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ABSTRACT 

In my dissertation, I study the strategic interplay among firm’s online 

communication, firm’s digital strategies and its impact on consumer decision making. I 

identify important strategies that firms can adopt while targeting consumers on search 

engine platforms, such as Google and Bing. For technology-firms interested in providing 

information cues to consumers, online advertising serves as an important tool to nudge 

consumers decision making. Through the use of diverse methodologies, including 

empirical, analytical, and behavioral, I attempt to answer important questions in this 

research space. Moreover, I investigate how firm strategies are affected by factors such as 

heterogeneity of consumer preferences, product quality, and competition. The research 

spans across disciplines, and makes contributions to Information Systems, Operations 

Management and Marketing. In essay 1 I investigate the novel context of “competitive 

poaching”, a phenomenon where firms can generate traffic from search advertising by 

bidding on competitors’ keywords. In this research I examine the factors that influence 

the effectiveness of competitive poaching, specifically the role of different ad copies and 

the type of competitor (poached brand) from which a brand is “poaching. ”I also examine 

how the presence of sponsored ads from the poached brand and its physical location 

affect competitive poaching. In Essay 2, I investigate a similar context but here instead of 

only competing against each other, firms are simultaneously competing and cooperating 

with each other while advertising on the search engine. Thus, we have a novel context 

where a firm and its third-party referral partner (often referred to as “Infomediaries”) 

compete and cooperate while advertising simultaneously on the search engine. In this 
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context, how equilibrium payment and advertising strategies are affected by factors such 

as traffic quality, advertising effectiveness, leakage, and the nature of contract between 

the two firms, remains an open question. Using a game-theoretic model, I show that the 

novel balance between the competitive and the collaborative nature of the interaction, 

which itself gets affected by the choice of contract and changes in the environmental 

factors, alters equilibrium strategies commonly expected in existing literature. In my third 

essay, I study the novel yet increasingly common phenomenon of “multiscreen viewing”, 

a phenomenon where consumers are increasingly using additional devices (like 

smartphones or tablets) while watching TV. This provides an additional advertising 

channel for marketers, specifically the second screen. However, this is not without its 

complexities; as marketers must optimally time advertisements on the second screen 

conditional on multiple factors including consumers’ engagement level on the primary 

screen, consumers’ engagement level on the second screen, and the psychological 

involvement with the content on the primary screen. Administering multiple behavioral 

experiments, I investigate how factors such as users’ engagement with the primary screen 

(e.g., TV), users’ engagement with a second screen (e.g., Mobile), timing of the 

advertisement, and message congruence, affect second screen usage and ad recall. 

Theoretical and managerial contributions of each of these essays are discussed. 
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CHAPTER 1 

COMPETITIVE POACHING IN SEARCH ADVERTISING: 

TWO RANDOMIZED FIELD EXPERIMENTS 

 

Introduction 

Online advertising is growing faster than other forms of advertising. While total 

online ad spending was $88 billion in 2017, up 21.8% from 2016 (Interactive Advertising 

Bureau, 2018), online search advertising constituted a dominant and fast-growing 

fraction, contributing $40.6 billion (46% of all digital advertising, up 18% from 2016 

(Interactive Advertising Bureau, 2018)). In search advertising, consumers search for 

specific keywords on search engines such as Google, and advertisers submit monetary 

bids to have their ads (also known as sponsored search results) appear alongside the 

search results (known as organic search results). The bid amount reflects the advertisers’ 

willingness to pay for a chance to appear in the sponsored search results for a given 

keyword. Search engines use proprietary algorithms that consider the bid amount, the 

ads’ click potential, and advertiser characteristics to rank these ads in the sponsored 

search results (Agarwal et al., 2015). Previous research in information systems (IS), 

marketing, and economics mainly examines how firms can improve the effectiveness of 

search advertising, including the importance of ad position (e.g., Ghose and Yang, 

2009;Arbatskaya, 2007; Agarwal et al., 2011), keyword characteristics (e.g., Ghose and 

Yang, 2009; Agarwal et al., 2011; Gong et al., 2018), and the effect of competition from 

other sponsored ads (e.g., Agarwal et al., 2011; Agarwal and Mukhopadhyay, 2016; 

Jeziorski and Segal, 2015). 
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Consumers frequently use search engines such as Google or Bing to search for 

products by their brand name (e.g., “Apple” or “BMW”). In fact, keywords related to 

brands are among the most commonly used keywords on search engines, and nine of the 

top ten keywords on Google as of May 2020 were all related to a brand.1 As a result, 

many firms bid for placement in sponsored search results not only when consumers 

search for keywords related to their own brands, but also for keywords related to 

competitors’ brands, a strategy known as competitive poaching (Sayedi et al., 2014). 

Roughly 66% of such brand related keywords face competitive poaching (Simonov et al., 

2018). Additionally, competitive poaching is common in many industries. Figure 1 shows 

an example search result containing competitive poaching in the context of higher 

education. In this case, a keyword search for “Carlson MS in Business Analytics” shows 

sponsored ads for other universities such as Crieghton University, College of William 

and Mary, and Full Sail University, in addition to the sponsored ad for the Carlson 

School of Management, University of Minnesota. 

Despite the growing use of competitive poaching in practice and a body of 

analytical work examining it (e.g., Sayedi et al., 2014; Desai et al., 2014), little research 

has empirically examined this advertising strategy, and what factors may increase its 

effectiveness. For example, Du et al. (2017) compare click through rates (CTR) and 

conversion rates (CR) for focal brands bidding on their own keywords versus bidding on 

competing brand’s keywords. Simonov et al. (2018) study the effectiveness of 

competitive poaching depending on whether when the poached brand itself advertises and 

occupies the top slot or not in sponsored search listings. Although these researchers have 

 
1https://ahrefs.com/blog/top-google-searches/ (last accessed on May 2nd, 2020). 
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examined various aspects of competitive poaching and its underlying mechanisms, they 

do not investigate which factors could make competitive poaching more effective 

 

 

Figure 1. Demonstrating Competitive Poaching in Higher Education 
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.  One of the key factors in advertising effectiveness as determined by prior research 

is the ad copy. Ad copy is defined as “text that aims at catching and holding the interest 

of the prospective buyer, and at persuading him or her to make a purchase.”2Moreover, 

ad copy conveys the product’s unique selling proposition; in other words, it allows a firm 

to differentiate itself from competitors (Putrevu and Lord, 1994;Gotlieb and Sarel, 

1992;Pechmann and Stewart, 1990). In the unique context of search advertising where the 

length and format of the ad are strictly dictated by the search engines and consumers have 

low search intensity, effective ad copy design is arguably one of the most essential 

aspects for marketers to position themselves favorably with the customer as well as 

differentiate themselves against competing ads (Animesh et al., 2011).  

The main objective of our research is to examine the effectiveness of ad copy 

variations in driving click-throughs in the context of competitive poaching, where the 

focal advertiser (hereafter referred to as the “poaching brand”) bids on the keywords of 

target competitors (hereafter referred to as the “poached brand”) to generate traffic.3 

Competitive poaching presents a unique context wherein a consumer reveals their 

preference for the type of product (high-quality vs low-quality) through the brand 

keyword for which they search. It is likely that the effectiveness of ad copy variations 

may differ based on the quality of the competitor being targeted.  

We specifically explore how the quality of the poached brand whose keyword the 

consumer is searching for plays a role in the relationship between the type of ad copy and 

 
2http://www.businessdictionary.com/definition/advertising-copy.html (last accessed on May 2nd, 2020). 

3In the rest of the paper, focal refers to the poaching brand and target refers to the poached brand. We use 

these terms interchangeably in the paper. 
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the effectiveness of competitive poaching. In other words, we examine whether the 

poaching brand should provide different ad copies when poaching consumers from a 

high-quality competitor versus a low-quality competitor. Our first research question is as 

follows:  

• How does the effectiveness of different ad copies in competitive poaching vary by the 

quality of the poached brand? 

Few studies have examined how ad copy variations may drive the effectiveness of 

search advertising. Moreover, the primary focus of such studies has been on the effect of 

ad messages on the performance of the focal brand’s ad (e.g.,Animesh et al., 2011). 

Consumers are heterogeneous in the evaluation of ad messages, with some messages 

appealing to one segment and other appealing to a different segment (Animesh et al., 

2011; Lee et al., 2018). Therefore, it is important to study the role of the poached 

competitor’s quality in the relationship between ad copy variations and click-through 

performance.  

Other characteristics of competitors can play a role in the effectiveness of 

competitive poaching. For example, consumers have location preferences and the brands 

they search for reveal such preferences (Rutz et al., 2012; Gong et al., 2018). Or the 

poached firm may also advertise on the search engine and feature in the sponsored search 

results. Therefore, we examine how the role of the physical distance between the two 

brands (the focal brand and the competitor that it poaches from) and the presence of 

sponsored ads from the poached brand in the performance of competitive poaching. 

Consumers may be more willing to consider the poaching brand if it is in the same 
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location as the poached competitor than if the two brands are in different locations. 

Competitive poaching is also unique in that response to the focal firm’s ad is also 

influenced by exposure to ads from the poached brand (if the poached brand also decides 

to advertise on the same keyword). Thus, our second research question is as follows: 

• How does the presence of poached brand’s own ad copy and the physical distance 

between the poached and poaching brand play a role in the effectiveness of 

competitive poaching? 

To examine these research questions, we collected data using two randomized field 

experiments, which ran search advertising campaigns on Google. In study 1, we 

collaborated with a business school located in the Northeastern United States, one of 

whose graduate programs was ranked among the top 25 according to U.S. News & World 

Report during the study period. For confidentiality, we refer to this school as XYZ 

University in the paper. We ran a 3-month search advertising campaign and bid on a list 

of competitor keywords. A user who searched one of the competitors’ keywords was 

randomly exposed to one of four ad copies of XYZ University, namely: (1) an ad copy 

featuring vertical differentiation, (2) an ad copy featuring horizontal differentiation, (3) 

an ad copy featuring a prescriptive message, and (4) an ad copy without differentiation or 

prescriptive messages serving as the control ad copy. By randomly varying the ad copy, 

we test our hypothesis on which type of ad copy improves ad performance. In study 2, we 

collaborated with a leading automobile dealership company in the Northeastern United 

States and collected data from a similar search advertising campaign as in the first 

experiment.  
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Our results from both studies are consistent in showing that ad copy efficiency 

varies across high-quality and low-quality competitors. The ad copy featuring a vertical 

differentiation message has a significantly higher impact on click performance when 

poaching from high-quality competitors compared to the control ad copy, and the ad copy 

featuring a horizontal differentiation message has a significantly higher impact on click 

performance when poaching from low-quality competitors compared to the control ad 

copy. Additionally, we find that competitive poaching becomes less effective as the 

physical distance between the locations of the poaching and the poached brands 

increases. Finally, we show that the presence of the poached competitor’s own ad has a 

positive association with the click-through performance of the poaching brand when 

poaching from high-quality competitors, and a negative association when poaching from 

low-quality competitors.  

This research makes several contributions to the growing body of IS literature on 

search advertising. By combining theoretical perspectives from product differentiation 

and advertising, we investigate the effectiveness of competitive poaching in presence of 

heterogeneous competitor quality, competitor distance, and presence of the poached 

competitor’s ad. To our knowledge, this is one of the first empirical examinations of this 

phenomenon, especially which factors can increase the success of poaching from high-

quality versus low-quality competitors. Our work also contributes to the still nascent 

work on effective ad copy design in the search advertising environment, and the 

interactions between ad copies of different competitors in this context. Only a handful of 

IS researchers have examined ad copy design in online marketing (e.g., Animesh et al., 
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2011; Lee et al., 2018; Schlangenotto and Kundisch, 2017). However, their focus has 

been solely on strategies that work for the focal firm’s own advertising and not on 

competitive advertising. For example, while Animesh et al. (2011) mainly examine 

different ad copies, we also consider the interaction between the types of ad copies and 

the types of keywords searched by the users. Finally, we add to the nascent but growing 

body of work on competitive poaching, which has mainly investigated this phenomenon 

using analytical modeling (Sayedi et al., 2014; Desai et al., 2014). 

The rest of the paper is organized as follows. In Section 2, we review the relevant 

literature. We propose our hypotheses in Section 3, and present two field experiments in 

Sections 4 and 5 respectively. The manipulation checks for ad copy variations are 

presented in Section 6, followed by robustness checks in Section 7. Finally, we discuss 

the implications for theory and practice, as well as highlight the limitations of our work 

and propose areas for future research in Section 8. 

         Literature Review 

Our study draws on the prior literature on search advertising and the role of message 

framing and product differentiation in advertising. 

Search Advertising 

Prior literature on search advertising has mainly focused on the position effect, 

competition, and keyword selection of such ads. Click performance of sponsored search 

ads decreases with their position on the sponsored listing (e.g., Arbatskaya, 2007; Ghose 

and Yang, 2009; Agarwal et al., 2011) as consumers make choices of ads that are at the 

top versus the bottom of the page (Hoque and Lohse, 1999). In contrast, the conversion 



    9 

rate may increase with position, and the topmost position on the sponsored listing is not 

necessarily the most profitable position (Agarwal et al., 2011). Jeziorski and Moorthy 

(2018) show however that advertiser prominence can act as a substitute for the position:  

Less prominent advertisers need higher positions to be effective, whereas more prominent 

advertisers do not need as high a position due to their greater brand recall. Gupta and 

Mateen (2014) discuss a conceptual model for search advertising, and provide multiple 

propositions to inform managers of different factors such as ad position that can lead to 

an increase in CTR and how the impact of these factors may be sensitive to the search 

device used.  Schultz (2018) show that advertisers look for the optimal rank identification 

strategy which comprises of multiple factors including number of prospects, their quality 

and acquisition cost. Sun et al. (2020) examine the relative effectiveness of search versus 

social media advertisement on traffic and sales, and how seller reputation moderates this 

relation. 

The second stream of literature examines competition in search advertising, and 

particularly, the effect of competing ads on the performance of the focal ad. Agarwal and 

Mukhopadhyay (2016) show that a competing high-quality ad appearing above the focal 

ad has a lower negative effect than a competing lower quality ad. Furthermore, they show 

that the effect of the competing ad varies with the position and the type of keyword. 

Jeziorski and Segal (2015) show that users choose to click on ads sequentially in order to 

maximize their expected utility. However, due to the presence of competing ads, there is 

a strong substitution effect resulting in fewer clicks. Chiou and Tucker (2012) show 

thatin the competitive search advertising landscape where a parent firm allows affiliates 
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to use its trademark, it leads to a decrease in clicks on the parent firm’s paid search links; 

this effect, however, is outweighed by the increase in clicks on the parent firm’s 

sponsored links. 

The third stream of literature examines the role of keyword characteristics, such as 

keyword specificity, ambiguity, and branded versus generic keywords. For example, 

Agarwal et al. (2011) use a hierarchical model to analyze the impact of keyword 

characteristics (such as keyword specificity) on advertising effectiveness. Ghose and 

Yang (2009) find that keyword length (as a proxy for specificity) is negatively associated 

with CTR, and Gong et al. (2018) show that ambiguous keywords are associated with 

higher baseline CTR,  although the speed at which the CTR decays depends on ad 

position. Schultz (2019) shows that consumer intention, as highlighted by their keyword 

searches (navigational, intentional, or transactional), impacts the efficacy of search 

advertising along with the presence of organic results. Recent work by Li and Yang 

(2020) use a stochastic model to come up with optimal keyword groupings (groups of 

keywords) based on CTR and conversion and illustrate that the use of such techniques 

outperforms the use of the number of keywords as a single criterion while making 

keywords grouping decisions.  

Finally, the fourth stream of literature examines competitive poaching when firms 

bid on competitors’ keywords in search advertising. Early work on competitive poaching 

mainly employed analytical modeling to provide insights about this phenomenon. For 

example, Sayedi et al. (2014) analyze budget constraint and firms’ strategic behavior to 

show that for firms under budget constraints, smaller firms are more likely to bid on 
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competitors’ keywords than bigger firms; this may result in information asymmetry 

which leads larger firms to retarget their ad budgets toward traditional forms of offline 

advertising. Desai et al. (2014) analyze the strategic behavior of firms in competitive 

poaching, and show that firms may decide to buy their own keywords to prevent 

competitors from bidding on their keywords. They show however that ultimately, 

competitive poaching makes both firms worse off, and it is the search engine that 

captures the additional profit. Recent work has begun to examine various aspects of 

competitive poaching from an empirical perspective. For example, Du et al. (2017) 

investigate the importance of differentiating among various bidding strategies for 

different keyword categories. They find that bidding on the focal brand’s own keywords 

is associated with higher CTR and higher CR, while bidding on competing brand’s 

keywords is associated with lower CTR but higher CR. Simonov et al. (2018) show that 

competitive poaching impacts the poached brand and find that competitors “steal” less 

traffic in the presence of the poached brand’s own ad at the top position. 

Message Framing in Advertising 

Most prior work on message framing has been conducted in the context of 

traditional (offline) advertising (e.g., Pechmann and Stewart, 1990; Gotlieb and Sarel, 

1992 ;Putrevu and Lord, 1994). Traditionally, the literature on advertising has considered 

two broad categories of ad messages: informative and non-informative. Informative ad 

messages may contain information such as brand mentions, price, location, and product 

information which can be verified (Resnik and Stern, 1977). Tremblay and Polansky 

(2002) examine the use of advertising to create a subjective differentiation. Non-
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informative messages on the other hand often contain personality-related content such as 

emotion, humor, as well as philanthropy (Porter and Golan, 2006; Berger and Milkman, 

2012).  

Animesh et al. (2011) is one of the few studies in online settings that examines the 

ways in which firms can differentiate themselves using ad copies, and how ad copies, in 

combination with ad position and competition, can drive CTR. However, they only 

examine two variants of ad copies: a price copy (which contains messages highlighting 

price, e.g., “50% discount”) and a quality copy (which contains quality related messages, 

e.g., “secure and confidential”). Moreover, they focus on the effect of these ad copies 

while bidding on advertisers’ own keywords rather than competitor’s keywords. In a 

similar study, Schlangenotto and Kundisch (2017) find that the inclusion of information 

cues that highlight a specific offer in ad copies only affects users who use specific 

keywords, such as keywords of the advertising retailer. Lee et al. (2018) use Facebook 

data to classify ads according to whether ad copies are informative and/or personality 

related and then examine their effect on ad performance vis-a-vis the number of likes and 

the number of shares. However, in the context of search advertising, there may be other 

variations of ad copies that are more effective for certain contexts and consumer types. 

Todri et al. (2020) investigate how different ad creatives moderate the relation between 

ad repetition and consumer annoyance across stages of the purchase funnel which are 

different. Moreover, whereas most of the prior studies only focus on ad copies for generic 

ads, we are not aware of any work in the context of competitive poaching that examines 

how firms can make effective strategies to bid on competitors’ keywords while 
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advertising on the search engine and how ad copies can be specifically designed to grab a 

portion of the competitor’s market. 

Ad copies in search advertising also draw parallel with prior literature on online 

markets which studies how textual cues can aid user decision making. For example, in 

crowdfunding literature, project description and presence of video are likely to influence 

the likelihood of success (Zhou et al., 2018; Mollick, 2014). Other work in IS also 

explores how multiple information cues can be effectively used to improve information 

processing (McNab, 2009), or how verbal directional cues can orient visual spatial 

attention (Ho and Spence, 2006). Because “ad copy” is the only cue that advertisers in the 

online search advertising context can play with to increase their ad’s click-through, it is 

critically important to understand how to design them effectively. 

Table 1 highlights the primary contribution of our research to four different 

literature streams.4More specifically, we highlight our contributions to the following four 

streams of literature namely: 1) Competitive poaching in search advertising, 2) 

Competition in search advertising, 3) Keyword characteristics in search advertising, and 

4) Message framing in advertising.  

 

 

 

 

 

 

 
4 More details on the literature review is included in the online Appendix A. 
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Table 1. 

Contributions to Prior Literature 

Area Studies Contribution of our study to this area 

Competitive 

poaching in 

search 

advertising 

Desai et al., 

(2014);Sayedi and 

Jerath, (2014); Du et al., 

(2017); Simonov et al., 

(2018), Simonov and 

Hill, (2018) 

We contribute to this growing area of 

research by showing how to design 

effective ad copies while targeting 

competitors, and how the effect varies 

when bidding on high-quality versus 

low-quality competitors.  
Competition in 

search 

advertising 

Agarwal et al., 

(2011);Chiou and 

Tucker, (2012); 

Jeziorski and Segal, 

(2015); Agarwal and 

Mukhopadhyay, (2016),  

Prior research focusses on the effect of 

competitive ads on the focal brand itself. 

Unlike these studies, our focus is on 

competitive poaching, i.e., what effect 

competition has when poaching from 

other brands (i.e., the effect of 

competition when a brand is itself 

poaching on another brand). 

 

Keyword 

characteristics 

in search 

advertising 

Agarwal et al., (2011); 

Ghose and Yang, 

(2010); Gong et al., 

(2018) 

Prior work has focused on (1) generic 

keywords, and (2) keywords of the focal 

brand itself. Our novelty is that we focus 

on specific branded keywords of 

competitors (exception: Du et al. 2017). 
 

Message 

framing in 

advertising 

Resnik and Stern, 

(1977); Porter and 

Golan, (2006);Animesh 

et al., (2011);Todri et 

al., (2020);Tremblay 

and Polansky, (2012); 

Schlangenotto and 

Kundisch, (2017);Lee et 

al., (2018) 

Message categorization and use of 

differentiation in advertising have been 

widely studied in offline contexts. We 

contribute by investigating what type of 

message framing works in the online 

context when the focal brand is bidding 

on competitor’s keywords, and what 

kind of differentiation message works for 

bidding on high-quality versus low-

quality competitors. Moreover, we 

investigate how the messaging by the 

poached brand affects competitive 

poaching. 
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Hypotheses Development 

Consumers have varied preferences for product attributes (Bell and Lattin, 1998) and 

search for products that meet their needs. This enables businesses to target and segment 

consumers based on the keywords (Animesh et al., 2010; Ghose and Yang, 2009). 

Competitive poaching provides a unique scenario where consumers reveal their 

preference for quality by the brand name keywords they use in the search engine. 

