focused stage of the purchase funnel for a digital camera.  
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 𝑉𝐼𝑆𝐼𝑇𝐹𝑂𝐶𝐴𝐿𝑖𝑠 = 𝛽0 + 𝛽1𝑃𝑅𝐼𝑀𝐼𝑁𝐺𝑖𝑠 + 𝛽2𝑆𝐸𝑆𝑆𝐼𝑂𝑁_𝐹𝑂𝐶𝑈𝑆𝐸𝐷𝑖𝑠
+𝛽3𝑃𝑅𝐼𝑀𝐼𝑁𝐺𝑖𝑠 × 𝑆𝐸𝑆𝑆𝐼𝑂𝑁_𝐹𝑂𝐶𝑈𝑆𝐸𝐷𝑖𝑠 + 휀𝑖𝑠

 
(5) 

The coefficient 2 corresponding to SESSION_FOCUSED captures the difference in the 

likelihoods for a consumer to visit a focal firm in a focused session versus in an exploratory 

session. The coefficient 3 for the interaction term PRIMING × SESSION_FOCUSED captures the 

additional marginal effect that priming might have for focused sessions. More precisely, the 

marginal effect of PRIMING is 1 in exploratory sessions and (1 + 3) in focused sessions. If the 

estimates for 1 and (1 + 3) are positive and significant, then it would provide evidence that the 

visit to focal firm reflects not just the search intent, but also the priming effect from strategic 

groups.  

Table 4.6: VISITFOCAL Results for Model 5 

Variable Model 5 
 Est. (Std err) Odds Ratio 

𝑃𝑅𝐼𝑀𝐼𝑁𝐺𝑖𝑠 0. 456∗∗(0.181) 1.578∗∗∗ 
𝑆𝐸𝑆𝑆𝐼𝑂𝑁_𝐹𝑂𝐶𝑈𝑆𝐸𝐷𝑖𝑠  0.167    (0.400) 1.182      
𝑃𝑅𝐼𝑀𝐼𝑁𝐺𝑖𝑠 × 𝑆𝐸𝑆𝑆𝐼𝑂𝑁_𝐹𝑂𝐶𝑈𝑆𝐸𝐷𝑖𝑠  0. 828∗∗(0.417) 2.288∗∗ 
𝑁 5,453 

∗∗∗𝑝 < 0.01,    ∗∗𝑝 < 0. 05,   ∗𝑝 < 0.10. 

The results are presented in Table 4.6. We find from this table that the coefficient for 

SESSION_FOCUSED is not significant. On the other hand, the coefficient for PRIMING remains 

positive and significant, reinforcing our findings in H2. Moreover, the interaction term PRIMING 

× SESSION_FOCUSED has a positive and significant coefficient as well, which indicates that the 

priming effect is more pronounced in the focused sessions compared to the exploratory sessions. 

Taken together, this analysis shows that our result is driven by the priming effect rather than the 

search intent alone and thus rules out the alternative explanation that search stages may be the 

main driver for our findings. In summary, we find that the priming effect from consumers’ 
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perceptions of strategic groups manifests itself at different stages of a consumer’s search intent, 

although the intensity could vary across the stages.  

4.7 Conclusion 

This study enriches the sponsored search literature by studying individual consumers’ reactions to 

the complex competitive structure of firms in the search advertising market, using consumers’ 

clickstream behavior. Extant sponsored search literature does not provide a conceptually sound 

and generalizable way to prescribe the structure of the competitive search market comprising of 

firms from different industries with differing sizes, foci, and business models. Our paper extends 

current research by examining the strategic group effect on the effectiveness of advertisement in 

search results. We build on the strategic group theory to examine how membership in such a group 

plays a role in sponsored search. Our consumer-level clickstream data enables us to analyze an 

individual customer’s reaction to exposure of search results at the finest granularity level.  

Our findings with regard to the impact of strategic groups on consumers have important 

practical implications. First, we find that when advertising firms come from the same strategic 

group, consumers tend to co-visit the firms’ websites together. Search engines like Google 

typically embrace the CPC (cost per click) model in which they are paid only when consumers 

actually click on the links. Therefore, search engines should factor in the presence of multiple 

firms within a strategic group when estimating the quality score and projecting the click-through 

rates for ads. For example, if Amazon is to be displayed in a sponsored search list, the search 

engine would prefer to include other major retailers, all other things being equal, to take advantage 

of consumers’ tendencies to co-visit a firm pair from the same strategic group. Second, our findings 

reveal that the appearance of firms belonging to a strategic group would prime consumers to visit 
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other firms from the same strategic group even when the other firms are not shown in the search 

result. This spillover effect for within-group firms’ advertisements could allow firms to reduce 

competition intensity. Therefore, advertising firms might re-consider their budget allocations for 

keywords in sponsored search auctions, taking into account the traffic to their site generated from 

advertisements of other members of their strategic group.  