Therefore, the poaching firms can segment consumers based on the type of competitor 

(high-quality versus low-quality) for which they search. Consumers seeking quality have 

a higher WTP than non-quality seeking consumers for high quality products (Desai, 

2001; Wolinsky, 1983; Animesh et al. 2011) will be. When using search engines for 

product search, quality seeking consumers are more likely to search for high-quality 

brands than low-quality brands (Animesh et al., 2011). Therefore, when poaching from 

competitors with different quality levels, the focal firm may need to tailor its advertising 

to appeal to consumers with different valuations for quality. 

A primary objective of advertising by a firm is to position itself by choosing 

differentiating attributes as a “unique selling proposition” (Dickson and Ginter, 1987; 

Smith, 1956). Firms utilize advertising to provide unique and positive messages that 

affect perceptions of product differentiation (Boulding et al., 1994). In the context of 

search advertising where consumers have low search intensity (Animesh et al., 2011), 

effective ad copy design is arguably one of the most essential aspects of marketers’ 

“unique selling proposition” strategy.  
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The advertising literature has considered two broad categories of ad messages: 

informative ad messages, which contain information product attributes that can be 

verified (Resnik and Stern, 1977), and non-informative ad messages, which often contain 

personality-related content (Porter and Golan, 2006; Berger and Milkman, 2012). The 

product differentiation literature (Gabszwicz and Thisse, 1986) suggests that product 

attributes can be classified as two types - vertical differentiation and horizontal 

differentiation. Tremblay and Polasky (2002) suggest that ad copies can be used to create 

product differentiation. Differentiation ad copies contain signaling words or phrases to 

highlight the unique attributes of the advertised product or brand. Vertical differentiation 

ad copies highlight quality related attributes where all consumers can agree on the 

unanimous ranking of that attribute. Horizontal differentiation ad copies, on the other 

hand, highlight non-quality related attributes that are rooted in consumer tastes, and 

consumers can have heterogeneous preferences for each attribute.  

In addition to informative ad copies, prior literature also suggests the use of a type 

of non-informative ad copies, which do not convey information about product attributes. 

Prior literature in message framing has often called these messages by different names 

such as “subjective message” (Edell and Staelin, 1983), “evaluative claims” (Holbrook 

1978), and “emotional appeal” (Atkin, 1979). Previous studies in marketing suggest that 

the inclusion of personality related content in messages can increase message sharing and 

overall engagement (Porter and Golan, 2006; Berger and Milkman, 2012). Recent work 

in IS has likewise shown that the presence of personality, emotion, philanthropy, or small 

talk in message content can increase customer engagement and virality (Lee et al., 2018). 
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In search advertising, such ad copies are commonly labeled as prescriptive ad copies 

(e.g., Converted, 2017; WordStream, 2018), and contain messages that prescribe 

consumers to use the product through various aspects of consumer’s personality, such as 

emotion, humor, and small talk.  

 When evaluating the effectiveness of the above-mentioned types of ad copies, we 

compare them with a control ad copy, which neither communicates any of the product 

attributes (differentiation ad copies), nor conveys personality related content (prescriptive 

ad copies). Next, we develop hypotheses and discuss when and under what context would 

each of these ad copies may be effective.  

Vertical Differentiation Ad Copies and High-Quality Competitors 

Consumers differ in their valuations for quality (Mussa and Rosen, 1978; Levin and 

Johnson, 1984;Wolinsky, 1983). Consumers seeking quality have a higher willingness-to-

pay for quality than consumers not looking for quality (Desai,2001; Wolinsky, 1983; 

Animesh et. al. 2010). When using search engines for product search, quality seeking 

consumers are more likely to search for high-quality brands than low quality-brands 

(Animesh et al., 2010). Therefore, when poaching on keywords of high-quality 

competitors, the focal firm may need to design their ad copies to appeal to quality-

seeking consumers. 

Vertical differentiation ad copies provide signals for quality related attributes and 

thus appeal to quality-seeking consumers, who are more willing to pay for high-quality 

products (Tremblay and Filho,2001;Animesh et al., 2011). These messages signal the 

quality of the brand using phrases such as “top rank” and “best seller.” Recent research in 
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economics (Shapiro, 1983), IS (Animesh et al., 2011) and marketing (Desai et 

al.,2001;Wolinsky, 1983) have similarly shown that quality-seeking consumers are more 

attracted towards ads which signal high-quality and have a higher willingness to pay for 

high-quality products.  

Therefore, we expect that when poaching from high-quality competitors, vertical 

differentiation ad copies with quality signals would be more effective in comparison to ad 

copies that do not signal any attribute (in our case the control ad copy). Our first 

hypothesis is as follows: 

H1: When the poached competitor is high-quality, vertical differentiation ad copies 

are more effective than control ad copies. 

       Horizontal Differentiation Ad Copies and Low-Quality Competitors 

Consumers searching for low-quality brands are less likely to be quality-seeking 

than those searching for high-quality brands. While quality-seeking consumers have a 

higher propensity to click on ads that signal high-quality, consumers not seeking quality 

and who have lower evaluations for quality may click on ads as long as they satisfy their 

preferences for other attributes (Desai, 2001;Wolinsky, 1983). This makes these 

customers more natural target for horizontal differentiation, wherein two products differ 

across product attributes that do not necessarily signal any specific quality. Because 

different product attributes appeal to different consumers with different preferences 

(Gabszwicz and Thisse, 1986), it is not quality, but different consumer preferences that 

drive purchase decisions. Research in economics has defined horizontal differentiation as 

a case where consumers have different preference ordering over product characteristics 
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and these preferences dictate consumers’ purchase decisions (Tremblay and Martins-

Filho, 2001; D Aspermont et al.,1979). Thus, horizontal differentiation ad copies would 

appeal to consumers with different preferences. The literature suggests that these types of 

consumers often have a lower valuation for quality than other non-quality attributes as 

long as their preferences are satisfied (Levin and Johnson, 1984;Wolinsky, 1983). 

Knowing that quality attributes may not be the major factor for decision making for such 

consumers, brands usually give a wide range of options to consumers to appeal to 

consumers’ varied preferences.  

As non-quality seeking consumers are more likely to search for low-quality brands, 

we expect that horizontal differentiation ad copies would perform better for keywords of 

low-quality competitors than a neutral ad copy (in our case, the control ad copy). Thus, 

we hypothesize that: 

H2: When the poached competitor is low-quality, horizontal differentiation ad 

copies are more effective than control ad copies. 

Prescriptive Ad Copies 

Prescriptive ad copies contain messages that appeal to consumers through various 

aspects of consumers’ personality such as emotion, humor, and small talk. The 

economics of information (EOI) theory (Stigler, 1961) suggests that advertising claims 

will most often be true when consumers can easily verify the truthfulness of advertising 

(Ford et al. 1990). Consumers will be most apprehensive of claims they cannot verify and 

least apprehensive of those that they can verify before purchase. Researchers in this area 

have also heavily relied on theoretical concepts developed by Nelson (1970, 1974). 
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Central to Nelson’s model is the notion that the attributes of goods have search and 

experience properties (Ford et al. 1990). While search properties describe those 

properties of a brand that a consumer can determine by inspection prior to purchase, 

experience properties refer to those properties of a brand that cannot be determined prior 

to purchase (Ford et al. 1990). Ford et al. (1990) adapted the Search-Experience-

Credence (SEC) framework for categorizing advertising messages. In particular, 

messages used in prescriptive ad copies are akin to experience claims (Ford et al., 1990). 

Consumers are more skeptical about experience claims (more subjective and not easily 

verifiable) than search claims (more objective and can be verified easily).  

However, the level of skepticism for experience claims decreases if the advertiser 

can signal higher quality (Nelson 1970, 1974). Prior studies on comparative advertising5 

suggest that associating with a competitor may facilitate perceptions of similarity 

between the two brands (Wilkie and Farris, 1975; Gorn and Weinberg, 1984; Dröge and 

Darmon, 1987; Pechmann and Ratneshwar, 1991). In the context of competitive 

poaching, the poaching of keywords from high-quality competitors may engender 

positive perceptions of the quality of the poaching brand, reducing the level of skepticism 

for experience claims. In contrast, the poaching of keywords from low-quality 

competitors may result in negative perceptions of the quality of the poaching brand. 

Thus, we hypothesize that: 

H3: When the poached competitor is high-quality (low-quality), prescriptive ad 

copies are more effective (less effective) than control ad copies. 

 
5Comparative advertising “compares two or more specifically named or recognizably presented brands of 

the same generic product or service class, and makes such a comparison in terms of one or more specific 

product or service attributes” (Wilkie and Farris 1975). 
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The Role of Competitor’s Distance 

Literature in multiple streams has consistently suggested the existence of home 

bias, i.e., “the tendency that transactions are more likely to occur between parties in the 

same country or state, rather than outside” (Lin et al., 2015). For instance, trade is more 

likely to occur within a country than between different countries (Disdier and Head, 

2008; Overman et al., 2003). Home bias also exists in financial investment decisions 

(Graham et al., 2009; Dziuda and Mondria, 2012). “Even in electronic markets, 

transactions are more likely to occur between sellers and buyers in the same area 

(Hortaçsuet al., 2009)” (Giudici et al. 2018, page 3). Recent work in online labor markets 

also suggests that service providers are often biased toward transactions with other 

providers from the same country (Hong and Pavlou, 2017), negating the flat world 

hypothesis. 

Researchers have proposed multiple possible explanations for home bias. While 

rational (economic) explanations attribute home bias to economic reasons, such as 

transaction costs (shipping costs or cost of information acquisition), behavioral 

explanations suggest either psychological factors such as homophily (McPherson et al., 

2001) or over-optimism toward home markets (Strong and Xu, 2003; Lai and Teo, 2008) 

result in home bias. In our context, consumers who search for a competitor ‘s keyword 

may have lower switching costs if the focal advertiser is located closer to the poached 

competitor than for a keyword of a competitor which is in a different location. It is also 

possible that consumers may have location preferences, and the brand that they search for 

may thus reveal their location preferences (Rutz et al., 2012; Gong et al., 2018) 
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Therefore, we hypothesize that: 

H4: The physical distance between the poaching brand and the poached competitor 

has a negative association with the ad effectiveness of the poaching brand. 

The Role of the Poached Competitor’s Own Ad 

A brand engaging in competitive poaching may face competition from the poached 

brand itself. In other words, the poached brand may also advertise on keywords that 

feature its own brand name. The literature on comparative advertising suggests 

associating with a competitor may result in less psychological distance between the two 

brands (Gorn and Weinberg 1984). Therefore, consumers may use the presence of a high-

quality competitor’s own ad as a positive signal of the poaching brand’s quality. This has 

a positive halo effect (Nisbett and Wilson, 1977) on higher click performance of the 

poaching brand when poaching on keywords for high-quality competitors. By contrast, 

when a brand poaches from low-quality competitors, the presence of the poached 

competitor’s own ad gives a negative signal to consumers (negative halo effect) which 

leads to lower click performance of the poaching brand. Thus, we hypothesize that: 

H5: When the poached competitor is high-quality (low-quality), the presence of the 

poached competitor’s own ad has a positive (negative) association with the ad 

effectiveness of the poaching brand. 

                                                          Study 1 

We collected our data from a three-month randomized field experiment by running a 

search advertising campaign on Google in collaboration with a business school located in 
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the Northeastern United States, one of whose graduate programs was ranked among the 

top 25 during the study period as per U.S. News World report. To preserve the anonymity 

of the school, we label the focal university as XYZ University, and we label the focal 

graduate program as “ABC program” in the rest of the paper. The higher education 

market provides an ideal context for our research since search engine advertising is a 

common marketing tool, and schools frequently poach on each other’s keywords. 

During the experiment, we bid on eleven competitor keywords focusing on the 

focal graduate program. We classify competitor keywords based on the quality of each 

competitor as proxied by rankings from the 2017 US News & World Report for the focal 

graduate program. More specifically, we categorize the poached competitors into two 

tiers: high-ranked programs (i.e., ranked in the top 20 in US News Rankings) and low-

ranked programs (i.e., ranked 40 and below).6 We further check the 2016 and 2017 US 

News & World Report rankings to make sure that these chosen programs consistently fell 

into the same tier during the two consecutive years (2016-2017). 

In the field experiment, a consumer who searched for one of the competitors’ 

keywords (i.e., a poached competitor’s keyword related to the ABC program) is 

randomly exposed to one of the three ad copies for XYZ University, namely vertical 

differentiation (DiffVertical), horizontal differentiation (DiffHorizontal), and prescriptive 

(Prescriptive). In addition, we included a control ad copy that did not mention any 

attributes but included only a call to action (Control). By randomly varying the ad copy 

 
6Universities ranked within top 20 included in our sample are Arizona State University, Indiana University 

Bloomington, University of Maryland, Pennsylvania State University, and University of Texas at Dallas. 

Universities ranked 40 and below included in our sample are Baylor University, Drexel University, Ohio 

University, Florida International University, Louisiana State University, and Villanova University. 
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displayed to each consumer, we intend to determine which ad copy is more effective in 

driving click-throughs than the control ad copy in each context.  

In addition to the field experiment, we also collect data on competing ads for each 

keyword to determine whether the poached brand’s advertisement appeared in the 

sponsored search results during any time period. We scraped data from the Google search 

page every day for the duration of the experiment. This process simulates the information 

that a user sees when he searches for a specific keyword, including information about 

competing ads in addition to the focal ad of XYZ University. The scraped data are 

collected as if a user is searching from three different locations, Philadelphia, Texas, and 

California, by simulating three different IP addresses corresponding to each of these 

locations. We combined the data for the three locations and then aggregated them to the 

week level before merging it with our original data set from the field experiment.  

                                             Experimental Design 

We classify competitor keywords based on the quality of each competitor as 

proxied by rankings from the 2017 US News & World report for the focal graduate 

program. More specifically, we categorize the poached competitors into two tiers: high-

ranked (i.e., schools in top 20 in US News Rankings) and low-ranked (i.e., schools that 

are 40 and below).7 

To examine how advertising effectiveness varies with ad copy design, we design 

the following four ad copies: vertical differentiation, horizontal differentiation, 

prescriptive, and control. Google requires that each ad copy has two headings with up to 

 
7We do not include the graduate programs that lie in the middle range of the ranking (i.e., 25-40) to keep a 

buffer in rankings between the high-ranked and low-ranked programs. We thank an anonymous reviewer 

for this suggestion. 
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30 characters, a description line with up to 80 characters, and a URL with up to 15 

characters. Adhering to these guidelines, we propose the ad copies listed in Table 2. 

 

Table 2. 

Types of Ad Copies (Study 1) 

Vertical Differentiation Ad Copy 

(DiffVertical) 

 

XYZ University-ABC Program. 

XYZ.edu/ 

Get a graduate degree from the XYZ 

University.  

Top Ranked School. World Class Faculty. 

 

Prescriptive Ad Copy (Prescriptive) 

 

XYZ University - ABC Program. 

XYZ.edu/ 

Get a graduate degree from the XYZ 

University. Discover Opportunities. 

Leave Transformed. 

 

Horizontal Differentiation Ad Copy 

(DiffHorizontal) 

 

XYZ University - ABC Program.  

XYZ.edu/ 

Get a graduate degree from the XYZ 

University. Flexible Schedule. Mobile 

Friendly Format. 

Control Ad Copy (Control) 

 

XYZ University - ABC Program. 

XYZ.edu/ 

Get a graduate degree from the XYZ 

University. Request for Information. 

Contact Us Today. 

 

 

Each time a consumer searches for a specific competitor keyword (e.g., Arizona 

State ABC Program) using Google’s search engine, one of the four ad copies is randomly 

displayed to the consumer using Google AdWords which provided an option to rotate all 

ad copies equally. Thus, when a user searches for a competitor’s keyword, she is exposed 

to one of the ad copies with equal probability. 

In accordance with the guidelines in Lambrecht and Tucker (2015) about 

randomization in field experiments, we check the number of impressions for each ad 

copy for the duration of our experiment. Table 3 suggests that the four different ad copies 
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have similar numbers of impressions in our data. We further break down the impression 

counts by the ranking of the programs (high-ranked versus low-ranked) and find that the 

randomization still holds. Further, we also conduct additional tests for ensure 

randomization. First, we perform a one-way analysis of variance (ANOVA) test for 

checking whether there is a significant difference in impressions between different ad 

copies. The ANOVA test (𝐹(3) = 1.49, 𝑝 > 0.2163) shows there is no significant 

difference between the ad copies. Next, we perform a series of t-tests with pairwise 

comparison between ad copies, and fail to find statistically significant difference (Table 

4). In addition, we perform a Tukey’s HSD test (Abdi and Williams 2010) confirming no 

significant difference between ad copies (Table B4 in the Online Appendix B)8. These 

tests provide support for proper randomization in the experiment. We do note that the 

total number of impressions for low-ranked programs is considerably lower than for high-

ranked programs; however, this is expected because high-ranked programs are more 

popular and tend to have higher search volume. 

Table 3. 

Randomization Check (Study 1) 

Ad Copy Control DiffVertical DiffHorizontal Prescriptive 

Total impressions  4708 4562 4695 4795 

Impressions for high-

ranked competitors 
3635 3490 3695 3702 

Impressions for low-

ranked competitors 
1073 1072 1000 1093 

 
8 We would like to thank an anonymous reviewer for suggesting these tests. 
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Table 4. 

T-Test for Number of Impressions by Ad Copy (Study 1) 

Ad Copy pairs Mean of 

first ad 

copy 

Mean of 

second ad 

copy 

T-stat of 

difference 

in means 

p-value of 

difference 

in means 

Control vs. DiffVertical 51.181 48.727 0.538 0.590 

Control vs. DiffHorizontal 51.181 51.356 -0.038 0.969 

Control vs. Prescriptive 51.181 51.696 -0.111 0.911 

DiffVerticalvs. DiffHorizontal 48.727 51.356 -0.570 0.568 

DiffVerticalvs. Prescriptive 48.727 51.696 -0.634 0.526 

DiffHorizontalvs. Prescriptive 51.356 51.696 -0.073 0.941 

 

Prior research suggests that the click-through performance of search advertising 

increases if the ad appears higher on the list of results (e.g., Arbatskaya, 2007; Ghose and 

Yang, 2009; Agarwal et al., 2011). Therefore, we control for the position of the ad to 

appear mainly between positions 3 and 5 to control for position effects.9Google AdWords 

enables firms to control for position by suggesting a target budget for a certain level of 

advertising effectiveness, which is a proxy for bid amount. One can argue that setting 

different bid amounts for different ad copies can bias the results if we are comparing the 

effectiveness of different ad copies.10 However, we find that although the bid amount 

varies across different keywords, it does not vary substantially across different ad copies 

for the same keyword.11 

 
9Tables B1in Online Appendix how that the differences in average positions between ad copies get for the 

same keyword are statistically insignificant. 

 
10We thank an anonymous reviewer for raising this point. 

 
11Table B2in Online Appendix present the results of a t-test confirming that the average cost per click for 

different ad copies of the same keyword is not significantly different. 
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                      Data and Model 

We measure our variables of interests at the level of keyword, ad copy, and week. 

That is, each record in our data corresponds to an observation about a keyword-ad copy 

aggregated at the weekly level. With 11 keywords, four ad copies, and 12 weeks, we have 

a total of 528 observations (Table B3 in Online Appendix B shows the equal distribution 

of observations in our data across different ad copy types and school rank). 

Because our main independent variable captures the type of ad copy, we use three 

dummy variables (DiffVertical, DiffHorizontal, and Prescriptive) and use the control ad 

copy (Control) as the baseline (omitted). The variable Distance measures the physical 

distance of the poached competitor from the poaching school (in miles). Finally, we use 

the data scrapped from Google to capture the presence of a sponsored ad of the poached 

competitor on the search result page. Ad_Presence is a dummy variable indicating 

whether the poached competitor had an ad for a given keyword-ad copy-week 

combination.12 In addition, we use the following control variables in our model: the 

number of impressions exposed (Impressions) to measure the search volume of the 

keyword, and the average position (Position) that the sponsored ad for XYZ University 

appeared. Table 5 shows the descriptive statistics for our variables. 

In our data, the main dependent variable is the number of clicks (Clicks). Figure 2 

shows the distribution of the dependent variable. As is evident from the figure, the  

 
12 For every keyword related to a poached competitor, we store the substring of URL that uniquely 

identifies the poached competitor. For example, Arizona StateUniversitywould have all organic or 

sponsored links withURLs ending with “asu.edu.” Thus, for each keyword we store an array of such unique 

substrings. We then use a Python script to go through all ads displayed for the keyword to check whether 

each ad has the keyword’s substring that uniquely identifies the poached competitor. If so, we code 

Ad_Presence as one. 
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number of clicks is a count variable with a pre-dominant number of zeros and has a 

highly skewed distribution. 

 

Table 5. 

Descriptive Statistics (Study 1) 

VARIABLE Observations Mean Std. 

Dev. 

Min Max 

Clicks 528 0.25 0.58 0 3 

Impressions 528 50.74 37.32 1 193 

Position 528 4.63 0.84 1.6 6.75 

Distance 528 771.04 731.72 4.4 2331 

Ad_Presence 528 0.63 0.48 0 1 

 

 

Figure 2. Distribution of Clicks (Study 1) 

 

Our main model is a Poisson model that uses the number of clicks as the dependent 

variable. We first use a basic Poisson regression without fixed effect; then, “we use a 

Poisson pseudo-maximum likelihood (PPML) estimator (Simcoe, 2007) which has been 

widely used in IS studies with count data (Burtch et al., 2014; Greenwood and Wattal, 

2017)”, (Gong et al. 2017). “This approach offers certain benefits over other estimators 
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such as the fixed effect negative binomial model (Allison and Christakis, 2006) and 

allows us to estimate clustered standard errors, even in the presence of over-dispersion 

(Wooldridge, 1997).13”, (Gong et al. 2017). 

Following Cameron and Trivedi (1990), we assume the probability mass function 

of Clicks as follows: 

 

𝑓(𝐶𝑙𝑖𝑐𝑘𝑠𝑖𝑗𝑡|Xijt) =  
𝑒−𝜇𝑖𝑗𝑡𝜇

𝑖𝑗𝑡

𝐶𝑙𝑖𝑐𝑘𝑠𝑖𝑗𝑡

𝐶𝑙𝑖𝑐𝑘𝑠𝑖𝑗𝑡!
 (1) 

where 𝐶𝑙𝑖𝑐𝑘𝑠𝑖𝑗𝑡 indicates the number of clicks received for keyword 𝑖 and ad copy 𝑗 

during week 𝑡. 𝑋𝑖𝑗𝑡 is a vector of explanatory variables. The expected value of 𝐶𝑙𝑖𝑐𝑘𝑠𝑖𝑗𝑡is 

as follows: 

 𝜇𝑖𝑗𝑡 = 𝑒𝑋𝑖𝑗𝑡𝛽 (2) 

 𝑋𝑖𝑗𝑡 𝛽 =  𝛽0 + 𝛽1𝐷𝑖𝑓𝑓𝑉𝑒𝑟𝑡𝑖𝑐𝑎𝑙𝑗 + 𝛽2𝐷𝑖𝑓𝑓𝐻𝑜𝑟𝑖𝑧𝑜𝑛𝑡𝑎𝑙𝑗 + 𝛽3𝑃𝑟𝑒𝑠𝑐𝑟𝑖𝑝𝑡𝑖𝑣𝑒𝑗

+ 𝛽4𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑠𝑖𝑗𝑡 

(3) 

As mentioned, our main independent variables of interest are three dummy 

variables, DiffVertical (for vertical differentiation ad copy), DiffHorizontal (for 

horizontal differentiation ad copy), and Prescriptive (for prescriptive ad copy). The 

control ad copy (Control) serves as our basline, which is omitted. The coefficients 𝛽1, 𝛽2, 

and 𝛽3 capture the incremental effectiveness of the vertical differentiation, horizontal 

differentiation, and prescriptive ad copies, relative to the control ad copy, 

respectively.𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑠𝑖𝑗𝑡 is a vector of control variables (Position and Impressions). We 

log transform both these variables to capture the non-linear effect of ad position and 

 
13 We would like to thank an anonymous reviewer for this suggestion. 
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number of impression respectively (Animesh et al., 2011; Ghose and Yang, 2009; Gong 

et al., 2018). 

                                                     Results 

Main Results 

The Poisson regression is estimated separately for high-ranked and low-ranked 

competitors being poached, which is supported by Chow test suggesting that the two 

types of competitors are different(𝜒2(2) = 77.36, 𝑝 < 0.001). Further, the Wald test of 

whether all the estimated coefficients in the model are zero shows that overall the models 

are significant for both high-ranked competitors ( 𝜒2(4) = 257.30.13, 𝑝 < 0.001) and 

low-ranked competitors( 𝜒2(4) = 91.82, 𝑝 < 0.001). Robust standard errors are 

clustered at the keyword level. 

The results of the Poisson regression are presented in Table 6 and provide support 

for our hypotheses.14 Columns 1 and 2 present the results from our basic model. To 

control for competitor level heterogeneity and seasonality, we further introduce fixed 

effects at the competitor and week levels as shown in Columns 3 and 4. First, the results 

in Column 1 suggest that when poaching from high-ranked competitors, the vertical 

differentiation ad copy (DiffVertical) is more effective in generating clicks than the 

control ad copy (the baseline), which supports hypothesis H1. With respect to magnitude, 

the coefficient of 0.770 for DiffVertical in Column 1 indicates that using vertical 

differentiation ad copy (compared to the control ad copy) would lead to an increase in the 

number of clicks by 116 percent. The coefficients of other ad copy variables were not 

 
14We also replicated our main analyses using the Negative Binomial model as reported in Table C1 in 

Online Appendix C. The results concur with our results here. 
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significantly different from zero, suggesting that their effectiveness does not differ 

significantly from that of control ad copy when poaching from high-quality competitors.  

Table 6. 

Poisson Regression (Study 1) 

Dependent Variable: 

Clicks 

(1) (2) (3) (4) 

VARIABLES High-ranked 

competitors 

Low-ranked 

competitors 

High-ranked 

competitors 

Low-ranked 

competitors 

DiffVertical 0.770*** 0.275 0.752** 0.265  
(0.290) (0.271) (0.311) (0.250) 

DiffHorizontal -0.0957 0.609** -0.0935 0.618**  
(0.559) (0.293) (0.577) (0.270) 

Prescriptive 0.549 0.343 0.539 0.394  
(0.348) (0.391) (0.345) (0.393) 

log(Position) -0.602 -0.291 -0.482 0.504  
(0.809) (0.589) (1.461) (1.864) 

log(Impressions) 1.001*** 0.799*** 1.536** 0.744  
(0.149) (0.191) (0.704) (0.462) 

Constant -4.822*** -4.325*** -7.251* -5.983*  
(1.860) (1.182) (3.937) (3.495) 

Keyword fixed effects No No Yes Yes 

Time fixed effects No No Yes Yes 

log likelihood -146.068 -162.606 -138.35 -145.01 

Observations 240 288 240 288 

Note.  Robust standard errors clustered at keyword level in parentheses. * p<0.1, ** 

p<0.05, *** p<0.01  

Results from Column 2 indicate that the horizontal differentiation ad copy 

(DiffHorizontal) is more effective than the control ad copy when poaching from low-

ranked competitors, supporting hypothesis H2. Again, we could interpret this as given all 

other things are held constant using horizontal differentiation ad copy (compared to the 

control ad copy) would lead to an increase in the number of clicks by 84 percent. We 

present the visualization of the estimated effects in the form of margins plots in Online 



    33 

Appendix D for both high- and low-ranked competitors substantiating our claim further. 

Our results also suggest that the prescriptive ad copy does not have any significant effect 

across either high- or low-ranked competitors compared to the control ad copy. 

Therefore, H3 is not supported. The results of the fixed effects Poisson model are shown 

in Columns 3 and 4 in Table 6 and remain consistent. 

Distance and Poached Competitor’s Own Ad 

To test hypothesis H4, we include Distance in our regression to account for the 

distance between XYZ University and the poached competitor (in miles).To test 

hypothesis H5, we include the variable Ad_Presence to account for the presence of 

sponsored ads from the poached competitor. In addition, we introduce a new variable, 

Countofads to control for the average number of ads displayed on the sponsored search 

results page in a given week when a user is searching for a specific keyword. The results 

of the Poisson model are shown in Table 7.15 

From Table 7, we observe that the main effect of the ad copies remains 

qualitatively similar to that of Table 5.16For both high-ranked and low-ranked 

competitors, when the distance between the focal University and the poached competitor 

increases, the poaching traffic (Clicks) decreases across all ad copy variations, which 

supports hypothesis H4. We can interpret this result as given all other things are held 

constant, a one percent increase in the physical distance between the poached and 

 
15The Distance variable captures the physical distance from each competitor to XYZ University. Therefore, 

this variable is constant for each competitor. Thus, we cannot add competitor fixed effects in this version of 

the model (as the effects of these variables would be absorbed by competitor fixed effects).  

 
16Results from an equivalent Negative Binomial specification are reported in Table C2 in online Appendix 

C and concur with results from the Poisson model in Table 7.Also, the results remain consistent after 

adding time fixed effects. 
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poaching school will have a 16.8 percent decrease in the number of clicks for high-

ranked programs (Column 3) and a 14.6 decrease in the number of clicks for low ranked 

programs (Column 4). Further, we find that the coefficient for Ad_Presence is positive  

 

Table 7. 

Distance and Poached Competitor’s Own Ad (Study 1) 

Dependent 

Variable: Clicks 

(1) (2) (3) (4) 

VARIABLES High-ranked 

competitors 

Low-ranked 

competitors 

High-ranked 

competitors 

Low-ranked 

competitors 

DiffVertical 0.765*** 0.272 0.759*** 0.303 
 

(0.283) (0.276) (0.284) (0.258) 

DiffHorizontal -0.107 0.602** -0.0941 0.574** 
 

(0.562) (0.282) (0.561) (0.269) 

Prescriptive 0.543 0.336 0.542 0.364 
 

(0.346) (0.383) (0.337) (0.379) 

log(Position) -0.219 -0.333 -0.323 0.402 
 

(0.883) (0.397) (1.109) (0.527) 

log(Impressions) 1.288*** 1.064*** 1.385*** 1.141*** 
 

(0.386) (0.232) (0.404) (0.275) 

log(Distance) -0.195* -0.172** -0.168** -0.146*** 
 

(0.108) (0.0757) (0.0733) (0.0346) 

Ad_Presence 
  

0.668*** -0.719*** 
   

(0.105) (0.206) 

Countofads   0.000377 0.00347 

   (0.000772) (0.00212) 

Constant -5.451** -4.320*** -6.461** -6.287*** 

 (2.443) (0.878) (2.873) (1.737) 

log likelihood -143.95 -159.88 -141.744 -151.601 

Observations 240 288 240 288 

Note. Robust standard errors clustered at keyword level in parentheses. * p<0.1, ** 

p<0.05, *** p<0.01  
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for the high-ranked competitors and negative for the low-ranked competitors (Columns 3 

and 4, respectively). This suggests that when poaching from high-ranked competitors, the 

presence of the poached competitor’s own ad has a positive association with the click-

through of the focal advertiser, while for low-ranked competitors there is a negative 

association. Thus, we can say that given all other things are held constant, for high-

ranked schools the presence of poached school’s own ad would lead to an increase in the 

number of clicks by 95 percent. Similarly, given all other things are held constant, for 

low-ranked schools the presence of poached school’s own ad would lead to a decrease in 

the number of clicks by 49 percent. Thus, hypothesis H5 is also supported. The marginal 

plots of log(Distance) and Ad_presence as shown in Online Appendix D. 

To further examine the effect of competition among sponsored search ads in 

competitive poaching, we perform content analysis to analyze textual data from ad copies 

of all sponsored search ads that appear when a consumer searches for a given keyword of 

a poached competitor, using data scraped from Google on all the sponsored search 

results. The main results remain consistent after controlling the types of ad copies used 

by other competing ads (please refer to online Appendix E for more details).  
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                                                          Study 2 

The first study was conducted in the context of the higher education industry, which 

raises concerns about whether the results are generalizable to other industries. Moreover, 

one can argue that the use of a single version for each type of ad copy raises concerns 

about how well these ad copies convey the differentiation strategies.17 To address these 

limitations, we collected data from a second study which was conducted in the context of 

the automobile industry. For this study, we collaborated with a firm that owns and 

operates auto dealerships in the Northeastern United States selling Audi cars. 

Experimental Design 

In the second study, the focal auto dealership company runs competitive poaching 

campaigns on Google to poach from other auto brands. As in study 1, we consider both 

high-ranked (Infiniti, Volvo, and Lexus) and low-ranked brands (Kia, Hyundai, and 

Chevrolet). The high-ranked brands have consistently appeared at the top of luxury car 

rankings across multiple well-established car ranking authorities for consecutive years18. 

Likewise, the low-ranked brands have not appeared on these lists. We identified car 

dealerships for these brands within the same geographical area as the focal brand. The 

experiment ran for 3 months. 

Our ad copy variations are presented in Table 8. As seen, we include two variants 

for each type of ad copy. Further, we make the control group more neutral, with one ad 

 
17We’d like to thank an anonymous reviewer for raising this point. 

18JDPower:https://www.jdpower.com/Cars/Ratings/quality/2017/compact-premium-suv; 

USNEWS:https://cars.usnews.com/cars-trucks/rankings/luxury-compact-suvs, 

https://cars.usnews.com/cars-trucks/best-luxury-3-row-suvs-for-families; Kelly Blue Book: 

https://www.kbb.com/articles/best-cars/best-small-luxury-cars-for-2020/. 
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copy repeating the headline, and the other repeating the name of the car dealership. Each 

time a consumer searches for a specific competitor keyword (e.g., Infiniti) in the same 

geographical area using Google’s search engine, one of the eight ad copies is randomly 

displayed to the consumer. 

Table 8. 

Types of Ad Copies (Study 2) 

Vertical Differentiation Ad Copy 

(DiffVertical) 

Version 1 

Audi Wynnewood - Upgrade To An Audi 

Today. 

www.audiwynnewood.com/ 

Get the 2019 Audi Q5. Best-Selling Luxury 

Car. Ranked #1 in Performance. 

 

Prescriptive Ad Copy (Prescriptive) 

Version 1 

Audi Wynnewood - Upgrade To An 

Audi Today. 

www.audiwynnewood.com/ 

Get the 2019 Audi Q5. Feel the Luxury. 

Have the Power. 

 

Version 2 

Audi Wynnewood - Upgrade To An Audi 

Today. 

www.audiwynnewood.com/ 

Get the 2019 Audi Q5. Best-Selling Luxury 

Car. Ranked #1 in Dependability. 

Version 2 

Audi Wynnewood - Upgrade To An 

Audi Today. 

www.audiwynnewood.com/ 

Get the 2019 Audi Q5. Have the Power. 

Push the Limits. 

 

Horizontal Differentiation Ad Copy 

(DiffHorizontal) 

Version 1 

Audi Wynnewood - Upgrade To An Audi 

Today. 

www.audiwynnewood.com/ 

Get the 2019 Audi Q5. Extreme Versatility. 

Great Driver Assistance. 

Control Ad Copy (Control) 

 

Version 1 

Audi Wynnewood - Upgrade To An 

Audi Today. 

www.audiwynnewood.com/ 

Get the 2019 Audi Q5. Upgrade To An 

Audi Today. 

Version 2 

Audi Wynnewood - Upgrade To An Audi 

Today. 

www.audiwynnewood.com/ 

Get the 2019 Audi Q5. Customized 

Driving. Great Adaptability. 

 

Version 2 

Audi Wynnewood - Upgrade To An 

Audi Today. 

www.audiwynnewood.com/ 

Get the 2019 Audi Q5. Audi 

Wynnewood. 
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We conducted a series of tests to further check for proper randomization in the 

experiment. Table 9 suggests that the four different ad copies have similar numbers of 

impressions in our data. We further break down the impression counts by the ranking of 

the brands (high versus low), and find that randomization still holds. An ANOVA test 

(𝐹(3) = 0.53, 𝑝 > 0.664) finds no significant difference in the impressions between the 

four types of ad copies. Second, we perform a series of t-tests as shown in Table 10 for 

pairwise comparison and fail to find significant difference in impressions between any 

pair of ad copy types. Finally, we perform a Tukey’s HSD test (Abdi and Williams, 2010) 

as shown in confirming no significant difference between ad copy types (please refer to 

Table B7 Online Appendix B for more details). These tests provide support for proper 

randomization in the experiment. Similar to study 1, the total number of impressions for 

low-ranked brands is considerably lower than for high-ranked brands. This is expected 

since high-ranked brands are more popular and tend to have higher search volume. 

 

Table 9. 

Randomization Check (Study 2) 

Ad Copy Control DiffVertical DiffHorizontal Prescriptive 

Total Impressions  1005 1055 1014 1030 

Impressions for 

high-ranked brands 
748 779 731 758 

Impressions for low-

ranked brands 
257 276 283 272 
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Table 10. 

T-Test for Number of Impressions by Ad Copy (Study 2) 

Ad copy pairs Mean of 

first ad 

copy 

group 

Mean of 

second ad 

copy 

group 

T-stat of 

difference 

in means 

p-value of 

difference 

in means 

Control vs. DiffVertical 7.613 8.577 1.161 0.246 

Control vs. DiffHorizontal 7.613 8.311 -0.866 0.376 

Control vs. Prescriptive 7.613 7.923 -0.378 0.705 

DiffVerticalvs. DiffHorizontal 8.577 8.311 0.316 0.752 

DiffVerticalvs. Prescriptive 8.577 7.923 0.752 0.452 

DiffHorizontalvs. Prescriptive 8.311 7.923 0.468 0.639 

 

As in study 1, we observe that the average cost per click is statistically 

insignificantly different across ad copies of the same keyword (Tables B6 in Online 

Appendix B). Due to changes in Google AdWords’ policy, we did not obtain data about 

the average position at which the ad appears in the second experiment. Instead, Google 

provided information on the percent of times an ad appears in the top three positions in 

the sponsored listings (ImpressionsTop).19 The difference in ImpressionsTop is 

statistically insignificant across the four types of ad copies (Tables B5 in Online 

Appendix B), suggesting that all ad copies appeared in the top three positions about the 

same number of times.  

Data and Model 

As in the first experiment, the unit of analysis is at the level of keyword, ad copy, 

and week. The descriptive statistics are shown in Table 11.  

 
19For more details, please refer to Google Ads Help: https://support.google.com/google-

ads/answer/7501826?hl=en (accessed May 18, 2020). 
 

 

https://support.google.com/google-ads/answer/7501826?hl=en
https://support.google.com/google-ads/answer/7501826?hl=en
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Table 11. 

Descriptive Statistics (Study 2) 

VARIABLE Observations Mean Std. Dev. Min Max 

Clicks 490 0.145 0.429 0 2 

Impressions 490 8.094 6.587 0 29 

ImpressionsTop 490 0.851 0.228 0 1 

Distance 490 4.200 3.200 0.35 9.2 

Ad_Presence 490 0.634 0.482 0 1 

 

In our data, the main dependent variable is the number of clicks (Clicks). Figure 

13 in Online Appendix C shows the distribution of the dependent variable. As is evident 

from the figure, the number of clicks is a count variable with a predominant number of 

zeros and has a highly skewed distribution. Similar to study 1, we estimate a Poisson 

model, with the number of clicks as the dependent variable. We first use a basic Poisson 

regression without fixed effects, then use a PPML estimator with keyword and time fixed 

effects. Robust standard errors are clustered at the keyword level. 

                                                     Results 

Main Results 

The results of the Poisson model are presented in Table 12.20 The analysis is 

performed separately for high-ranked and low-ranked brands being poached, which is 

supported by Chow test suggesting that the two types of brands are different (𝜒2(2) =

28.07, 𝑝 < 0.001). Further, the Wald test of whether all the estimated coefficients in the 

model are zero shows that overall, the models are significant for both high-ranked 

brands( 𝜒2(6) = 43.49, 𝑝 < 0.001) and low-ranked brands( 𝜒2(6) = 13.38, 𝑝 < 0.03). 

 
20 The equivalent negative binomial model is shown in table C3 in Online Appendix C.  
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Table 12. 

 Poisson Model (Study 2) 

Dependent Variable: 

Clicks 

(1) (2) (3) (4) 

VARIABLES High-

ranked 

competitors 

Low-

ranked 

competitors 

High-

ranked 

competitors 

Low-

ranked 

competitors 

DiffVertical 0.123*** -0.181 0.103*** -0.408  
(0.0259) (1.652) (0.0383) (1.919) 

DiffHorizontal -0.0486 0.612*** -0.0608 0.754*  
(0.107) (0.0445) (0.136) (0.390) 

Prescriptive -0.382 0.204 -0.356 0.250  
(0.385) (1.736) (0.351) (2.112) 

log(Impressions) 1.251*** 1.729*** 1.078*** 1.698*** 

 (0.254) (0.389) (0.349) (0.0525) 

ImpresssionsTop 5.189*** -2.789*** 2.957* -2.386***  
(0.139) (0.841) (1.682) (0.673) 

Constant -9.168*** -3.850*** -5.839*** -3.712*  
(0.915) (1.293) (0.732) (2.191) 

Keyword fixed effects No No Yes Yes 

Time fixed effects No No Yes Yes 

log likelihood -134.81 -41.042 -125.62 -32.69 

Observations 245 245 245 245 

Note. Robust standard errors clustered at keyboard level in parentheses * 

p<0.1,**p<0.05,*** p<0.01  

Columns 1 and 2 of Table 12 present the results of our main model. The results in 

Columns 1 suggest that when poaching from high-ranked competitors, vertical 

differentiation ad copies (DiffVertical) are more effective in driving clicks than control ad 

copies (the baseline), which supports hypothesis H1. With respect to magnitude, the 

coefficient of 0.123 for DiffVertical in Column 1 indicates that holding everything else 

constant, for high-ranked brands using vertical differentiation ad copies (compared to 

control ad copies) would lead to an increase in the number of clicks by about 13 percent. 

From Column 2, we find that while poaching from low-ranked brands, horizontal 
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differentiation ad copies (DiffHorizontal) are more effective in driving clicks than control 

ad copies, thus supporting hypothesis H2. With respect to the magnitude, the coefficient 

of 0.612 for DiffHorizontal in Column 2 indicates that for low-ranked brands holding 

everything else constant, using horizontal differentiation ad copies (compared to the 

control ad copy) would lead to an increase in the number of clicks by 84 percent. We 

further find that the effectiveness of prescriptive ad copies is not statistically significantly 

different from that of the control ad copies for either high- or low-ranked brands, which 

indicates that hypothesis H3 is not supported in our second study as well. Columns 3 and 

4 present the results of the fixed effects specification and show that the results remain 

consistent after controlling for keyword and week fixed effects. The marginal plots for 

these effects are given in Figure 21 in Online Appendix D. 

Distance and Poached Competitor’s Own Ad 

The results examining the role of Distance and Ad_Presence are presented in 

Table 13. First, similar to study 1, we find that after including distance and competition, 

our main effects still remain consistent. Second, for both high-ranked and low-ranked 

competitors, when the distance between the focal brand and the poached brand increases, 

the poaching traffic (Clicks) decreases, which shows that hypothesis H4 is supported in 

study 2 as well. Third, we find that the coefficient for Ad_Presence is positive for the 

high-ranked brands and negative for the low-ranked brands, supporting hypothesis H5. 

These results are consistent with the results of the first experiment suggesting that for 

high-ranked brands, the presence of poached brand’s own ad has a positive association 

with the click-through of the focal advertiser, while for low-ranked brands it has a 
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negative association. We also repeat our analysis using a negative binomial model and 

find that the results remain consistent (please see Online Appendices C and D for the 

results of the negative binomial model and the marginal plots for Distance and 

Ad_Presence). 

 

Table 13. 