We recognize that our analyses are correlational in nature. Nevertheless, our research 

design eliminates alternative explanations for our findings to a large extent. First, we have used 

fixed effects in our models, whenever appropriate, to account for firm-specific unobserved 

heterogeneity. Second, we use a matching approach to examining the relative propensity of a 

consumer to visit the focal firm as opposed to a comparable alternative, effectively controlling 

unobserved market shocks common to both firms. Third, by constructing the two hypotheses (H1 

and H2), we perform a quasi-experiment that examines the impact of strategic groups both under 

the presence and the absence of a focal firm in the search results. Finally, we also conduct 

robustness checks to rule out potential alternative explanations including the impact of organic 

search results and the confounding effect arising from different search intents at different purchase 

stages.     

Our paper raises several issues for investigation in future research. First, we do not drill 

down into the characteristics of the identified strategic groups, when estimating strategic group 

impacts. We have only considered the broad impact incurred by firms within or across groups. It 

is possible that the impact on consumers might differ depending on which specific group a firm 

resides in. Future research could be devoted to understanding the heterogeneity of the various 

strategic groups. Second, while it would be important for advertisers to calibrate the positive 
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externalities they receive from advertisements of other members of their strategic groups, this may 

be difficult to accomplish. The externalities may depend not only on the intensity of their 

competitors’ advertisements, but may also differ based on time and geography. Designing 

randomized experiments (e.g., by pausing their advertisements for different periods and in 

different locations) to obtain a reasonably fine-grained estimate of the spillover effect is an 

interesting problem in its own right. Third, there is yet to emerge a standard method to identify 

strategic groups in the literature. In this paper, we use a popular hierarchical clustering approach 

in identifying strategic groups. Which approach is the best for strategic group identification 

warrants further research as well. 
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CHAPTER 5 

CONCLUSIONS AND CONTRIBUTIONS 

 

The pervasiveness of the Internet has changed the way that consumers shop for goods. Both online 

reviews and sponsored search advertising have become important information sources to help 

consumers make purchase decisions online. My dissertation focuses on these two main themes: 

online reviews and sponsored search advertising.  

Despite the importance of online reviews, the existence of fake and manipulative reviews 

poses a serious impediment to their credibility. My first essay provides empirical evidence on 

incumbent firms’ strategies in response to competition from emerging sharing economy 

companies. I show that increased Airbnb supply leads to more fake positive reviews (i.e., self-

promotions) for high-end hotels, with no discernible change for low-end hotels. I find that 

increased Airbnb supply leads to less negative reviews (i.e., demoting competitors) for both low-

end and high-end hotels. The latter is particularly surprising. I use the balance theory (“the enemy 

of my enemy is my friend”) to explain why hotels demote their competing hotels less in the face 

of Airbnb.  

My findings suggest that the disruptive innovations from sharing economy companies are 

changing the landscape of competition among the incumbents in unexpected ways. Further, 

review-hosting platforms like TripAdvisor can benefit from my findings. Knowing that the 

increased Airbnb supply drives high-end hotels to self-promote more, platforms could potentially 

adjust their filtering algorithms to account for the availability of Airbnb supply around a hotel. 

In my second essay, I find a positive association between self-promotion and sales for high-

end hotels, and the low-end hotels do not gain from self-promotion. I also find a negative 
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association between getting demoted and hotel sales, and the negative impact of demotion are 

stronger for low-end hotels than for high-end hotels. I find that improving quality and responding 

to online reviews are both positively associated with sales, which are consistent with the literature. 

My finding that low-end hotels are hurt more than high-end hotels from getting demoted is 

somewhat surprising. It shows that management teams for low-end hotels need to monitor their 

online reviews more closely (and report potential fake reviews to the review platform more 

actively) since the fake negative reviews bring disproportionally more damage to them compared 

to the high-end hotels.  

In my third essay, I find strong evidence of the influence of strategic groups on consumer 

behavior. For example, when two manufacturing firms both appear in the search results along with 

a retailer, given that a user has visited one of the manufacturers website, the user is more likely to 

visit the other manufacturer’s website compared to visiting the retailer. Further, the group 

membership appears to be internalized in users’ minds; even when only some members of a 

strategic group show up in the search result, the user is more likely to visit another member from 

the same strategic group than a member from the other group. I contribute to the literature by 

establishing the impact of strategic groups from the consumers’ perspective in the sponsored 

search context. My findings have important implications for search engine platforms and 

advertisers. Search engines like Google typically embrace the cost per click model in which they 

are paid only when consumers actually click on the links. Therefore, search engines should factor 

in the presence of multiple firms within a strategic group when estimating the quality score and 

projecting the click through rates for ads. For example, if Amazon is included in the to-be-shown 

sponsored search list, search engines would benefit from including other major retailers, all other 
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things being equal, to take advantage of consumers’ tendencies to co-visit firms from the same 

strategic group. Second, my findings reveal that the appearance of firms belonging to a strategic 

group would prime consumers to visit other firms of the same strategic group even when the other 

firms are not shown in the search result. This spillover effect from within-group advertisements 

could allow firms to reduce competition intensity. 