 Impact of Distance and Poached Competitor’s Own Ad (Study 2) 

Dependent Variable: 

Clicks 

(1) (2) (3) (4) 

VARIABLES High-

ranked 

competitors 

Low-

ranked 

competitors 

High-

ranked 

competitors 

Low-

ranked 

competitors 

DiffVertical 0.142*** -0.180 0.144*** -0.134  
(0.0313) (1.633) (0.0379) (1.864) 

DiffHorizontal -0.0705 0.610*** -0.0716 0.522***  
(0.173) (0.0906) (0.173) (0.0863) 

Prescriptive -0.345 0.207 -0.344 0.149  
(0.395) (1.708) (0.394) (1.992) 

log(Impressions) 0.686*** 1.708*** 0.628 1.630*** 

 (0.258) (0.280) (0.489) (0.0373) 

ImpressionsTop 2.787** -2.776** 2.762** -2.456* 

 (1.199) (1.142) (1.229) (1.461) 

log(Distance) -0.697*** -0.142 -0.840* -1.127*** 

 (0.0599) (0.288) (0.476) (0.413) 

Ads_Presence 
  

13.86*** -1.608*** 

 
  

(3.314) (0.472) 

Countofads 
  

0.0198 -0.00459    
(0.0439) (0.0199) 

Constant -5.861*** -3.631*** -19.70*** -1.619  
(1.062) (1.186) (2.333) (2.384) 

log likelihood -127.55 -41.02 -127.03 -38.67 

Observations 245 245 245 245 

Note: Robust standard errors clustered at keyword level in parentheses. * p<0.1,** 

p<0.05,*** p<0.01 
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                                 Manipulation Checks for Ad Copy Variations 

We conduct manipulation checks for both experiments to check the agreeability of 

raters to our ad copy classification. This is done using two separate studies conducted on 

Amazon Mechanical Turk (AMT) to check the reliability and consistency of our ad copy 

classification. 

Reliability study 

In this study, we design a survey hosted on AMT to check the intercoder 

agreeability of coders as they independently code our ad copies into any of the four ad 

copy categories. From study 1 we have four ad copies (as shown in Table 2) and from 

study 2 we have eight ad copies (as shown in Table 8). Thus, in total we have 12 ad 

copies. The details of the reliability study are provided in Online Appendix F. At the end 

of the study, we analyzed the responses of those coders who correctly attempted the 

study. Because this is a multi-user agreement context, we employ Fleiss-kappa (Fleiss et 

al. 1979), a variation of Kohen’ kappa coefficient but for more than two users. According 

to Fleiss et al. (1979), a reliability statistic of more than 0.4 indicates fair to good level of 

reliability. As seen in Table 14, the Kappa values suggest that we have fair to good levels 

of reliability across our ad copies. 

Table 14. 

Reliability of Ad Copy Classification 

Outcome Ad Copy Type Kappa Z Prob>Z 

DiffVertical 0.542 25.86 0.000 

DiffHorizontal 0.481 22.97 0.000 

Prescriptive 0.470 22.44 0.000 

Control 0.701 33.46 0.000 
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Consistency Study 

We further carry out an AMT study to look at agreeability among raters on a 7-point 

likert scale on our ad copy classifications. Similar to the reliability study, the raters are 

first shown the definitions of each of the ad categories followed by questions where they 

rate on a 7-point scale (from 1-strongly disagree to 7-strongly agree) on how much they 

think a phrase aligns with (i) vertical differentiation, (ii) horizontal differentiation, (iii) 

prescriptive, or (iv) control. This reflects with what the literature has documented about 

measuring agreement among raters (Ordabayeva and Fernandes, 2018). The details of 

this study are provided in online Appendix F. This study leads to further justification for 

proper ad copy categorization. 

                                                 Robustness Checks 

To test the robustness of our results, we replicated our analyses using several 

alternate models. First, we consider the negative binomial model, with the dependent 

variable as the number of clicks. For both study 1 and study 2, the results of the negative 

binomial model concur with the results from the Poisson model. Second, we consider 

generalized linear models (GLM), assuming that the number of clicks (Clicks) generated 

from a certain number of impressions (Impressions) follows a binomial distribution, with 

either a probit or logit link.21 Our dependent variable for the GLM specification is 

whether there was a click or not (click/no click). For both study 1 and study 2, the results 

are qualitatively unchanged. Third, we consider an alternate dependent variable: click 

through rate (CTR), instead of clicks. Since CTR takes fractional values between zero 

 
21 For more details about GLM with probit and logit link functions, please refer to Nelder and Baker (2004). 
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and one, we run fractional logit and probit models. The results remain qualitatively 

consistent. All the results of the robustness checks are provided in online Appendix C. 

                                                      Conclusion 

This study seeks to understand how firms can use differentiation strategies in their ad 

copies to poach customers from their competitors using search advertising. We examine 

the effectiveness of different types of ad copies for poaching from different types of 

competitors (high-quality versus low-quality). We also explore the role of competitors’ 

location and the presence of the poached brand’s own ads in determining the 

effectiveness of competitive poaching. To our knowledge, this is one of the first 

empirical examinations of competitive poaching on how firms can highlight different 

types of product differentiation strategies in ad copies while bidding on keywords of 

different types of competitors (high-quality versus low-quality). Our empirical analysis, 

consisting of two randomized field experiments, provides a rich context for studying how 

consumers respond to competitive poaching, and how this response varies by the type of 

poached competitors.  

Our main findings are as follows. First, when poaching on keywords of high-

quality brands, only vertical differentiation ad copies are more effective compared to ad 

copies that do not communicate any information about product attributes (control). 

Second, when poaching from low-quality brands, horizontal differentiation ad copies are 

more effective compared to ad copies that do not communicate any information about 

product attributes. Third, the effectiveness of competitive poaching increases as the 

distance between the focal brand and the poached brand decreases. Finally, the presence 
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of the poached brand’s own ad has a positive (negative) association on the click 

performance of the poaching brand when the poached brand is high-quality (low-quality).  

 The research makes several contributions to the literature. First, we contribute to 

the literature on search advertising. Thus far, there has been limited research on 

competitive advertising where one firm bids on keywords related to its competitors 

(Sayedi et al., 2014; Desai et al., 2014; Du et al., 2017). Further, effective ad copy design 

in search advertising remains a nascent field. Only a handful of IS studies have examined 

message design in this space (e.g., Animesh et al., 2011), and have focused on only a 

small list of ad copies in a generic context (not the competitive poaching context). 

Competitive poaching provides a unique context to study product differentiation in ad 

copies because the consumer evaluates the focal firm’s ad copy in the context of the 

brand / keyword for which she initially searched for. While Animesh et al. (2011) mainly 

examine different ad copies, we consider the interaction between the types of ad copies 

and the types of keywords. Second, we extend the message framing literature, by 

investigating how message framing has differential effects across consumers as they 

search for high-quality versus low-quality brands. 

Our work also has implications for managers regarding how to optimize strategies 

when bidding on competitors’ keywords. An increasing number of firms across different 

industries are bidding on competitors’ keywords, and a key question that arises is how to 

make competitive poaching more effective, considering that consumers reveal their 

preference for another brand. Our study takes the first step in that direction by prescribing 

that firms can show different ad copies to customers who are looking for a high-quality 
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brand versus a low-quality brand. In a search engine ad manager (such as Google 

AdWords), this can be operationalized by creating different campaigns for different brand 

specific keywords. Table 15 shows the overall strategies that managers should follow 

while poaching on competitors of different quality based on findings from our study. 

Since, it is an intriguing conundrum where firms, on the one hand, need to counter 

poaching on their own keywords, while, on the other hand, effectively design strategies to 

poach on others’ keywords. This calls for the involvement of policymakers to formulate 

search engine policies accordingly. Future research could examine other strategic tools 

such as bid adjustment and quality of landing page, which could also be manipulated to 

the firm’s advantage. 

Table 15. 

Overall Strategy for Poaching Brands 

Strategy Poaching from high-ranked 

competitors 

Poaching from low-ranked 

competitors 

Type of ad 

copy 

Vertical differentiation ad copies 

should be used. 

Horizontal differentiation ad 

copies should be used. 

Competitor 

distance 

Poaching from brands that are 

close by (in terms of distance) is 

more effective. 

Poaching from brands that are 

close by (in terms of distance) is 

more effective. 

Presence of 

poached 

brand’s own ad 

Presence of poached brands’ 

own ad is associated with higher 

ad effectiveness and should 

make marketers advertise more. 

Presence of poached brands’ own 

ad is associated with lower ad 

effectiveness and should make 

marketers advertise less. 

 

There are a few limitations of our study. First, due to our inability to manipulate 

distance and the presence of the poached competitor’s own ad, we cannot unequivocally 

ascertain the causal effect of these factors. We thus cautiously interpret our findings as 
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associations rather than strong causal effects. Second, we focus our analysis mostly on 

clicks due to the limited number of conversions in the time frame of our data. Third, our 

data are aggregated at the weekly level as provided by Google AdWords and we do not 

have data at a more granular level (e.g., the request level), which could increase 

estimation efficiency. Finally, in both the field experiments, the product is one that can be 

classified as a high-quality product. These limitations notwithstanding, this paper takes 

one of the first steps in understanding factors that influence the success of competitive 

poaching. Future research can build on our findings by examining other micro issues 

related to this interesting phenomenon such as the effect of other competing ads, 

poaching by a low-quality firm, observing alternate outcomes such as conversion rates, 

and the effect of competitive poaching on consumers at different stages of the conversion 

funnel.  
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CHAPTER 2 

FRIEND OR FOE: SEARCH ENGINE ADVERTISING STRATEGIES WHEN 

CONTRACTING WITH AN ONLINE SEARCH INFOMEDIARY 

 

                                                     Introduction 

As the size of global e-commerce market crossed $3 trillion in 2019 (Clement 

2019), it has given rise to a variety of firms that provide information related services to 

consumers. These firms, known as infomediaries, play a key role in matching the 

information demand and supply on the internet (Wyman, 2019). For example, in the auto 

industry, infomediaries (such as cars.com, cargurus.com, and edmunds.com) provide 

information related services to car buyers such as expert opinions on car models, 

consumer reviews and reports, and/or inventory levels at different dealerships. Prior 

research has established that such infomediaries help reduce the search costs for 

consumers who can make more informed purchase decisions (Bakos, 1997; Brynjolfsson 

and Smith, 2000). 

The value of infomediaries to a seller is not only through the information provided 

by the infomediary about the seller’s products and services to customers, but also through 

referring customers to the seller’s website, often in exchange for a payment (Chiou and 

Tucker, 2012; Zhang and Duan, 2014). Since search engine advertising has emerged as 

the dominant form of online advertising (Silverman, 2018), it is not surprising that both 

sellers and infomediaries compete for a spot on sponsored search results. In this paper, we 
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refer to the sellers as Parents and such infomediaries that compete with sellers on 

sponsored search listings as online search infomediaries (OSIs). 

Existing literature has shown that infomediaries, such as OSIs, benefit Parents by 

generating additional demand through their role as third-party affiliates (Libai et al., 

2003; Gregori et al., 2014). However, the interplay between a Parent and its OSI, while 

competing for a spot on sponsored search listings, is complex and can be influenced by a 

variety of environmental factors, such as traffic quality and advertising effectiveness. 

Yet, existing research does not consider how these two strategic partners adopt various 

payment and advertising strategies under different environmental conditions. Our work 

addresses this gap in the literature by deriving the equilibrium payment and advertising 

strategies to be adopted by the Parent and the OSI. 

                                                   Motivation 

Let us now exemplify the dynamics between a Parent and its OSI when they 

advertise on a common search engine. When a consumer searches for a keyword (e.g., 

Audi cars or Chase Sapphire Reserve credit card), the sponsored search results on search 

engines frequently feature an OSI (e.g., edmunds.com or creditcards.com), along with the 

Parent (e.g., an Audi dealership or Chase.com), as shown in Figure 3. 

Once a consumer clicks on the OSI’s sponsored listing on the search engine, she 

is directed to the OSI’s website. The OSI, apart from providing information such as 

product reviews or inventory, can also redirect the consumer either to the Parent or to any 

of the Parent’s direct competitors, by serving advertisements on its site or displaying 

content in a manner favorable to a particular firm. The dilemma for the Parent is the 
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following. On one hand, partnering with the OSI results in an increase in traffic redirected 

from the OSI, and a decrease in traffic being leaked from OSI to other sellers. On the 

other hand, the OSI costs the Parent not only in terms of the direct commission that it 

 

Figure 3. Examples of Simultaneous Parent and OSI Advertising 

  

 

pays the OSI, but also in terms of increased advertising costs generated due to 

competition between the OSI and the Parent on the sponsored search listing. Therefore, a 

Parent needs to decide the optimal payment term and the advertisement level carefully 

considering both effects. 

The goal of this paper is to provide theoretical and managerial insights about 

payment and advertising strategies adopted by a Parent and its OSI under different 

contractual settings when they advertise on a common search engine. This research is 

partly motivated by our conversations with the CEO of a chain of car dealerships in 

southeastern Pennsylvania, whose dealerships contract with cars.com by paying a fixed 
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fee, which is determined by cars.com, with the implicit understanding that cars.com 

would generate a given threshold of leads.22While the current contract is akin to a pay-

per-lead contract, where the OSI gets a payment for every lead that it brings in for the 

Parent, the alternate contract is a pay-per-conversion contract, where the payment to the 

OSI is a fraction of the revenue that the OSI brings in for the Parent. A key issue facing 

the company is whether their payment and advertising strategies under the current 

contractual arrangement are optimal, and how they will change if the alternate contractual 

mechanism is chosen. From the perspective of online advertising, the first contract is 

similar to the CPC (cost per click) payment model, while the second contract is similar to 

the CPA (cost per action) payment model.23 

These two types of contracts differ not only by the nature of the payment terms, 

but also by the party who determines the payment terms. As Libai et al. (2003) 

demonstrate, when the OSI has more power (e.g., the Parent deals with a single large 

OSI), the OSI offers a contract that stipulates the Parent to pay for every lead the OSI 

generates. On the other hand, when the Parent has more power in the negotiation (e.g., 

working with many competing OSIs), the Parent offers the OSI a contract with a 

commission on the sales originating out of a converted lead, that is, the Parent pays a 

commission to the OSI based on the amount of revenue that the OSI generates for the 

Parent. We adopt the terminology used in the literature to define these commonly used 

contracts in the context of the Parent-OSI relationship (Ho et al., 2017): the former is 

 
22Private communications with the dealership. The name is omitted for confidentiality. 

23In the CPC model, the advertiser pays for every click on their link. In contrast, in the CPA model, the 

advertiser pays only for an action, such as the conversion on the advertiser’s website, filling out a request 

form, in-app sale, etc. (Mookerjee et al. 2012). 
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referred to as the lead-based contract (referred as LBC hereafter), and the latter is 

referred to as the commission-based contract (referred as CBC hereafter). LBC is similar 

to how infomediaries like Yes mail and Bizrate charge their clients for every referral that 

they make irrespective of whether those referrals convert to actual buyers.24CBC, on the 

other hand, is similar to how Amazon.com and other e-commerce giants often charge a 

commission on the sale price of products from merchants listed on their website.25 

Although the traditional literature in affiliate marketing (Libai et al., 2003;Gregori 

et al., 2014) has emphasized the examination of these two contract types, the recent surge 

in e-commerce has led firms to apply these contractual strategies in the context of online 

selling and advertising. This has garnered fresh interest among academic scholars (Ho et 

al., 2017; Kim, 2018), who have investigated the efficacy of these contracts in the 

presence of novel mechanisms such as cash back rewards to consumers. In this paper, we 

focus on these two contracts as both the Parent and its affiliate partner (OSI) 

simultaneously advertise on the search engine. In the following subsection, we highlight 

the key findings of our study. 

                              Research Questions and Contribution 

In this section, we discuss the importance of various environmental factors in the 

Parent’s decision-making process, and how a change in each of these factors influences 

the payment and advertising strategies of the Parent and its OSI. In the subsections 

below, we explain each of these environmental factors, and highlight the research 

question and our findings for each question. 

 
24https://www.digitalfodder.com/pay-per-lead-affiliate-programs/, accessed on February 10, 2020. 

25https://sellercentral.amazon.com/gp/help/external/200336920, accessed on February 10, 2020. 

https://www.digitalfodder.com/pay-per-lead-affiliate-programs/
https://www.digitalfodder.com/pay-per-lead-affiliate-programs/
https://sellercentral.amazon.com/gp/help/external/200336920
https://sellercentral.amazon.com/gp/help/external/200336920
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 Traffic Quality 

  The quality of traffic is an important indicator of the amount of revenue the firm 

can generate from users visiting its website (Fishteyn et al., 2010), which depends not 

only on the volume of traffic (demand), but also on the quality of traffic. In this paper, we 

divide the total consumer traffic coming to the Parent as either direct traffic, indicating 

traffic that comes directly to the Parent’s website, or indirect traffic, indicating traffic that 

is redirected to the Parent through its OSI. The quality of direct traffic is defined by the 

expected revenue generated through the conversion of consumers who land directly on 

the Parent’s website following its advertisement. Similarly, the quality of indirect traffic 

is defined by the conversion rate of consumers who are redirected to the Parent’s website 

from the OSI’s website, where they had initially landed following the OSI’s 

advertisement. 

We first investigate the impact of an increase in the quality of consumer traffic 

coming directly to the Parent’s website. When the quality of traffic coming to the Parent 

directly increases, one would intuitively expect that the Parent would generally increase 

advertisement to capture the high quality traffic, which in turn would increase its profit 

(Deal, 1979; Sethi, 1979; Ghose and Yang, 2008;Rutz et al., 2012; De Haan et al., 2016). 

We test this intuition by asking the following questions: As the quality of traffic coming 

directly to the Parent increases, should the Parent increase its advertising efforts? What 

is the impact of this increased traffic quality on the Parent’s profit? Our analysis reveals 

that an increase in the quality of traffic coming directly to the Parent will not necessarily 

lead to the Parent increasing its own advertising effort. We further find that the Parent 
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does not always benefit from an increase in the traffic quality. Thus, managers should be 

cautious while formulating their payment and advertising strategies related to direct 

traffic quality. They should consider both the nature of the contract being used, and 

whether the direct traffic quality is higher or lower in comparison to indirect traffic 

quality, while making these decisions. 

We then proceed to investigate the effect of improvement in the indirect traffic 

quality on the Parent’s advertising and profit. One may be tempted to think that as the 

indirect traffic quality (i.e., quality of traffic coming to the Parent via the OSI) increases, 

the Parent should reduce its own advertising and focus more on paying the OSI so that 

the OSI brings in as much indirect demand as possible. This is typical of what research in 

the stream of online infomediaries has shown (Chen et al., 2002; Ghose et al., 2007). 

Further, one would expect that as the indirect traffic quality increases, it would always 

benefit the Parent, due to the indirect revenue that the OSI would bring in, similar to what 

has been shown in the supply chain literature where integration of an indirect channel can 

increase revenue (Chen et al., 2012; Tang and Wang, 2013; Chen et al., 2016b). To 

examine this, we ask the following questions: As the quality of traffic coming from the 

OSI increases, should the Parent rely more on the OSI and reduce its own advertising 

efforts? Also, does an improvement in the quality of traffic coming to the OSI improve the 

Parent’s profit? Our results show that, as a result of the novel trade-offs arising in the 

competitive-collaborative interaction between the Parent and the OSI, the answers to 

these two questions are in contrast to the common intuition. Specifically, we find that the 

Parent may sometimes increase its advertisement effort, and also become worse off as the 
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indirect (OSI’s) traffic quality increases. Consequently, managers should account for not 

only the type of contract between the Parent and the OSI, but also the Parent’s relative 

advertising effectiveness, while deciding their payment and advertising strategies as the 

indirect traffic quality changes. 

Advertising Effectiveness 

 Another important factor that managers should consider while formulating their 

advertising and payment strategies is to monitor the firm’s relative advertising 

effectiveness compared to the other firm. The relative advertisement effectiveness of the 

Parent is a measure of how much the Parent can increase the number of direct visitors on 

its website by advertising more, given a particular level of OSI advertisement. Depending 

on its relative advertising effectiveness, the Parent will observe different volumes of 

consumer traffic coming directly to its website. Therefore, managers at the Parent need to 

determine how an increase in relative advertising effectiveness of the Parent affects the 

payment and advertising decisions, and profits of the two firms. We examine this by 

asking: Does an increase in the relative advertising effectiveness of the Parent increase 

the Parent’s profit, and hurt the OSI? 

One may intuitively think that as the relative advertising effectiveness of the 

Parent increases, the Parent would become more profitable, and the OSI would become 

worse-off (Feichtinger et al., 1994; Liu et al., 2012). However, our analysis shows that 

depending on the type of contract used, the Parent may become worse-off when it 

becomes too effective in its advertising, whereas the OSI can actually benefit from 

moderate increases in the Parent’s relative advertising effectiveness. Similar to the 
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decisions made with regards to traffic quality, managers should exercise care when 

deciding advertising (and payment) strategies in response to a change in the Parent’s 

relative advertising effectiveness depending on the type of contract between the two 

firms. While such an increase might benefit the Parent under CBC, it can potentially hurt 

the Parent under LBC. 

Proportion of Redirected Traffic 

Next, we investigate the effect of an increase in the proportion of redirection of 

the OSI’s traffic, or equivalently, a reduction in the leakage of OSI’s traffic away from 

the Parent, on the equilibrium decisions and profits. Depending on the amount of traffic 

redirected by the OSI, as compared to the amount of traffic directly coming to the Parent, 

the payment and advertising strategies adopted by the Parent and the OSI may be 

affected. Therefore, managers need to monitor the amount of redirected traffic and 

accordingly determine the payment and advertising strategies appropriate for the contract 

type chosen. We thus ask: Should the OSI be paid more to bring in more indirect demand 

as the proportion of redirected traffic increases? One may be tempted to think that as the 

proportion of OSI’s traffic redirected to the Parent increases (or the leakage decreases), 

the OSI will always be paid more to bring in as much indirect demand as possible. 

However, our analysis reveals that this might not always be the case, and that the 

equilibrium decisions depend not only on the type of contract between the two firms, but 

also on the value the OSI derives from leakage (referred to as the side payment from the 

leakage). 
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One may also want to examine the impact of increase in the proportion of 

redirected traffic on the Parent’s profit, by analyzing the following: Does an increase in 

the proportion of redirected traffic, or a decrease in the OSI traffic leakage, benefit the 

Parent? Intuitively, one would assume that an increase in the proportion of redirected 

traffic will always benefit the Parent. However, our research shows that the choice of 

contract dictates how the Parent benefits from the increased redirection. While under 

LBC, the profit of the Parent increases only when the proportion of redirected traffic is 

below a given threshold, under CBC, the profit of the Parent depends on whether the side 

payment from the leakage dominates the indirect traffic quality or vice-versa. Thus, as the 

proportion of redirection increases, managers should formulate their strategies depending 

on the current level of redirected demand, amount of side payment from the leakage, and 

the indirect traffic quality. 

OSI’s Outside Earning Opportunity 

 We also investigate the effect of an increase in the outside earning opportunity, or 

side payments, that the OSI receives, on the Parent’s advertising strategy and profit. 

Parent managers should formulate their strategies taking into account the OSI’s outside 

earning potential, since depending on the amount of revenue it can make through outside 

sources, the OSI can act strategically without relying solely on the Parent. We test the 

impact of increasing side payments by asking the following question: Does the Parent 

increase its advertising as the side payment increases? While it is intuitive that as the 

side payments increase, the OSI will always want to advertise more so as to gain as much 

possible from the increased side payment, the impact on the Parent’s advertising strategy 
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and profit are not that obvious. Our analysis shows that the equilibrium decisions differ 

depending on the contract type. While under CBC, the Parent reduces its advertising 

expenditure with increasing side payment due to the collaborative nature of the contract, 

under LBC, the Parent is forced to increase its advertising to maintain its original demand 

level. 

We also explore the impact of side payments on the Parent’s profit by asking the 

following question: How does an increase in the side payment affect the Parent’s profit? 

One may think that as the side payment increases, the Parent’s incentive would be to 

increase the compensation to the OSI, so as to benefit from the indirect demand, which in 

turn increases its profit. Our analysis, however, reveals that this is true only under CBC. 

Under LBC, the profit increases up to a threshold beyond which it starts decreasing with 

increasing amount of side payment. Thus, managers should take into consideration the 

type of contract with the OSI while making payment and advertising decisions. 

Managerial Insights 

Overall, our results show that the Parent managers should specifically consider 

the type of contract they have with their OSI, when they think about changing their 

advertisement strategy as environmental factors change. A change in the environmental 

factors, such as traffic quality, advertising effectiveness, or leakage, changes the balance 

between the competitive and the collaborative nature of the interaction between the 

Parent and the OSI differently under different contracts, resulting in interesting trade-offs. 

Further, we also demonstrate that Parents need not always focus on improving traffic 

quality (or advertising effectiveness), even if such improvement is easy to achieve. 
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From a theoretical perspective, while there exists research on the benefits that 

affiliates provide to both Parents and their consumers, we contribute to the literature on 

affiliate marketing by specifically discussing payment and advertising strategies, and 

their impact on the Parent’s profit, under two different contract regimes. Research on the 

impact of contract types on principal-agent interactions is fairly extensive in the context 

of supply chain management, but it has only recently been studied in the broad context of 

affiliate marketing. We contribute to this literature by considering the effect of 

competitive advertising, which has not been studied so far, in the context of collaborative 

affiliate-firm relationships. We further incorporate the infomediation aspect of an OSI, 

whose role as a source of information to consumers differs from the typical role of an 

affiliate. 

                                                Literature Review 

Our paper is closely related to the following streams of literature: (1) online 

infomediaries,(2) affiliate marketing, (3) supply chain contracting, and (4) competitive 

and collaborative search advertising. In this section, we briefly review each of these 

streams and highlight our contribution to each of them. 

                                   Online Search Infomediaries 

The existing literature about online infomediaries has focused on how they benefit 

Parents and their consumers. These infomediaries reduce search costs for consumers, thus 

aiding them both in their information search and purchase decisions (Bakos, 1997; 

Brynjolfsson and Smith, 2000). Online infomediaries can benefit Parents by acting as 

strategic tools “to increase their channel power and profits by diverting traffic from 
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offline to online channels” (Ghose et al., 2007), and by creating a viable mechanism for 

market segmentation and price discrimination (Viswanathan et al., 2007; Bailey et al., 

2007). While the literature also consists of studies that explore other dimensions of online 

infomediaries, such as the increase in branded versus non-branded searches in presence of 

infomediaries, or the result of network effects on infomediaries strategies (Bhargava and 

Choudhary, 2004;Waldfogel and Chen, 2006; Li et al., 2017), there is no existing 

research, to the best of our knowledge, on the equilibrium contractual strategies in the 

online search advertising context, which forms the focus of our study. 

                                             Affiliate Marketing 

While affiliate marketing has been growing in recent years, with many firms 

operating in the e-commerce utilizing third-party sellers to generate additional demand 

(Desai et al. 2010), only a handful of researchers have started investigating this 

phenomenon recently. It has now been established that search engine, social media, and 

third-party referrals have differential relationships with sales measures (Zhang and Duan, 

2014). While the literature has focused on how the utilization of affiliates impacts 

consumer clicks on paid or unpaid searches, there is limited research on the contractual 

trade-offs between a firm and its affiliate. Libai et al. (2003) show that when a firm has 

more power over its affiliate, the firm will choose to offer the affiliate a commission on 

the total revenue generated by the affiliate. On the other hand, when a firm is dependent 

on a single affiliate, the affiliate commands a fixed fee for every lead that the affiliate 

generates. 
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Recently, Ho et al. (2017) show that cash-back mechanisms run through affiliates 

may not always be useful for price discrimination, and that firms should try and contract 

with multiple affiliates. However, this body of research does not consider advertising 

strategies, which is a key consideration when contracting with partners who advertise on 

the search engine. Further, an OSI is not simply an affiliate, as it also provides valuable 

information to the consumers who may use the OSI for purposes other than being 

redirected to the Parent. We contribute to this stream of research by focusing on this 

specific nature of the OSI, and obtain equilibrium payment and advertising strategies for 

the two firms, depending on the traffic quality and advertising effectiveness of either 

firm. 

                                          Supply Chain Contracting 

The supply chain literature has a large body of literature on contract design (Ru et 

al., 2018), incorporating various improvements to the simple wholesale price contract, 

which reduce or eliminate double marginalization and improve supply chain 

coordination. These sophisticated contracts include contracts for flexibility, buy back 

policies, backup agreements, incentives, revenue sharing, quantity allocation, and 

quantity discounts to name a few. Dellarocas (2012) shows that the double-

marginalization problem still exists in the advertising world, reducing every player’s 

profit and overall social welfare. We contribute to this literature by studying the effect of 

specific contractual strategies on the lead generation mechanism, focusing on search 

engine advertising, which presents a unique context with two players collaborating and 

competing simultaneously. 
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                    Competitive and Collaborative Search advertising 

Our work also relates to the recent burgeoning literature on competitive search 

advertising (Katona and Sarvary, 2010; Xu et al., 2011; Jerath et al., 2011; Desai et al., 

2014; Sayedi et al., 2014). These researchers have investigated various strategies, ranging 

from the interaction between firms’ advertising auction and price competition, bidding 

strategies of vertically differentiated firms, and competitive poaching strategies. 

Researchers have also investigated collaborative advertising through conventional 

channels (Berger, 1972; Bergen and John, 1997; Desai, 1997; Kim and Staelin, 1999). A 

recent work in this area by Cao and Ke (2019) investigates a coordination contract where 

a manufacturer shares a fixed percentage of retailer’s spending on search advertising. We 

contribute to this literature by looking at contractual strategies between a Parent and its 

independent OSI, as they simultaneously compete and collaborate on a common search 

engine. 

                                                  The Model 

In this section, we present our main model describing the interaction between a 

Parent and an OSI under the two types of contracts, LBC and CBC, as discussed in 

Section 1.1. Consider a consumer searching for a keyword related to the industry of the 

Parent and the OSI on a common search engine. Both the Parent and the OSI can bid for a 

spot on the sponsored listings adjacent to the search results. When both firms participate 

and advertise on a sponsored search listing to attract traffic to their respective websites, 

they create a competitive environment. However, the OSI also redirects some of its traffic 
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to the Parent, creating a collaborative environment. The interplay between this 

collaboration and competition forms the basis of our model. 

                                            Consumer Demand 

Let the advertisement effort of the Parent be A and that of the OSI be B. As 

demonstrated by Ghose et al. (2007), there exists a base level of consumer traffic flow 

from unpaid searches (organic listing), not influenced by advertisements. We denote this 

base level of traffic coming to the Parent as d1, and that to the OSI as d2. In order to 

incorporate the effect of the competitive nature of the interaction, we adopt the 

commonly used Lanchester model of competitive advertisement (Little, 1979; Erickson, 

1985; Feichtinger et al., 1994; Erickson, 1995; Liu et al., 2012). The Lanchester model 

establishes that when each firm exerts effort to draw more consumer traffic to itself, the 

demand, or consumer traffic, generated by the firm (i.e., directly to the Parent, or 

indirectly from the OSI), is positively influenced by the advertising effort exerted by the 

firm (direct effect), but negatively influenced by the advertisement effort exerted by the 

competitor (indirect effect). We denote the rate of positive influence of own advertising 

on the consumer traffic as y for the Parent, and z for the OSI. 

From Ho et al. (2017) and Ballestar et al. (2018), we know that the characteristics, 

such as purchase intention, of consumers who visit the Parent directly, are different from 

those of the consumers who visit the OSI. Consequently, for consumers more inclined to 

visit a particular channel, the direct effect from that channel’s advertising dominates the 

indirect effect from the other channel. For expositional convenience, we normalize the 

rate of negative influence of the competitor’s advertising to 1, and consider y >1 and z >1 
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as the relative advertisement effectiveness of the Parent and the OSI, respectively. In 

other words, the Parent’s own advertisement A increases the consumer traffic to its 

website from the base level of d1 at the rate of y, and the OSI’s advertisement B decreases 

the traffic flowing to the Parent’s website at the rate of 1. Consequently, the net traffic, or 

consumer demand, arriving at the Parent’s website is given by: 

                                                                   D1 =d1 +Ay −B.                                                (1) 

We can similarly derive the net consumer demand arriving at the OSI’s website, as given 

below: 

                                                           D2 =d2 +Bz−A.                                                   (2) 

                                             Revenue Functions 

In sponsored search advertising, the quality of the traffic is important as it serves 

as an indicator of the amount of business the website can generate from users visiting the 

site (Fishteyn et al., 2010). In other words, the revenue of a firm depends on both the 

demand (volume of traffic) and the quality of traffic. To understand whether the quality 

of traffic could be different for the Parent and the OSI, we collected data from the car 

dealership in southeastern Pennsylvania, as given in Table 16, which shows visitor and 

form submission data for a nine-month period starting January 2018 at this 

dealership.26The form submission rate, defined as the ratio of the total number of forms 

submitted to the total number of visitors on the website, is commonly considered as a 

good proxy for quality of traffic. We find that both the number of visitors and the average 

 
26 In our conversation with the dealership, a conversion is considered to happen when a visitor to a 
website fills out and submits an online form and provides information such as name, phone number, 
and address. 
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form submission rate across both the channels differ, indicating that the volume and the 

quality of traffic coming to the Parent differ from that coming to the OSI. The quality of 

traffic coming to the Parent is often different than that going to the OSI, because 

consumers visiting the Parent directly may have a different level of interest in the 

Parent’s products compared to those visiting the OSI (Duffy 2005). 

 

Table 16. 

Difference in Traffic Quality between Parent and OSI 

Firms 
Total 

Visitors 

Total Form 

Submissions 

Average 

Submission Rate 

Parent 27,340 510 0.0186 

OSI 2,208 22 0.0099 

 

We model the quality of traffic coming to the Parent and to the OSI using 

parameters r1 ≥ 0 and r2 ≥0, which denote the average revenue generated by the Parent 

from each unit of direct and redirected traffic, respectively. While the OSI has an 

incentive to redirect consumer traffic to the Parent (Chiou and Tucker, 2012), it also 

provides independent information and links to competing firms (Hagel III and Rayport, 

1997; Hagel et al., 1999). Consequently, only a fraction δ ∈(0,1) of the traffic D2 from the 

OSI get redirected to the Parent. The remaining fraction 1 − δ may be interested in other 

information displayed by the OSI, which we refer to as leakage. Since it is the consumers 

who determine how they want to use the OSI (Ghose et al., 2007), for the purpose of this 

model, we treat δ as an exogenous parameter. 
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The total demand coming to the Parent comprises of the direct demand, D1, 

associated with quality parameter r1 per unit of traffic, and the indirect demand redirected 

by the OSI, δD2, associated with quality parameter r2 per unit of traffic. The total revenue 

earned by the Parent, using (1) and (2), is then given by: 

                  RP(A,B)=r1D1 +r2δD2 =r1(d1 +Ay −B)+r2δ(d2 +Bz−A).                               (3) 

The revenue of the OSI depends on the contractual arrangement between the 

Parent and the OSI. We adopt the two most common contracts form literature (Ho et al., 

2017; Kim, 2018) that are also widely used in practice. Under LBC, the OSI announces a 

fee or price (henceforth denoted by p) for each lead, or viewer traffic, that the OSI 

generates for the Parent firm, regardless of the actual conversion of those leads into 

revenue. Under CBC, the Parent offers a commission rate (denoted by c), which is a 

fraction of the revenue generated by the viewer traffic that resulted from the OSI’s 

efforts. 

The Parent earns revenue from the total demand from the direct and indirect 

consumer traffic r1D1 +r2δD2 as given by (3), and pays the OSI either (a) the price per 

lead for the total traffic redirected to the Parent, p, under LBC, or (b) the commission rate 

on the revenue earned from the traffic redirected from the indirect channel, c, under CBC. 

Therefore, the OSI earns revenue from the Parent, given by 

 

                                                                  (4)   
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By substituting equation (2) in equation (4) for the LBC and CBC contracts 

respectively, we obtain 

                                 (5) 

One must also acknowledge that OSIs derive their revenue not only from the 

Parent, but can also monetize their consumer base in other ways (Hagel III and Rayport, 

1997; Hagel et al., 1999). We model this value by allowing the OSI to monetize each unit 

of the traffic volume coming to the OSI through a side payment of value l1 ≥ 0. This could 

be the revenue that the OSI earns by displaying banner advertisements to all its 

consumers (Xu et al.,2014; Todri et al., 2019). Further, the OSI also derives value from 

redirecting interested consumers to different websites. While the OSI monetizes traffic 

redirected to the Parent as outlined in (5), the OSI also earns a different side payment of 

value l2 ≥ 0 from each unit of traffic leaked, i.e., not redirected to the Parent. Since the 

side payments are not determined through the interaction between the Parent and the OSI, 

we treat them as exogenous to the model. Therefore, the total revenue of the OSI is given 

by: 

                                RO (D2) =ROP +l1D2 +l2 (1−δ) D2.                                           (6) 

Substituting (2) and (5) in (6), we obtain 

                             (7) 
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                                                 Cost Functions 

It is well-established that the cost of advertising is a convex increasing (e.g., 

quadratic) function of the advertising level (Sethi, 1983; Jiang and Sarkar, 2003; Yu et 

al., 2009). Further, since both the Parent and the OSI advertise through the same search 

engine, they both compete for advertisement spots through the common search engine. 

As a result, the cost of advertisement for a player increases not only with its own 

advertisement level, but also with that of the other player. The former is the direct effect 

of advertising level on cost, while the latter is the indirect effect. 

We model both the direct and the indirect effects of advertisement levels on the 

cost. As the effort level of either player increases, the demand for advertising spots 

increases, and the cost of spots on the search engine also increases. Since the Parent 

decides to exert advertising effort A and the OSI decides to exert effort B, we adopt Sethi 

(1983) to determine their respective advertising expenditure, CP and CO, given by 

                          CP(A,B)=A2 +αB2, and CO(A,B)=βA2 +B2                                                             (8) 

where α,β∈(0,1) reflect the degrees of externalities that the firms face due to the partners’ 

efforts. 

In our base model, we have considered two players: the Parent and the OSI. Our 

focus is limited to the strategic interactions between the two players. However, on the 

search engine, it is possible to have a few more sponsored ads of other parties, which can 

have an indirect effect on the demand and cost of the Parent firm and its OSI. This can be 

captured by modifying the demand in our model to d1 + Ay − B − O, where O is the 

advertising level of the outside competitor, and the cost function to A2 + αB2 + γO2, where 
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γ represents the indirect incremental effect on cost due to outside competitor’s advertising 

(similar to α in our model). However, since we are interested in the interaction between 

the Parent and the OSI, we treat the outside advertising level as exogenous. Then, we can 

rewrite the base demand as De10 = d1 −O. Although we do not show the results of this 

model in our paper in detail in order to ease the exposition, the results remain 

qualitatively similar to our base model. 

                                           Structure of the Game 

Following our discussions with practitioners and as established in the literature, we 

analyze the interactions between the Parent and the OSI through a sequential game-

theoretic model. Recall from Section 1.1 that our focus is two key contract types: LBC 

and CBC, which have been widely adopted by the industry and discussed in the 

contracting literature (Ho et al., 2017; Kim, 2018; Libai et al., 2003). These two contracts 

differ not only by the nature of the payment terms, but also by the party who determines 

the payment terms (Libai et al., 2003). 

When the OSI has more power (e.g., the Parent deals with a single large OSI), the 

OSI offers LBC to the Parent, which is a contract where the OSI announces a fee or price 

(henceforth denoted by p) for each lead, or viewer traffic, that the OSI generates for the 

Parent firm, regardless of the actual conversion of those leads into revenue. On the other 

hand, when the Parent has more power in the negotiation (e.g., working with many 

competing OSIs), the Parent offers CBC to the OSI, which is a contract with a 

commission rate (denoted by c), which is a fraction of the revenue generated by the 

viewer traffic that resulted from the OSI’s efforts. 
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Consequently, we consider the choice of contract to be made as an exogenous 

decision, by the player who has more power. In Stage 1, based on the contractual 

arrangement between the Parent and the OSI, either the OSI determines the price-per-lead 

p in LBC, or the Parent determines the commission rate c in CBC. In Stage 2, the Parent 

and the OSI simultaneously determine their advertisement effort levels A and B, 

respectively, and realize consumer demand (or traffic volume) 

D1 coming to the Parent and D2 coming to the OSI (using (1) and (2), respectively). 

The Parent earns total revenue given by (3), and pays the OSI either (i) pδD2 under LBC, 

or (ii) cr2δD2 under CBC. The OSI earns the total revenue given by (7), concluding the 

game. Figure 4 illustrates the sequence of the game. 

 

 

Figure 4.The Game Sequence 
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                                        The Optimization Problem 

In Stage 1, either the OSI determines the price per lead p if the contract is LBC, or 

the Parent determines the commission rate c if the contract is CBC. Given the decision 

from Stage 1, the Parent and the OSI simultaneously decide their respective effort levels 

A∗andB∗, which maximize their profits-to-go, πP(A,B) and πO(A,B), in Stage 2: 

              

where RP, ROP, RO, CP, and CO are given by (3), (5), (7), and (8), respectively.  

Anticipating the Stage 2 response functions A∗(p) and B∗(p) in LBC (conversely, A∗(c) 

and B∗(c) in CBC), the OSI determines the price per lead p∗(conversely, the Parent 

determines the commission rate c∗) that maximizes its total profit πO(p) (conversely, 

πP(c)) in Stage 1: 

               

Figure 5 in the next page provides a summary of the key model parameters and 

variables. 

                                              Analysis and Results 

We use backward induction to solve for the equilibrium payment and advertising 

strategies under both LBC and CBC. As we are interested in understanding the 

dynamics that come into play when both the Parent and the OSI are involved, we first 

identify, and subsequently limit our focus on, the feasibility conditions when both 
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players participate in equilibrium. We use the subscripts L and C, respectively, to 

denote solutions for LBC and CBC. The detailed steps of the backward induction 

involved for both contracts, and the proofs of the Lemmas are omitted due to space 

constraint. Figure 5 below shows the key model parameters and variables. 

 

 

Figure 5. Key Model Parameters and variables 
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                                       Lead-Based Contract (LBC) 

From (5), we know that the total payment, which the OSI obtains from the Parent 

under LBC, is a function of their respective advertisement levels, given by ROP (A,B) = 

pδ(Bz−A). Then, by simultaneously applying first-order conditions to (9a) and (9b) and 

solving for A and B, we obtain the equilibrium levels of advertisement efforts as functions 

of the per-lead fee p: 

         , and       (11) 

We substitute (11) in (10a), the OSI’s optimization problem in Stage 1. Applying first-

order conditions and solving for p, we obtain the equilibrium per-lead fee p∗ charged by 

the OSI. Substituting this p∗in (11), we obtain the equilibrium levels of advertisement 

efforts. Lemma 1 provides the equilibrium payment and advertising levels under LBC. 

Lemma 1. When the Parent and the OSI engage through LBC, 

(a) the price per lead charged by the OSI is given by    

                                       (12) 

(b) while the advertising efforts exerted by the Parent and the OSI are, respectively, 

given by 

  (13a) 

           (13b) 
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Substituting , and respectively from (12), (13a), and (13b), in (1), (2), (5), (9a), 

and (9b), we obtain the equilibrium demands in the two channels, the payment made by 

the Parent to the OSI in equilibrium, and the profits of the Parent and the OSI in 

equilibrium, under LBC. These results are summarized in Figure 6. The conditions under 

which LBC is viable for both the Parent and the OSI are outlined in Lemma 2. 

Lemma 2. LBC is a viable contract for both the Parent and the OSI only if 2 + β − z2 >0, 

 

z2)−(L1 +2d2)) >0, and , where L1 through L9 are 

given in Figure 6on the next page: 

An observation from Lemma 2 is that for LBC to be a viable contract, it is 

necessary that the relative advertisement effectiveness of the OSI should not be too high 

(i.e., z2 <2+β). This condition stems from the dynamics of the contract. Since the OSI 

determines the price, a Parent facing very high z will find itself squeezed out of all 

demand in the direct channel, as well as paying a high price for any demand redirected 

from the indirect channel, thus turning the contract a non-viable one. 

                               Commission-Based Contract (CBC) 

Similarly, from (5), we know that the total payment, which the OSI obtains from the 

Parent under CBC, is a function of their respective advertisement levels, given by 

ROP(A,B) = cr2δ(Bz− A). Again, by simultaneously applying first-order conditions to (9a) 

and (9b) and solving for A and B, we obtain the optimal levels of advertisement efforts as 

functions of the commission rate c: 
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 , and .          (14) 

Figure 6 below shows thee equilibrium results under LBC and CBC contracts 

respectively. 

 

 

Figure 6. Equilibrium results under LBC and CBC contracts 

 

We substitute (14) in (10b), the Parent’s optimization problem in Stage 1. 