 

 

 

 

 



 

 
 

96 

APPENDIX A: RESULTS FOR A COMPETITION RADIUS OF 0.5 KILOMETERS 

 
Table A.1: Self-Promotion with 2SLS – 0.5-kilometer radius 

 (1) (2) (3a) (3b) 

log(Airbnb) 0.031*** 0.029*** 0.029*** -0.015 

 (0.010) (0.009) (0.009) (0.065) 

log(CompetingHotels) 0.020 0.016 0.015 0.015 

 (0.038) (0.037) (0.037) (0.037) 

Log(ReviewCount)  -0.001 -0.002 -0.002 

  (0.007) (0.007) (0.007) 

log(Airbnb) × Budget   -0.044  

   (0.063)  

log(Airbnb) × non-Budget    0.044 

    (0.063) 

ReviewRatios NO YES YES YES 

Hotel Fixed Effects YES YES YES YES 

Time Fixed Effects YES YES YES YES 

N 18,205 18,205 18,205 18,205 

R-squared 0.034 0.037 0.037 0.037 

Note: We use matched hotels and assume all neighboring hotels as competitors. Robust standard 

errors in parentheses (errors clustered at hotel level.) 
*** p<0.01, ** p<0.05, * p<0.1 

 

Table A.2: Demoting Behavior with 2SLS – 0.5-kilometer radius 

 (1) (2) (3a) (3b) 

log(Airbnb) -0.047** -0.050** -0.050** -0.200*** 

 (0.022) (0.022) (0.022) (0.071) 

log(CompetingHotels) -0.315*** -0.316*** -0.317*** -0.317*** 

 (0.080) (0.079) (0.079) (0.079) 

Log(ReviewCount)  -0.035** -0.036** -0.036** 

  (0.015) (0.015) (0.015) 

log(Airbnb) × Budget   -0.150**  

   (0.062)  

log(Airbnb) × non-Budget    0.150** 

    (0.062) 

ReviewRatios NO YES YES YES 

Hotel Fixed Effects YES YES YES YES 

Time Fixed Effects YES YES YES YES 

N 12,964 12,964 12,964 12,964 

R-squared 0.057 0.057 0.056 0.056 

Note: We use matched hotels and assume all neighboring hotels as competitors. Robust standard 

errors in parentheses (errors clustered at hotel level.) 
*** p<0.01, ** p<0.05, * p<0.1 
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APPENDIX B: RESULTS CONSIDERING ORGANIC SEARCH  

 

We have conducted additional analysis to examine whether the presence of organic search results 

might confound our findings. To rule out such explanations, we use an alternative way to test the 

two hypotheses. We consider the firms that appear in either organic search results or sponsored 

search results (or both) when choosing comparable firms, and also when examining the possibility 

of priming.  

When we consider both the sponsored and organic search results, the set of comparable 

firms might change because the frequencies of firm appearances are now different from before. 

The new set of comparable firms based on considering both organic and sponsored search results 

are shown in Table B.1.  

Table B.1: Alternative Comparable Firms 

Group 1: Manufacturers Group 3: Major Retailers 

Focal Firm Comparable Firm Focal Firm Comparable Firm 

Kodak Nextag Amazon Canon 

Philips BuynShoot Best Buy Decdna 

Samsung DigitalCameraInfo eBay Officemax 

Sony EcameraFilms Target Become 

 

The results of testing H1 and H2 are reported in Table B.2 and Table B.3 respectively. As 

we can see, the results are qualitatively similar to those of Table 4.4 and Table 4.5. This 

illustrates that our results are robust whether or not we consider the organic search results.  
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Table B.2: H1 Results 

Variable Model 1 Model 2 
 Est. (Std err) Odds Ratio Est. (Std err) Odds Ratio 

𝑊𝐼𝑇𝐻𝐼𝑁 1.806∗∗∗(0.157) 6.086∗∗∗ 6.564∗∗∗(0.285) 709.212∗∗∗ 
𝐹𝑜𝑐𝑎𝑙 𝐹𝑖𝑟𝑚 
 𝐹𝑖𝑥𝑒𝑑 𝐸𝑓𝑓𝑒𝑐𝑡 

NO YES 

𝑁 9,833 9,833 
∗∗∗𝑝 < 0.01,    ∗∗𝑝 < 0. 05,   ∗𝑝 < 0.10. 

Table B.3: H2 Results 

Variable Model 3 Model 4 

 Est. (Std err) Odds Ratio Est. (Std err) Odds Ratio 

𝑃𝑅𝐼𝑀𝐼𝑁𝐺 0.669∗∗∗(0.162) 1.952∗∗∗ 0.705∗∗∗(0.215) 2.023∗∗∗ 
𝑁 5,453 3,920 

∗∗∗𝑝 < 0.01,    ∗∗𝑝 < 0. 05,   ∗𝑝 < 0.10. 
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