Applying first-order conditions and solving for c, we obtain the equilibrium commission 

rate c∗ offered by the Parent. Substituting this c∗ in (14), we obtain the equilibrium levels 
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of advertisement efforts. Lemma 3 provides the equilibrium commission rate and 

advertising levels under CBC. 

Lemma 3. When the Parent and the OSI engage through CBC, 

(a) the commission rate offered by the Parent is given by 

  ,                 (15) 

(b) while the advertising efforts exerted by the Parent and the OSI are respectively 

given by 

 ,             (16a) 

   (16b) 

Substituting , and  respectively from (15), (16a), and (16b), in (1), (2), (5), (9a), 

and (9b), we obtain the equilibrium demands in the two channels, the payment made by 

the Parent to the OSI in equilibrium, and the profits of the Parent and the OSI in 

equilibrium, under CBC. These results are summarized in Figure 6. The conditions under 

which CBC is viable for both the Parent and the OSI are outlined in Lemma 4. 

Lemma 4. CBC is a viable contract for both the Parent and the OSI only if C1 − 2d2 >0, 

C3 −2d2 >0, C4 −2d2 >0, C5 −2d2(y−z)+2d1 (z
2(2+α)−1)>0, C6 +2d2z

2(1+α)>0, C2C6 + 

r1C5 + 4d2(d2 + C7) + 4(z2(2+α)−1)r1d1 >0, and , where 

C1through C8 are given in Figure 6. 

By comparing Lemmas 2 and 4, one can observe that for CBC to be a viable 

contract, the relative advertisement effectiveness of the OSI (i.e., z) need not be as 
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restrictive as that in the LBC. Since the Parent decides the commission, CBC is inherently 

more collaborative since the incentives of the Parent and the OSI are relatively more 

aligned. Consequently, CBC allows the Parent to engage with the OSI even with higher z, 

without getting squeezed out of the consumer traffic. We provide the equilibrium price 

per lead, commission rate, advertisement levels, as well as direct and indirect demand 

levels, and the profits of the Parent and the OSI in Figure 6. 

                                           Managerial Implications 

We now discuss how the payment and advertising strategies of the Parent and the 

OSI firms get affected by changes in the different environmental factors, such as traffic 

quality, advertising effectiveness, cost externalities, etc., for the two different types of 

contracts. We also investigate how these strategies then impact the profitability of the 

Parent and the OSI. We are primarily interested in the strategic decisions made by the 

Parent, and as such, we concentrate on providing insights for the managers of the Parent. 

To streamline the paper, we provide the full expressions of the various thresholds used in 

this section in Table EC.1, in the E-Companion. 

                                              Traffic Quality 

In this section, we investigate the effects of the quality of traffic in each channel. 

The quality of the traffic is an important indicator of the amount of revenue the firm can 

generate from users either directly visiting its website or indirectly through the referral 

from the OSI (Fishteyn et al., 2010). Since the revenue of a Parent depends both on the 

demand (volume of traffic) as well as the quality of traffic, it becomes important to 

investigate how changes in the traffic quality impact the manager’s decision making. 
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First, we discuss how the quality of traffic coming directly to the Parent (i.e., r1) affects 

the payment and advertising strategies. 

Next, we answer our first two research questions: As the quality of traffic coming 

directly to the Parent increases, should the Parent increase its advertising efforts? What 

is the impact of this increased traffic quality on the Parent’s profit? We address the first 

of these two questions in Proposition 1. 

Proposition 1. As the quality of traffic coming directly to the Parent (i.e., r1) increases: 

(a) the price per lead (i.e., p∗), charged by the OSI to the Parent always decreases 

under LBC; whereas the commission rate (i.e., c∗), paid by the Parent to the OSI under 

CBC, decreases if and only if the relative advertising effectiveness of the Parent is lower 

than that of the OSI (i.e., y <z).  

(b) the advertising effort of the Parent (i.e., A∗) decreases under LBC, but increases 

under CBC. 

(c) the advertising effort of the OSI (i.e., B∗) always decreases under LBC; whereas 

under CBC, it decreases if and only if the relative advertising effectiveness of the Parent 

is lower than that of the OSI (i.e., y <z). 

Intuitively, one could think that as r1 increases, the Parent would increase its own 

advertising, in order to make the most from the direct consumers (Deal, 1979; Sethi, 

1979). However, as we demonstrate in Proposition 1, this is not always the case. 

Specifically, as r1 increases, the Parent decreases its own advertising effort under LBC. 

One could also presume that when the Parent decides the commission rate, the rate will 

always decrease as r1 increases, since the Parent finds the direct traffic more valuable 
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(Feichtinger et al., 1994). However, we find that the rate c∗decreases only if the relative 

advertising effectiveness of the Parent is lower than that of the OSI, and increases 

otherwise. In order to understand why we observe such counter-intuitive results, we 

determine how the direct and indirect consumer traffic volumes change with r1, which is 

given by Corollary 1. 

Corollary 1. As the quality of traffic coming directly to the Parent (i.e., r1) increases: 

(a) the volume of traffic coming directly to the Parent (i.e., ) decreases under LBC 

if and only if the relative advertising effectiveness of the Parent is greater than a given 

threshold (i.e., y >y), whereas it always increases under CBC. 

(b) the volume of traffic coming to the OSI (i.e., ) decreases under both contracts. 

(c) the total volume of traffic (i.e., ) decreases under LBC, whereas it 

increases under CBC. 

We observe that the Parent has an intriguing relationship with the OSI that is 

simultaneously collaborative and competitive in nature. Since the Parent generally 

benefits from the additional demand generated by the OSI in the indirect channel, the 

relationship is ought to be collaborative. However, if the incentives of the Parent and the 

OSI are not aligned, this relationship turns competitive. We find that the latter effect 

dominates in LBC. Under LBC, since the OSI is interested in maximizing the number of 

leads it generates, and since it is also in charge of setting the price irrespective of the 

revenue earned by the Parent, it has an incentive to advertise more, which can both 

negatively impact the direct demand as well as increase the advertising cost for the 

Parent. When the OSI sets a high price, the Parent has an incentive to place more 
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advertisements directly, thus reducing the indirect demand. However, since both the 

Parent and the OSI advertise on the same platform, this increase in advertising by each 

firm raises the costs for both. Observe that the inherent friction under LBC is similar to 

that in supply chains under wholesale price contracts. 

When r1 increases, the misalignment of incentives becomes more pronounced 

under LBC, as the Parent has a greater incentive to increase the direct demand by 

advertising more, but doing so adversely affects the OSI. The OSI anticipates that the 

Parent will increase its advertising efforts, which would reduce its demand, increase its 

costs, and decrease its profits. Accordingly, the OSI reduces the price per lead, thereby 

incentivizing the Parent to utilize the indirect channel. Given this incentive,and given that 

each unit of direct traffic is more profitable now, the Parent reduces its direct advertising 

effort. On the other hand, the reduced price per lead reduces the incentive for the OSI to 

place advertisements, and consequently, the OSI also reduces its effort, which results in a 

decrease in the indirect traffic coming to the OSI. Since both the Parent and OSI reduce 

their advertising efforts, the direct traffic decreases only if the Parent has significantly 

high advertising effectiveness. However, the misalignment of the incentives of the Parent 

and the OSI that makes the competitive effects more pronounced in LBC, results in the 

combined demand to decrease as r1 increases. 

Under CBC, the OSI earns a commission out of the total revenue that the Parent 

realizes from the indirect traffic redirected by the OSI. Consequently, the OSI’s 

incentives are more aligned with the Parent, and the interaction becomes more 

collaborative than competitive. By controlling the commission rate, the Parent can set its 
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own advertising efforts as well as induce the OSI to set its efforts in a coordinated 

fashion. As r1 increases, the Parent advertises more under CBC to leverage the high 

quality direct traffic, whose volume also increases. While the Parent prefers less 

competition from the OSI, the Parent does not want the indirect demand to completely be 

eliminated, even as the direct demand becomes more attractive. When the OSI is less 

effective in advertising than the Parent (i.e., z < y), the Parent incentivizes the OSI to 

increase its advertisement, by enhancing the commission rate as r1 increases. Still, since z 

is low, and the Parent advertises more, the indirect demand decreases even as the OSI 

advertises more. On the other hand, when the OSI is more effective (i.e., z >y), the OSI 

needs no such incentives; instead, the OSI’s advertising needs to be moderated so that the 

Parent could obtain the benefits from the higher quality direct demand. This leads to a 

reduction of the commission rate with increasing r1, resulting in a decrease of the OSI’s 

advertising efforts, and consequently the indirect demand. However, as CBC is more 

collaborative in nature, the Parent is able to coordinate the partnership in such a manner 

that the total demand always increases. 

Let us now address the second question: What is the impact of this increased 

traffic quality on the Parent’s profit? To do so, we study how a change in the direct 

traffic quality (i.e., r1) affects the Parent’s and OSI’s profits. 

Proposition 2. As the quality of traffic coming directly to the Parent (i.e., r1) increases, 

then 
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(a) on one hand, the profit of the Parent (i.e., πP
∗) increases under LBC only when the 

traffic quality is below a given threshold (i.e., r1 <rb1), but always increases under 

CBC; 

(b) on the other hand, the profit of the OSI (i.e., πO
∗) decreases under both LBC and 

CBC. 

One could expect that an increase in the direct traffic quality, i.e., r1, should 

always benefit the Parent. This is supported by both academic literature (Ghose and 

Yang, 2008; Rutz et al., 2012; De Haan et al., 2016) and practice (Farris and Reibstein, 

1979;CopyPress, 2018). However, Proposition 2 shows otherwise. Specifically, while the 

Parent always benefits from an increase in r1 under CBC, the Parent is hurt 

fromincreasingr1 under LBC if the direct traffic quality is already very high (i.e., r1 >rb1). 

In order to understand why we observe this phenomenon, let us understand the drivers of 

the Parent’s profit. 

Four key factors influence the Parent’s profit, namely, the revenue from the direct 

demand, the revenue from the indirect demand, the cost incurred in its own advertising, 

and the payment made to the OSI. As r1 increases, these four factors move the Parent’s 

profit in different directions, depending on the contract type. Since under LBC, the 

interaction between the two firms is more competitive, the price per lead (p∗), the 

advertising efforts of both the Parent (A∗) and the OSI (B∗), as well as both the direct 

demand ( ) and the indirect demand ( ) decrease with an increase in the direct traffic 

quality (r1). The reduction in the direct demand or traffic, (i.e., ) is compensated by the 

increase in the quality of that traffic (i.e., r1). The reduction in indirect demand  is 
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partly compensated by the reduced payments to the OSI, since p∗ decreases as well. 

Finally, the reduction in advertisement efforts, A∗and B∗, results in lower costs of direct 

advertising, which overall compensate for reduced revenues. When , the 

compensatory effects of higher traffic quality and cost reductions dominate any reduction 

in overall traffic or demand. Consequently, the Parent benefits from increasing r1. 

However, these compensatory effects plateau with increasing r1. As a result, when , 

the increase in traffic quality and reductions in costs do not cover the drop in demand 

enough. Consequently, when , the increasing friction in LBC results in the Parent 

becoming worse off. 

Let us now consider CBC. The Parent’s direct demand ( ) increases as a result 

of its own increasing efforts, and combined with the increase in traffic quality, the direct 

revenue increases. While the cost of advertising may also increase, the direct revenue 

increase has a greater impact. Further, the Parent moderates the level of indirect demand 

( ) appropriately through the commission rate (c∗), while ensuring that the strategic 

partnership with the OSI holds. As a result, even though  decreases with an increase in 

r1, by optimally choosing c∗, the Parent ensures that the reduction in the payment to the 

OSI compensates for the reduction in demand. Since CBC allows the Parent to coordinate 

the advertising efforts in a more collaborative manner, an increase in r1 always benefits 

the Parent. 

An increase in r1 always hurts the OSI. Under LBC, both the price-per-lead p∗and 

the indirect traffic decrease as r1 increases, resulting in a decrease in the OSI’s profit. 

Under CBC, while the Parent increases the commission rate when the Parent is more 
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effective in advertising, it cannot compensate for the decrease in , and the OSI’s profit 

still decreases. 

From Propositions 1 and 2, we observe that while engaging with an OSI, 

managers of Parents need to be cautious about their strategies related to direct traffic 

quality. While it could be tempting to advertise more when the direct traffic quality is 

higher, the decision depends greatly on the type of contract with the OSI. When the OSI 

is in control of the price, the manager of a Parent should focus less on the quantity of 

traffic and reap the benefits of higher quality traffic instead. When the Parent controls the 

commission, the manager should advertise more in order to leverage both the higher 

quantity and the higher quality of traffic coming directly to the Parent. Deriving from the 

observations made in Propositions 1 and 2, we now provide a comparative strategy of 

advertisement levels for the Parent with respect to the OSI. 

Remark 1. The advertising level of the Parent (i.e., A∗) is lower than that of the 

OSI (i.e., B∗), under both LBC and CBC, if and only if the direct traffic quality is lower 

than a given threshold corresponding to the contract type (i.e., r1 <r1 for LBC, or r1 <re1 

for CBC). 

Even though an increase in the direct traffic quality r1 affects the actual 

advertisement levels of the Parent and the OSI in different ways under the two different 

contracts, we find that unless r1 is significantly high, the Parent relies more on the OSI, 

and the OSI advertises more than the Parent. Once the Parent agrees to engage with the 

OSI, which is the case with these contracts, it is beneficial for the Parent to make the 

most use of the OSI’s capabilities, when its direct source of revenue is not of great 
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quality. However, once r1 becomes high enough, the Parent actively focuses on getting 

more consumer traffic directly to itself, rather than letting the OSI redirect relatively low-

valued indirect traffic, in either type of contract. Therefore, when the manager of a Parent 

knows that consumers visiting the website directly have a significantly high degree of 

conversion, compared to the consumers visiting from the OSI, the manager should invest 

in advertising more than the OSI. 

  Now, we discuss how the quality of traffic redirected by the OSI (i.e., r2) affects 

the actions of the firms. We first address our next question: As the quality of traffic 

coming to the OSI increases, should the Parent rely more on the OSI and reduce its own 

advertising efforts? We present the effect of an increase in r2 on the equilibrium payment 

and advertising strategies in Proposition 3. 

Proposition 3. As the quality of traffic coming to the OSI (i.e., r2), increases, then: 

(a) both price per lead (i.e., p∗) under LBC and the commission rate (i.e., c∗) 

under CBC increase. 

(b)  the advertising effort of the Parent (i.e., A∗) increases under LBC, but 

decreases under CBC.  

(c) the advertising effort of the OSI (i.e., B∗) increases under both LBC and CBC. 

One may be tempted to think that as the indirect traffic quality (i.e., traffic quality 

of OSI, r2) increases, the Parent should reduce its own advertising and focus more on 

paying the OSI so that the OSI brings in as much indirect demand as possible (Chen et 

al., 2002; Ghose et al., 2007). However, from Proposition 3, we find that it is not always 

the case. In particular, the Parent increases its own advertising effort under LBC. Once 



    88 

again, to understand why this happens, we study the effect of an increase in r2 on the 

direct and indirect consumer traffic, outlined in Corollary 2. 

Corollary 2. As the quality of traffic coming to the OSI (i.e., r2), increases, then: 

(a) the volume of traffic coming to the Parent (i.e., ) increases under LBC if and 

only if the relative advertising effectiveness of the Parent is strictly greater than a 

given threshold (i.e., y >y),whereas it always decreases under CBC 

(b) the volume of traffic coming to the OSI (i.e., ) increases under both contracts. 

    (c) the total volume of traffic (i.e., ) increases under both LBC and CBC. 

Recall from Proposition 1 that the LBC intensifies the competitive aspect of the 

interaction between the Parent and the OSI. However, an increase in the OSI’s traffic 

quality makes LBC more collaborative, by aligning the incentives of the two firms. An 

increase in r2 makes the indirect demand more valuable to the Parent, which the OSI 

anticipates. Knowing that the Parent wants the indirect demand (D2) to increase, the OSI 

increases its price per lead (p∗) under LBC, and also increases the advertisement effort 

(B∗), in order to maximize its earnings from the leads. The Parent benefits from the 

increase in , but wants to moderate both the increase in payment to OSI and any 

reduction in direct demand (D1) that results from the increase in B∗. Consequently, the 

Parent increases A∗ with increasing r2, but in a balanced fashion that does not decrease . 

However, note that in this case, y > z, which implies that the Parent is able to increase 

only when it is significantly more effective than the OSI. Still, the increase in r2 makes 

LBC more collaborative, resulting in an overall increase in the total volume of traffic. 
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In contrast, the Parent has the ability to coordinate advertisement efforts in CBC 

and can control the commission to the OSI. Since with increasing r2, both the Parent and 

the OSI benefit from an increase in revenue from the redirected traffic, and the contract is 

more collaborative in nature, the Parent reduces A∗(and thus ) and increases the focus 

on the indirect demand. Since the increase in r2 also increases the OSI’s revenues, the OSI 

is incentivized to advertise more. The Parent wants the OSI to advertise even more, and 

induces this effect by increasing c∗ with increasing r2. The indirect demand  always 

increases in r2, primarily due to the increase in B∗, compounded with the decrease in A∗. 

This increase in the indirect demand compensates for any reduction in the direct demand, 

and the Parent is able to coordinate the total demand, which increases with r2. 

Next, we address whether an improvement in the quality of traffic coming to the 

OSI will improve the Parent’s profit. Proposition 4 demonstrates how a change in the 

indirect traffic quality (i.e., r2) affects the profit of the firms. 

Proposition 4. As the quality of traffic coming to the OSI (i.e., r2) increases, then, 

(a) on one hand, the profit of the Parent (i.e., ) increases under LBC only when the 

traffic quality is below a given threshold (i.e., ), but always increases under CBC; 

(b) on the other hand, the profit of the OSI (i.e., πO
∗) increases under both LBC and 

CBC. 

One could expect that as the indirect traffic quality increases, it would always 

benefit the Parent, due to the indirect revenue that the OSI would bring in (Chen et al., 

2012; Tang and Wang, 2013; Chen et al., 2016b).However, from Proposition 4, we learn 

that while the Parent may indeed benefit under CBC, it is not always the case under 
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LBC. As with Proposition 2, the Parent can use CBC to coordinate advertisement effort 

levels optimally to its benefit, and consequently always benefits from an increase in r2. 

However, under LBC, the price-setting power of the OSI does not let the Parent benefit 

from all increases in r2. 

The OSI uses the increase in r2 as a justification to increase p∗ and B∗, which leads the 

Parent to increase A∗, which increases  but does not decrease . When r2 is low (i.e., r2 

< rb2), the increase in both direct and indirect demands, coupled with the increase in 

indirect traffic quality, results in greater revenues for the Parent, which compensates for 

the higher cost of advertising (resulting from higher A∗ and B∗) and higher payment to the 

OSI. Consequently, the Parent earns more profit  with increasing r2. However, when r2 

> rb2, the increase in p∗ and the increase in the advertisement cost outweigh the increase 

in revenues. Therefore, πP
∗ decreases with increasing r2. On the other hand, since both the 

price (or commission rate) and the indirect demand increase with an increase in r2 under 

either contract, the OSI always benefits from an increase in the quality of traffic coming 

to the OSI. 

While it is intuitive to reduce direct advertisement efforts when the indirect traffic 

quality increases, a manager at a Parent firm should realize that it should be done only 

under CBC and not under LBC. Similarly, even though in CBC, the OSI could be 

expected to put more efforts even without an increase in the commission rate when the 

indirect traffic quality is high, such an approach should be adopted only when the OSI has 

moderate advertising effectiveness. For a highly effective OSI, the manager at a Parent 

firm could benefit even more by offering a higher commission as r2 increases. 
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Impact of the Relative Advertising Effectiveness of the Parent 

Having discussed the effects of the consumer traffic quality, let us now address our 

next question: 

Does an increase in the relative advertising effectiveness of the Parent increase 

the Parent’s profit and hurt the OSI?  

Depending on its relative advertising effectiveness, the Parent will observe different 

volumes of consumer traffic coming directly to its website. Therefore, managers of 

Parent firms need to determine how an increase in relative advertising effectiveness of the 

Parent affects payment, advertising, and profits of the two firms. To address this, we first 

investigate how the Parent’s relative advertising effectiveness (i.e., y) affects the payment 

and advertising strategies. 

Proposition 5. As the relative advertising effectiveness of the Parent (i.e., y) increases, 

then, 

(a) the price per lead (i.e., p∗) decreases under LBC, whereas the commission rate 

(i.e., c∗) increases under CBC. 

(b) both the advertising effort of the Parent (i.e., A∗) and that of the OSI (i.e., B∗) 

decrease under LBC, whereas they both increase under CBC. 

One may expect the Parent to suppress OSI advertisement, when the Parent has 

higher advertising effectiveness, but as we see in Proposition 5, it is not always the case. 

Similar to Proposition 1, under LBC, the competitive nature of the interaction becomes 

prominent. We provide further insights by studying how an increase in y affects direct 

and indirect consumer traffic volumes, as outlined in Corollary 3. 
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Corollary 3. As the relative advertising effectiveness of the Parent (i.e. y) increases, 

then, 

(a) the volume of traffic coming to the Parent (i.e., ) increases under LBC if and 

only if the relative advertising effectiveness of the Parent is below a given threshold (i.e., 

y < y), whereas it always increases under CBC. 

(b) the volume of traffic coming to the OSI (i.e., ) decreases under both LBC and 

CBC. 

(c) the total volume of traffic (i.e., ) increases under LBC if and only if the 

relative advertising effectiveness of the Parent is below a given threshold (i.e., y < y˙), 

whereas it increases under CBC if and only if the relative advertising effectiveness of the 

Parent is above a given threshold (i.e., y >y¨). 

An increase in the Parent’s relative advertising effectiveness (y) makes direct 

advertising more attractive to the Parent, anticipating which the OSI reduces p∗(and 

consequently B∗ and ). This induces the Parent to reduce A∗. As long as y is not very 

high (i.e., y <y), the reduction in direct advertising is compensated by the increase in y 

and the reduction in OSI advertising, resulting in an overall increase in the direct demand. 

For low y (i.e., y <y˙), the increase in the direct demand compensates for the reduction in 

the indirect demand, and the total demand increases. However, beyond a point, as y keeps 

increasing, the reduction of indirect demand starts dominating any increase in direct 

demand, and thus the total demand starts decreasing. 

Under CBC, however, the Parent is able to coordinate the advertising of the OSI 

by suitably choosing c∗. The Parent wants to reap the benefits of both channels, and does 
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not want to eliminate the OSI, whose traffic quality and thus revenue-generating potential 

has remained unchanged. Accordingly, the Parent incentives the OSI to advertise by 

increasing the commission rate. The increase in advertising cost and payment to OSI is 

dominated by the indirect revenue the Parent obtains from the redirected traffic. 

However, the Parent increases the commission just enough to incentivize the OSI and not 

further, which results in  decreasing in y. The Parent also increases its own 

advertisement to achieve even higher increases. For low y (i.e., y <y¨), the increase 

in the direct demand compensates for the reduction in the indirect demand, and the total 

demand increases. However, for higher y (i.e., y >y¨), the decrease in the indirect demand 

is too high to be compensated by the increase in the direct demand, resulting in a 

reduction of total demand. 

By understanding how the Parent’s relative advertising effectiveness (i.e., y) 

affects the payment and advertising strategies, we can now address whether an increase 

in the relative advertising effectiveness of the Parent increases the Parent’s profit, and 

hurt the OSI. 

Proposition 6. As the relative advertising effectiveness of the Parent (i.e. y) increases, 

then, 

(a) on one hand, the profit of the Parent (i.e., πP
∗) increases under LBC only if the 

relative advertising effectiveness of the Parent is below a given threshold (i.e., y <y), 

whereas it always increases under CBC; 
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(b) on the other hand, the profit of the OSI (i.e., ) decreases under LBC, whereas it 

increases under CBC only if the relative advertising effectiveness of the Parent is below a 

given threshold (i.e., y <y). 

One may expect the Parent to be more profitable when the Parent has higher 

advertising effectiveness (Feichtinger et al., 1994; Liu et al., 2012), but as we see in 

Proposition 6, it is not always the case. Under LBC, the Parent benefits from an increase 

in y only when y <y, where the benefits from the increased direct demand, combined with 

the reduced advertising expenditure and payment to the OSI, dominates the decrease in 

the indirect demand. However, when y >y, the loss of revenue from the reduction in both 

direct and indirect demands dominates any savings from reduced advertising or OSI 

payments, and thus the Parent becomes worse off with increasing y. Consequently, we 

note that it is not always beneficial for the Parent to improve its advertising effectiveness 

when it also partners with an OSI. Under CBC, however, the Parent’s ability to 

coordinate the advertising efforts of both firms allows the Parent to extract all benefits of 

an increase in y, and the Parent’s profit consequently increases in y. 

On the other hand, one may reasonably expect the OSI to become worse-off as the 

Parent becomes more effectiveness with its advertising. Under LBC, it indeed is the case: 

The decrease in both the price per lead p∗ and advertising effort B∗, and the resulting 

reduction in indirect demand , lead to the OSI becoming worse-off as y increases. 

However, under CBC, we find that the OSI can actually benefit from the Parent’s 

increasing effectiveness, as long as that effectiveness is not very high. Note from 

Proposition 5 that the Parent incentivizes the OSI to advertise more by increasing the 
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commission rate. This increased commission rate outweighs any reduction in traffic flow 

for the OSI and thus the OSI’s profit initially increases. However, as the Parent’s 

advertising effectiveness increases even further, the increase in commission rate cannot 

compensate for the decrease in traffic flow, and consequently the OSI’s profit decreases. 

Similar to the insights from Propositions 1, 2, 3, and 4, the manager of a Parent 

firm should exercise care when deciding advertising (and payment) strategies in response 

to a change in the Parent’s relative advertising effectiveness. Whether or not a more 

effective Parent should advertise more, depends on the type of contract it has with the 

OSI. Further, the manager should be cautious in making efforts to increase the Parent’s 

advertising effectiveness. While such an increase will always benefit the Parent under 

CBC, it can potentially hurt under LBC. Therefore, if the Parent is already very effective 

(i.e., y >y), the manager should avoid further increasing its effectiveness even if it could 

be done at a nominal cost. 

                                       Effect of Traffic Leakage from the OSI 

One particular characteristic of the OSI is that it does not exclusively partner with 

the Parent, nor do consumers come to the OSI to be exclusively redirected to the Parent. 

We refer to the fraction of the consumers that are not redirected to the Parent as the 

leakage through the OSI. By studying the effects of an increase in the proportion of 

indirect demand redirected by the OSI (i.e., δ), we can investigate the effects of the 

corresponding decrease in the degree of leakage (i.e., (1−δ)). This is important since 

depending on the amount of redirected traffic coming through the OSI (versus the amount 

of direct traffic that the Parent is getting), payment and advertising strategies might be 
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affected. In this section, we first address whether the OSI should be paid more to bring in 

more indirect demand as the proportion of redirected traffic increases. 

Proposition 7. As the proportion of indirect demand redirected by the OSI (i.e., δ) 

increases, 

(a) the price per lead (i.e., p∗) under LBC increases only if the sum of the side 

payment per unit of indirect demand and side payment per unit of leaked indirect demand 

is below a given threshold (i.e., l1 +l2 < Le), whereas the commission rate (i.e., c∗) under 

CBC increases only if the sum of the side payment per unit of indirect demand and side 

payment per unit of leaked indirect demand is above another given threshold (i.e., l1 +l2 

>L). 

(b) the advertising effort of the Parent (i.e., A∗) increases under LBC only if the side 

payment per unit of leaked indirect demand is less than the quality of traffic coming to 

the OSI (i.e., l2 <r2), whereas it increases under CBC only if the side payment per unit of 

leaked indirect demand exceeds the quality of traffic coming to the OSI (i.e., l2 >r2). 

(c) the advertising effort of the OSI (i.e., B∗) increases under both LBC and CBC only 

if the side payment per unit of leaked indirect demand is less than the quality of traffic 

coming to the OSI (i.e., l2 <r2). 

As the proportion of indirect demand (i.e., δ) increases (or the leakage decreases), 

one may be tempted to think that the OSI will be always paid more to bring in as much 

indirect demand as possible. However, from Proposition 7, we find that this is not always 

the case. Observe from Proposition 7 that the effect of δ is conditional on the amount of 

side payment that the OSI could earn outside of this contract. In order to provide insights 
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on this counter-intuitive result, we first study the effect of a change in the leakage on the 

direct and indirect traffic volumes, given by Corollary 4. 

Corollary 4. As the proportion of indirect demand redirected by the OSI (i.e., δ) 

increases, 

(a) the volume of traffic coming to the Parent (i.e., ) increases under CBC only if the 

side payment per unit of leaked indirect demand exceeds the quality of traffic coming to 

the OSI (i.e., l2 >r2). However, it increases under LBC only if either of the following two 

conditions hold: 

• both the side payment per unit of leaked indirect demand is less than the quality 

of traffic coming to the OSI (i.e., l2 < r2) and the relative advertising effectiveness of the 

Parent is higher than a given threshold (i.e., y >y), 

• both the side payment per unit of leaked indirect demand is greater than the 

quality of traffic coming to the OSI (i.e., l2 > r2) and the relative advertising effectiveness 

of the Parent is lower than the above threshold (i.e., y <y). 

(b) the volume of traffic coming to the OSI (i.e., ) increases under both LBC and 

CBC, only if the side payment per unit of leaked indirect demand is less than the quality 

of traffic coming to the OSI (i.e., l2 <r2). 

(c) the total volume of traffic (i.e., ) increases under LBC only if the side 

payment per unit of leaked indirect demand is less than the quality of traffic coming to 

the OSI (i.e., l2 < r2), whereas it always increases under CBC. 
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Under LBC, when the OSI had a high earning potential from the side payments 

l1 +l2, it reduces the price charged per lead p∗ to the Parent, and earns more revenue 

through the volume of leads, when a higher proportion of the consumers visiting the OSI 

are interested in getting redirected to the Parent. By doing so, it can also keep the Parent 

advertising low, and reduce advertising costs. However, when the side payments are not 

high enough, the OSI leverages its other earning potential by increasing p∗. In contrast, 

under CBC, the OSI benefits directly from a higher δ as it earns more commission on the 

converted leads. When the side payment is not high enough, the OSI focuses more on the 

redirection of traffic and is incentivized to collaborate with the Parent purely because of 

the higher revenue potential that a higher δ generates, which allows the Parent to decrease 

c∗. However, when the side payments become high enough, an increasing δ, which 

represents a decreasing leakage, implies that the more valuable earning source is 

shrinking for the OSI. This reduces the OSI’s inclination to collaborate on advertising 

unless the Parent increases the commission rate, which the Parent does in order to 

incentivize the OSI to advertise adequately. 

A particular trade-off involving δ (or conversely, the leakage) is that between the 

quality of traffic coming to the OSI (r2) and the amount of side payment the OSI could 

generate from the leaked traffic (l2). In general, an increase in δ means a lower earning 

potential for the OSI from the leaked demand, whose marginal value (l2) is constant. 

When l2 < r2, the value of the leaked demand to the OSI is less than the value of the 

redirected demand to the Parent, and vice-versa. When δ increases, and l2 < r2, the OSI 

finds both the volume and the value of the leaked fraction of the indirect demand to be 
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shrinking, whereas both the volume and the value of the redirected part of the demand 

increase for the Parent. 

Under these conditions (i.e., increasing δ and l2 < r2), in LBC, the OSI wants to 

maximize the revenue from redirected leads, by increasing its price per lead (as noted 

above) and also its advertisement levels, in order to achieve higher indirect demand. To 

counter the effect of increasing p∗, the Parent increases its own advertising, thus 

increasing the direct demand as well. However, when l2 > r2, the OSI benefits more from 

the leaked indirect demand than the Parent’s gain from the redirected demand. When δ 

increases, the leakage of indirect demand shrinks, which makes it less attractive for the 

OSI to increase the indirect demand. Consequently, the OSI advertises less and the 

indirect demand  decreases with increasing δ. The Parent wants to moderate the 

decrease in  because it is getting a higher fraction redirected from it, and therefore 

reduces A∗. Consequently,  also decreases with an increase in δ when l2 >r2. 

Under CBC, the coordinating nature of the contract, which allows the Parent to 

set the commission rate, reverses most of the effects seen under LBC. For example, as 

discussed above, when the proportion of redirected demand increases, the Parent 

incentivizes the OSI with higher commission rate c∗only when the OSI sees higher value 

in the leaked demand compared to the redirected demand. One important exception is 

with the indirect demand, which decreases with increasing δ when l2 > r2 under CBC, just 

as it does under LBC. To increase D2, the Parent needs to significantly raise the 

commission rate since the side payment is more valuable; but on the other hand, an 
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increase in δ means that a lower D2 could provide the same revenue to the Parent, which 

is what the Parent coordinates using the appropriate commission rate, c∗. 

Let us now investigate the effect of the leakage (conversely, the fraction of 

redirected traffic) on the Parent’s profit. Here, we address the following research 

question: Does an increase in the proportion of redirected traffic, or a decrease in the 

OSI traffic leakage, benefit the Parent? 

Proposition 8. As the proportion of indirect demand redirected by the OSI (i.e. δ) 

increases, 

(a) the profit of the Parent (i.e., πP
∗) increases under the LBC only when δ is below a 

given threshold (i.e., δ <δb), whereas it increases under CBC only if the side payment per 

unit of leaked indirect demand is less than the traffic quality of the indirect demand (i.e., 

l2 <r2). 

(b) the profit of the OSI (i.e., πO
∗) increases under LBC only if the side payment per 

unit of leaked indirect demand is greater than the traffic quality of the indirect demand 

(i.e., l2 < r2), whereas it decreases under CBC. 

One would expect that a reduction in the leakage will always benefit the Parent. 

However, from Proposition 8, we find that it is not always true. Under LBC, the Parent 

benefits from an increase in redirection only when the proportion of redirected traffic is 

below a given threshold. Under CBC, the Parent benefits only when the side payment per 

unit of leaked indirect demand dominates the indirect traffic quality. In all other cases, the 

Parent is hurt from an increase in the redirection. We now provide the intuition behind 

this result. 
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Under LBC, as δ keeps increasing, either the OSI increases its per-lead price (p∗) 

when the side payment is low, or both the direct ( ) and indirect ( ) consumer traffic 

decrease when the side payment is high. When the side payment is low, for low δ, the 

increase in consumer traffic compensates for the increase in price per lead. On the other 

hand, for high side payment, a reduction in the price per lead, combined with an increase 

in the proportion of redirection, compensates for the reduction in demand. However, 

these compensatory effects are not large enough as δ keeps increasing. As a result, under 

LBC, the Parent firm becomes worse off for sufficiently high δ. On the other hand, since 

both the price-per-lead (p∗) and the indirect demand ( ) decrease with an increase in δ 

when the side payment is large, the OSI profit decreases with increasing δ if the side 

payment is greater than a given threshold. 

Under CBC, with an increase in δ, when the side payment is high (i.e., l2 > r2), 

both direct and indirect demand decrease and the commission rate increases, making the 

Parent worse off. Consequently, the Parent benefits from an increase in δ only when the 

side payment is not very high. The OSI is always worse-off with increasing δ. This is 

because when the side payment is low, the commission rate (c∗) decreases with an 

increase in δ, which dominates the increase in indirect demand. On the other hand, when 

the side payment is high, as δ increases, the decrease in indirect demand negates any 

increase in the commission rate. This highlights an interesting trade-off between the 

Parent and the OSI, where under CBC, an increase in δ could benefit the Parent, but 

would hurt the OSI. 
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For managers of Parents, an increase in the share of redirection is therefore not 

always good news, contrary to common intuition. In fact, whether or not the Parent would 

actually benefit from an increase in δ depends on not only the type of contract, but also 

the value the OSI derives from the side payment. Therefore, as δ increases, managers of 

Parents should formulate their strategies depending on the current level of redirected 

demand, the amount of side payment (due to leaked indirect demand), and the indirect 

traffic quality. 

                                Impact of OSI’s Outside Earnings 

The next important consideration is to determine how the side payments, or the 

outside earning potential of the OSI, affect the equilibrium payment and advertising 

strategies of the Parent and the OSI. Depending on its outside earning potential, often 

arising out of either redirecting consumers to competitors of the Parent or from providing 

information to consumers, the OSI can act strategically when it comes to redirecting 

customers. Managers should be cognizant of this while making their payment and 

advertising decisions. Consequently, in this section, we first address the following 

research question: Does the Parent increase its advertising as the side payment 

increases? While it is intuitive that as the side payments increase, the OSI will always 

want to advertise more so as to gain as much as possible from the increased side payment, 

and will consequently benefit from higher side payments, the impact on the Parent’s 

advertising strategy and profit are not that obvious. Proposition 9 provides us with further 

insights. 
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Proposition 9. As the side payments, that is, the outside value of either the total traffic 

coming to the OSI (i.e., l1) or the traffic leaked away from the Parent (i.e., l2) increase, 

(a) the price per lead (i.e., p∗) under LBC increases, whereas the commission rate 

(i.e., c∗) under CBC decreases. 

(b) the advertising effort of the Parent (i.e., A∗) increases under LBC, whereas it 

decreases under CBC. 

(c) the advertising effort of the OSI (i.e., B∗) increases under both LBC and CBC. 

While the OSI indeed advertises more so as to gain as much as possible from the 

increased side payment, the Parent’s decision depends on the contract type. Under LBC, 

the Parent decides to be more aggressive in advertising, while under CBC, the Parent 

reduces its aggressive stance. We further explain this behavior by studying the impact of 

an increase in side payments on direct and indirect traffic volumes. 

Corollary 5. As the side payments, that is, the outside value of either the total traffic 

coming to the OSI (i.e., l1) or the traffic leaked away from the Parent (i.e., l2) increase, 

a) the volume of traffic coming to the Parent (i.e., ) increases under LBC if 

and only if the relative advertising effectiveness of the Parent is higher than a 

given threshold (i.e., y >y), whereas it decreases under CBC. 

b) the volume of traffic coming to the OSI (i.e., ) increases under both LBC 

and CBC. 

c) the total volume of traffic (i.e., ) increases under both LBC and CBC. 

As the side payments per unit of traffic (i.e., either l1 or l2) increases, the OSI has 

the incentive to advertise more, since it benefits directly from the traffic that comes to its 
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website. Under LBC, the price-setting ability of the OSI allows it to set a high price to the 

Parent. Thus, both the price and the profit for the OSI increase. For the Parent, due to an 

increase in the OSI’s advertising and price, there is an impact on the direct demand that it 

can garner. This leads the Parent to increase its own advertising so as to maintain the 

direct demand it gets. 

Under CBC, the situation is a little different. Here, since the commission rate is 

set by the Parent, the Parent knows that the OSI will increase its advertising anyway (to 

benefit from the increased side payment) irrespective of the commission rate. Thus, the 

Parent reduces the commission rate that it pays the OSI. However, due to the increase in 

the OSI’s effort regardless, the amount of indirect traffic redirected to the Parent from the 

OSI increases, in turn, making the Parent itself advertise less. An immediate question is 

then the following: How does an increase in the side payment affect the Parent’s profit? 

Proposition 10. As the side payments, that is, the outside value of either the total traffic 

coming to the OSI (i.e., l1) or the traffic leaked away from the Parent (i.e., l2) increase, 

(a) on one hand, the profit of the Parent (i.e., ) increases under LBC only if the side 

payment earned by the OSI per unit of traffic is below a given threshold (i.e., l1 < l1 

or l2 < l2),whereas it always increases under CBC 

(b) on the other hand, the profit of the OSI (i.e., ) increases under both LBC and 

CBC. 

One may think that as the side payment increases, the Parent’s incentive would be 

to increase the compensation to the OSI, so as to benefit from the indirect demand, which 

in turn increases its profit. Our analysis, however, reveals that this is only true under 
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CBC. Under LBC, the profit increases up to a threshold beyond which it starts decreasing 

with an increase in the amount of side payment. 

Under LBC, when the side payment is low, the benefit due to increased direct 

demand outweighs the cost of advertising and payment to the OSI, and thus the Parent’s 

profit increases till the side payment reaches a specific threshold. However, beyond this 

threshold, the cost of advertising and payment to OSI (which increases even further since 

the OSI wants to advertise even more with increasing side payment) starts dominating 

any benefit from the increased demand, and therefore the profit starts decreasing. Under 

CBC, due to the high indirect revenue and low cost (due to reduced advertising and 

commission rate), the Parent’s profit increases. 

With an increase inside payment, one may be tempted to think that the OSI will 

continuously increase its advertising expenditure, but we find that this is not always the 

case. When the relative advertising effectiveness of the OSI is high, the OSI increases its 

advertising, as the net benefit from increased revenue outweighs the net increase in 

advertising cost. However, when the relative advertising effectiveness of the OSI is low, 

than the increased cost of advertising would outweigh the increase in revenue and 

knowing this, the OSI decreases its level of advertising. Irrespective of the advertising 

level, however, as the side payment increases, the profit of the OSI always goes up. 

With increasing level of side payment, managers of Parents should advertise more 

(less) in case they engage with the OSI using LBC (CBC). The choice of contract also 

dictates whether the Parent should pay a higher price (reduced commission) and the 

consequent profit earned by either firm. 
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                                          Discussion and Conclusion 

Marketing through an OSI has become an increasingly important tool for firms to 

generate additional traffic for their websites. The use of OSIs is prevalent in the auto 

industry, where Parents (such as big dealers of Audi) partner with such OSIs (e.g., 

cars.com, cargurus.com, edmunds.com etc.). As Parents utilize OSIs to advertise on the 

sponsored search for their keywords to gain additional demand, it also creates 

competition on the search engine. Thus, it is important to reexamine traditional 

contractual decisions (such as payment and advertising) between a Parent and the OSI. 

While the importance of this strategic interaction has been acknowledged by several 

researchers and practitioners, little formal analysis has been done on it, and on how it is 

affected by the nature of the contract using which the two firms engage. Through this 

research, we have provided insights on the payment and advertising strategies adopted by 

the two firms when they engage in such an interaction. 

We have shown that traditionally held strategies can change dramatically depending 

on the type of contract, and changes in environmental factors such as the quality of traffic 

coming to the Parent and the OSI, amongst others. Our analysis brings out the balance 

between the competitive and the collaborative nature of the interaction between the two 

firms. Specifically, when the payment to the OSI is based on the volume of traffic 

redirected by the OSI to the Parent (i.e., LBC), the competitive effect (due to 

misalignment of incentives) dominates. In contrast, when the payment to the OSI is a 

fraction of the total revenue the redirected traffic generates (i.e., CBC), the collaborative 

effect dominates and thus the firm’s strategies are more aligned with each other. 
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We demonstrate, within each type of contract, how the Parent’s (and the OSI’s) 

optimal strategic response to changing factors may run counter to traditional expectations. 

For example, with increasing direct traffic quality, managers of Parents may be tempted 

to advertise more. However, we show that when the OSI is in control of the price (as in 

LBC), the manager of a Parent should focus less on the quantity of traffic, and reap the 

benefits of higher quality traffic instead. When the Parent controls the commission rate 

(as in CBC), the manager should advertise more in order to leverage both the higher 

quantity and the higher quality of traffic coming directly to the Parent. Similarly, while it 

may be intuitive to reduce direct advertisement efforts when the indirect traffic quality 

increases, our analysis shows that a manager should do this only under CBC and not 

under LBC. Likewise, whether or not a more effective Parent should advertise more, also 

depends on the type of contract it has with the OSI. We also demonstrate that the 

manager of a Parent should not assume that an improvement in factors, such as traffic 

quality or advertising effectiveness, would automatically benefit the firm, and should 

exercise caution when an opportunity to improve such a factor arises. 

We further show that as the proportion of indirect demand (i.e., δ) increases, that 

is, the leakage from the OSI decreases, whether or not the payment to OSI should 

increase is conditional on the amount of side payment that the OSI could earn outside of 

its contract with the Parent, and also on the type of contract. Further, while in LBC, the 

benefit of the Parent depends on the proportion of redirection, in CBC, the benefit of the 

Parent depends on how the benefit from the leakage compares with the quality of indirect 

traffic. 
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Through this research, we make theoretical contributions to the following streams 

of literature: (1) online search infomediaries, (2) affiliate marketing, (3) supply chain 

contracting, and (4) competitive and collaborative search advertising. We demonstrate 

that by bringing together elements from these different streams to determine the nature of 

the payment and advertising strategies, we can either bring altogether new insights, or 

alter commonly held intuitions. Our investigation is timely and pertinent with an 

increasing number of big retailers, car dealers, etc., contracting third party on-line 

affiliates to bring in additional demand. Through our paper, we also add to the growing 

discussion about how to make payment and advertising decisions appropriate for a 

particular contract, depending on environmental factors such as traffic quality, advertising 

effectiveness, among others. Using a simple model, we provide practical insights that will 

help managers strategize their advertising and payment decisions when contracting with 

online search infomediaries. Future research in this area can be directed towards empirical 

validation of our theoretical model and the associated insights. 
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CHAPTER 3 

DIVIDE AND CONQUER: OPTIMIZING TIMING AND CONGRUENCE OF 

ADVERTISEMENTS IN MULTISCREEN VIEWING ENVIRONMENTS 

 

                                                     Introduction 

Use of mobile devices while performing activities such as walking, eating, and 

spending time with friends is increasingly common. An interesting manifestation of this 

phenomenon is the rise of multiscreen consumption, which is the use of additional 

devices when watching television. As of March 2017, 81% of American consumers used 

another device while watching television (Statista, 2017a). This is of particular interest in 

the advertising industry considering that firms spend roughly70 billion dollars on 

television advertising every year (Forbes, 2018). Especially considering emerging 

research which indicates multiscreen viewing negatively impacts ad recall and 

recognition (Angell et al., 2016; Voorveld, 2011). 

While consumers are balancing multiple screens, they are continuously 

interrupted by different alerts, including pop-up advertisements, system-generated alerts 

(e.g., security updates), and push notifications. Research has shown the effects of 

interruptions on both the primary (Pashler, 1994) and secondary tasks (Jenkins et al. 

2016). Researchers have also studied interruptions and consumer behavior in various 

contexts such as how the timing of the interrupt (Jenkins et al., 2016), type of the 

interrupt (Anderson et al., 2016), and consumers attention effects differ due to 

habituation to interrupts (Vance et al., 2017). However, with the pervasiveness of 
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simultaneous media consumption, how consumers behave when they receive notifications 

on the second screen requires investigation. Further, the level of engagement and the 

congruence of ad message with the primary task has not been considered in the 

multiscreen landscape. Thus, this study will address this research gap by considering pop-

up advertising efficacy in multiscreen television viewing experiences, through the lens of 

ad congruence and user engagement with the primary screen. We ask the following 

research questions: 

• How does user engagement with the primary screen affect second screen usage?? 

• How does second screen usage affect ad recall/recognition?? 

Moreover, one may expect that depending on the engagement level across both screens, 

the timing of the ad (whether it was shown during play vs. non-play i.e. 

replay/commentary) and message congruence (how relevant the ad is the program being 

shown?) would affect ad recall. Thus, our next two research questions are: 

• How does time the ad is shown (i.e. during play vs. non-play i.e. replay or 

commentary) affect ad recall/recognition? 

• How does message congruence (congruence vs. incongruence) affect ad 

recall/recognition? 

Literature Review 

 As a framing device, dual-task interference (DTI) is introduced. Next, multiscreen 

consumption and ad congruence literature are reviewed to provide a theoretical 

foundation. 
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Dual-Task Interference 

 Alerts and notifications on mobile devices can have positive as well as negative 

effects on consumers. On one hand, interruptions can provide users with information in 

an opportune manner (e.g., push notifications, popup ads, etc.). On the other hand, they 

can have serious negative impacts as well. Some of these include productivity loss 

(McFarlane, 2002), and an increased level of anxiety (Mark et al., 2008). This is because 

of a cognitive limitation of our cognitive system called Dual-Task Interference. Due to 

this limitation, humans are not good at switching between multiple tasks being performed 

simultaneously (Pashler, 1994). Research indicates that even performing simple tasks 

simultaneously can lead to productivity loss due to drastic interference between the tasks 

(Jenkins et al., 2016). Past research in judgment and decision making and information 

systems literature has considered DTI and various aspects such as performance on the 

primary task (Pashler, 1994), performance on the secondary task (Jenkins et al., 2016), 

effects of different timing of different interrupts (Jenkins et al., 2016), and consumers 

habituation level with the interrupt (Vance et al., 2017). However, with increasing 

numbers of consumers engaging in multiscreen consumption, the effect of DTI on their 

behavior remains unexplored. 

Second Screen Advertising 

Emerging multiscreen literature has focused on understanding how and why people 

use second screens (see Neate et al., 2017 for a review). Only a handful of recent studies 

have begun considering whether splitting attention between several screens is beneficial 

or detrimental for marketers trying to push their products to consumers through pop-up 
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ads. Some preliminary findings suggest that multiscreen viewing negatively impacts ad 

memory, such as recognition and recall (Bellman et al., 2012; Angell et al., 2016; 

Bellman et al., 2017). This study extends this recent work by considering ads occurring 

on the secondary screen, as opposed to a primary, screen. Doing so will provide 

important insights marketers can use to effectively communicate to consumers engaging 

in multiscreen viewing. 

Advertising Congruence 

Accurately contextualizing information makes it appear more beneficial as close 

agreement between message contexts and messages improves the efficacy of the 

messages (Tripathi and Siddiqui, 2011; Cannon, 1982). For instance, it might be a good 

idea to give advertisements for products that fit the person’s context, for instance, travel 

bags may seem more “appropriate” in tourist magazine for travelers as they may feel 

more inclined to process information in advertisements (Petty & Cacioppo,1986; 

Maclnnis et al., 1989). Also, the relevance accessibility framework (Lynch et al., 1988) 

tells us that consumers are more prone to evaluate messages positively when they are 

both accessible and relevant (Baker and Lutz, 2000). Consumers’ are more motivated by 

their feelings of relevance which in turn can trigger increased attention and 

comprehension. (Celsi & Olson, 1988). These findings have been confirmed in 

multiscreen literature where research indicates that contextual congruence determined 

how successfully consumers processed and recalled advertising content embedded on the 

primary screen (Angell et al., 2016). Thus, congruence is important when considering 

advertising in multiscreen viewing environments. 



    113 

                                                         Context 

Sports will serve as the context of our study as it is a popular type of television 

programming and is frequently viewed in multiscreen environments. While traditional 

television subscriptions have dropped to an all-time low, sports content has provided a 

saving grace. The Super Bowl was the leading single telecasted TV program in 2016 

(Statista, 2017b). The amount of time devoted to sports content on TV has increased by 

23% in the last 10 years (Nielsen, 2014). Multiscreen viewing is high for sports fans; in 

the world cup 91% of fans simultaneously used a second screen, compared to 80% of 

non-fans) (Mander, 2014). Thus, sports content is an important and appropriate context. 

The development of the research hypotheses is articulated in the subsequent section. 

                                            Hypothesis Development 

Due to the limited cognitive processing capabilities that consumers have, multi-

screen viewing can have a negative impact on the consumer’s viewing experience. 

Consumers have limited cognitive capacities to process information they receive from 

their environments (supporting the Capacity limitation theory (Angell, 2016; Lang, 

2000;Fukuda et al., 2010) and the theory of effort and attention (Kahneman, 1973). 

Consumers have finite amounts of attention and any attention allocated to a second 

screen directly taken away from what was allocated to a previous screen(s). Thus, the 

above theories suggest that attention across multiple screens is inversely related. 

However, other researchers have suggested that screen substitution is not a zero-sum 

game (i.e., looking at one screen may not be done at the expense of the other screen), as it 

is possible to switch-and-swap between multiple screens (e.g., during TV commercial 
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breaks) (Gantz & Lewis, 2014). This implies that consumers can divert attention from a 

screen so that the overall experience is not impacted, during non-valuable moments (e.g., 

during a commercial break). However, such rational discounts information provided 

throughout so-called “breaks”, which would not align with advertisers’ priorities. Thus, 

we hypothesize that there is an inverse relationship between allocated attention on the 

second screen and the engagement level on the primary screen. Our first hypothesis is as 

follows: 

• H1: There is an inverse relationship between primary screen engagement and 

second screen usage. 

Frequently when using a second screen consumers are inundated with pop-up ads 

(e.g., in-app ads) and notifications. To maximize their investment, advertisers seek to 

optimally deliver their ads to improve brand memory and thus advertising efficacy. 

During a multiscreen experience, it is anticipated that the amount of attention dedicated 

to the second screen will influence the efficacy of its ads. Hence, 

• H2: There is a positive relationship between second screen usage and ad 

recall/recognition. 

Drawing on consumers’ belief that screen substitution is not a zero-sum game 

(Gantz & Lewis, 2014), there would be moments during a TV viewing experience that a 

consumer could “skip” without missing out on the viewing experience (e.g., not paying 

attention to TV commercials does not detract from viewing the focal program). It is 

anticipated that during such moments, consumers will increase their attention towards the 
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second screen. For example, when the game is in live-action (e.g., a ball is thrown in 

football, players are skating in hockey, etc.), this would be the peak level of interest for 

consumers, and thus considered the most “valuable” to view. In turn, such a valuable 

moment would command more attention of the consumer, diverting interest away from 

the second screen, to the primary screen. However, during a sport broadcast, there are 

also stoppages in play occupied with other content including replays and commentary. It 

is anticipated that such non-live content, relative to live content, is less valuable and 

exciting, limiting its value. As such, attention allocation during non-live content is more 

likely to be diverted towards the second screen. Thus, 

• H3: The time at which the ad is shown (play vs. non-play i.e. replay/commentary) 

significantly affects ad recall. 

The alignment between television programming content and/or material presented 

before/after an ad influences advertising response through the concept of congruence 

(e.g., Myers et al. 2014). Congruence research has identified that consumers are 

increasingly inclined to process information in ads for products that fit their contexts 

(Tripathi & Siddiqui, 2011; Maclnnis & Jaworski, 1989; Petty & Cacioppo, 1986). For 

example, an NFL athlete endorsed ad during an NFL game would positively influence a 

fan’s response more than a non-athlete endorsement. Therefore, 

• H4: Ad congruence significantly affects ad recall. 

Effectively, as outlined in the following model, this study explores the role of 

primary screen engagement, consumer involvement, multiscreen usage, and ad 



    116 

congruence on ad recall in a multiscreen viewing landscape. Our conceptual research 

model is highlighted below: 

 

                                        Figure 7. Conceptual research Model 

        Research Design 

To explore how to design and distribute ads on the second screen to optimize ad 

recognition, a series of three within-subject lab experiments were conducted. For all three 

experiments, participants watched a clip of a sport game while playing an unrelated 

anagram game on their secondary device that featured pop-up ads. A sport featuring a 

variety of tempos in play (e.g., a large number of stoppages in play that feature 

supplemental content such as replays and commentary), specifically American football 

(NFL), was used to assess the impact of game content on ad recognition. We chose NFL 

specifically given the sheer dominance and popularity of the sport in the United States 

(Schneider, 2020). The choice to solve anagrams as the secondary task was consistent 
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with past research precedents (e.g., Segijn et al., 2017). Participants were instructed to 

focus on both screens and told that their memory and performance would be monitored 

and evaluated. After engaging in the multiscreen experience, participants completed some 

questionnaires online. Each participant was provided with a unique ID number that was 

used to match their survey responses to the data collected from the app while maintaining 

anonymity. 

Three studies were conducted for the following purposes. Study 1 was designed to 

focus on ad timing (H3) to understand the impact of timing prior to the introduction of ad 

congruence. Thus, Study 1 featured a set of nine ads that did not vary with respect to 

congruence, but rather featured well-known brands. Study 2 was designed to focus on ad 

congruence, while considering a different sample, online adult respondents rather than 

the student sample in Study 1. The ads in Study 2 varied across one of three levels of 

congruence. Finally, Study 3 returned to the student sample to confirm the results of 

Studies 1 and 2 while featuring the ads from Study 2. All three studies followed the broad 

design outlined above.  

                  Stimulus development 

A football game from a NFL regular season was selected as it featured a variety 

of tempos throughout game play and as such was appropriate for this study’s purpose. 

We also chose a game involving a local team to where the study was conducted to 

increase the relevance for the participants. Games from a recent regular season were 

reviewed to select a game that was recent enough to feature similar rules and viewing 

experiences (e.g., same star players, head coach, etc.), while being distant enough that 
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participants would not remember the game if they had watched it live. To ensure enough 

game time to realistically view the required number of pop-up ads, a clip of 13:40 

minutes was selected. We selected a game with the most excitement early on to 

encourage viewership. The game clip did not feature any commercial breaks, allowing 

the emphasis to be placed on game content variation and second screen ads. 

Consequently, there were no ads on the primary screen. 

A custom app was developed for the purpose of this experiment. A screenshot of 

the app can be found in Appendix Figure G1. To gain experimental control over what 

participants did on the second screen, we developed an anagram task. In this task, users 

were presented with a series of scrambled six letter words and were asked to reorder the 

letters and submit the actual word. This task was interrupted by a set of pop-up ads at pre-

determined times. By developing an app for this experiment, we had control over the 

design and distribution of the ads on the second screen. Behavioural data collected 

through the app included: (i) number of anagrams seen and solved, (ii) timing of 

anagrams (e.g., when the participant solved it), and (iii) interaction with pop-up ads (e.g., 

if the ad timed out or was closed).  

The ads were static images developed by the researchers, but featured real brands. 

The order in which the ads appeared was randomized across participants, but each 

participant saw the same set of ads appearing individually at pre-set times determined 

based on the game clip. Specifically, three pop-up ads appeared during core action 

content and six during supplemental content (i.e., three during replays and three during 

commentary). For each pop-up, the user could close out the ad immediately or it timed 
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out after 15 seconds. Therefore, theoretically, a participant watching the primary screen 

exclusively could have a pop-up appear and time out on their second screen without ever 

viewing it. Since brand familiarity can impact ad memory, participants reported their 

brand familiarity with the nine brands on the post-experiment survey on a 3-point scale 

(familiar, somewhat familiar, and unfamiliar) (Pitts & Slattery, 2004). Mean brand 

familiarity scores for ads were computed and compared with no brands being 

significantly more or less familiar to participants on average.  

Two sets of ads were used for the three studies. In Study 1, ads featured nine well-

known brands with a popularity match ensuring the brands were equally well-known. To 

do this we consulted industry reports (Similarweb, 2020) and the lists of most 

downloaded apps on the two dominant app stores (Android and App) and selected two 

apps from each from the most popular app categories (i.e., food, music, and sports). For 

Studies 2 and 3, which incorporated ad congruence, nine ads were developed following 

past research examples (e.g., Myers et al., 2014). The ads featured an actor (or 

spokesperson) advertising a brand resulting in three levels of congruence considered: 

relevant actor and brand (congruent), irrelevant actor and relevant brand (semi-

congruent), and irrelevant actor and irrelevant brand (incongruent).  

Measures 

For the dependent variable, ad recognition was collected from the survey. Ad 

recognition was measured by providing participants with a list of 12 brands, the nine 

featured in the app and three decoy brands and having them indicate if they remembered 

seeing that brand or not. The results of the decoy brands were not used; thus, ad 
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recognition was computed as a score out of nine, with one point awarded for each 

correctly recognized brand and nine being perfect recognition. Moreover, to assess the 

impact of timing, three separate ad recognition variables were computed by cross-

referencing when the ad appeared and if it was recognized resulting in a set of three 

scores out of three (i.e., core action, replay, and commentary ad recognition). 

We also measured the degree of engagement with the primary screen by asking 

participants a series of questions about the NFL game. Sample questions include, “What 

was the final score?” and “Select the quarterback of team A from the following options” 

for aided. Participants were awarded points for correct answers, with a maximum 

possible score of 11 points. This score was used as a proxy measure for the degree to 

which they engaged with the game on the primary screen. 

For second-screen engagement, we created a composite measure that estimated 

the performance in the anagram task. For this measure, we computed by multiplying the 

total number of anagrams completed by one plus the percentage solved correctly. This 

composite measure capturing both the number of puzzles completed as well as the 

number of puzzles completed correctly was chosen, as completing an anagram, even 

incorrectly, takes time and attention and should be captured. However, solving it 

correctly arguably takes additional time and attention. 

Control variables 

There were a variety of control variables included related to the consumers and as 

well as their multiscreen viewing experiences. Since younger consumers are more likely 

to multiscreen view (Courtois & D’heer, 2012), we controlled for demographic 
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characteristics including age, gender, and ethnicity. As per prior scholarship considering 

multi-screen viewing of sport content (Tang & Cooper, 2017), we collected measures 

related sport fandom (i.e., psychological involvement with sport which is related to media 

consumption; Ha, Kang & Kim, 2017; Reams & Havard, 2017) and media use. 

Specifically, we collected information pertaining to propensity to engage in multiscreen 

viewing to ensure results were not confounded by experience levels. We measured the 

perceived difficulty associated with solving the anagrams as well as the perceived level 

of excitement pertaining to the primary screen and second screen content. Finally, since 

brand familiarity can impact ad memory as stronger associations are attributed to familiar 

brands making such brands more accessible (Negunadi, 1990) and has been confirmed to 

impact ad memory in multiscreen environments (Segijn & Eisend, 2019), we controlled 

for it. 

                                                           Results 

                                                         Study1 

Since younger consumers are more likely to embrace multiscreen viewing 

(Courtois & D’heer, 2012), 130 students were recruited to participate in this study. This 

followed past research precedent that intentionally recruits participants likely to engage 

in multiscreen behaviour in their everyday lives (e.g., Jensen, Walsh, & Cobbs, 2018). Of 

the recruited subjects, 29 participants were excluded from the analyses as they did not 

complete the full experiment or failed attention check questions, resulting in a final 

sample of 101 participants. Of these participants, 63% identified as male, with 37% 

identifying as female. Participants were between the ages of 18 and 42, with an average 
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age of 21.86 (SD = 3.96). The majority of participants were White / Caucasian (56%), 

followed by Asian (24.7%), African American, (9%), and then Hispanic (5.15%). Table 

17 outlines the descriptive statistics pertaining to the key measures of interest. 

 

Table 17. 

Descriptive statistics of focal variables 

Measure Range Medium Mean (SD) 

Anagrams completed 0-96 22 25.2 (18.5) 

Anagrams completed correctly 0-60 10 14.4 (12.3) 

Second screen viewing  

     (Anagrams completed * 1 + Percentage correct) 

0-133 31 39.6 (28.8) 

Primary screen viewing  

     (Recall on game related questions) 

0-10 6 6.0 (2.7) 

Ad Recognition  0-9 4 4.1 (1.7) 

Note. SD = standard deviation 

 

 A series of standard linear regressions were used to investigate the relationship 

between primary screen viewing and second screen viewing (H1) and second screen 

viewing and ad recognition (H2). First, the independent variable of primary screen 

viewing significantly and negatively predicted second screen viewing. This supports our 

hypothesis H1 (Table 18 column 1). Moreover, primary screen and second screen 

viewing are significantly and inversely related while controlling for second screen usage 

propensity, and perceived anagram difficulty. The results also hold after controlling for 

demographic characteristics, specifically age, gender, and race (Table 18 column 2 shows 

these results). 
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Table 18.  

Impact of primary screen viewing on second screen viewing (Study 1) 

Variables Second screen Viewing Second screen viewing 

Primary screen viewing -2.236** (1.062) -2.614** (1.255) 

Second screen usage propensity  -1.454 (3.040) 

Perceived anagram difficulty  9.670*** (3.121) 

Gender  -10.69 (7.366) 

Age  -0.359 (0.572) 

Ethnicity  -2.053 (1.948) 

Constant 53.04*** (7.428) 64.54** (28.82) 

N 101 101 

adj. R-sq 0.043 0.17 

Note. Standard errors in parentheses; * = p<0.1, ** = p<0.01, *** = p<0.001.  
 

Next, the independent variable of second screen viewing significantly and 

positively predicted ad recognition (ß = 0.00999, t = 1.67, p< .1) which supported H2 

(Table 18). This result held after controlling for ad familiarity and demographic controls 

(Table 19).  

 

Table 19. 

Impact of second screen viewing on ad recognition(Study 1) 

Variables Ad Recognition Ad Recognition 

Second screen viewing  0.00999* (0.00598) 0.00964* (0.00570) 

Perceived anagram difficulty  0.0218 (0.148) 

Age  -0.120** (0.0387) 

Gender  0.258 (0.338) 

Ethnicity  -0.0726 (0.0969) 

Brand familiarity Controls No Yes 

Constant 3.698*** (0.263) 0.268 (1.680) 

N 101 101 

adj. R-sq 0.020 0.253 

Note. Standard errors in parentheses; * = p<0.1, ** = p<0.01, *** = p<0.001. 
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A two one-way repeated measures analysis of variance (ANOVA) was conducted 

to evaluate if there were significant differences in ad recognition dependent on ad timing 

(i.e., core action, replay, and commentary; H3). The results of the ANOVA indicated a 

significant timing effect; Wilks’ Lambda = .883, F(2, 101) = 6.572, p < .001, η2 = .117 

(large effect size) (Cohen, 1988). Follow up comparisons using a Bonferroni adjustment 

for multiple comparisons indicated a significant pairwise difference between core action 

and supplemental categories, but not between supplemental categories (Table 20 and 

Figure 8). Therefore, H3 was supported as ad recognition was dependent on timing with 

the highest level of recognition occurring during supplemental content. 

 

Table 20.  

Pair-wise Comparison of the Effect of Timing on Ad Timing (Study 1) 

Timing (I) Timing (J) 
Mean 

Difference (I-J) 
Std. Error Sig. 

95% CI 

Lower 

Bound 

95% CI 

Upper 

Bound 

Action Replay -0.455* 0.130 0.001 -0.714 -0.197 

Action Commentary -0.327* 0.122 0.009 -0.569 -0.085 

Replay Commentary 0.129 0.124 0.302 -0.117 0.375 
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Figure 8. Mean Ad Recognition and 95% Confidence Interval by Ad Timing 

  

Overall, Study 1 revealed a significant, negative relationship between primary 

screen and second screen viewing which supported H1 and capacity limitation theories 

outlining human’s limited cognitive processing capabilities and difficulties balancing 

attention between sources. Moreover, second screen viewing significantly and positively 

impacted ad recognition, which supported H2 and confirmed that there is an ideal time on 

which to embrace second screen ads. This was furthered confirmed with the support for 

H3 which found that ad recognition was higher during supplemental content, rather than 

core action content. These results were confirmed and expanded upon in Study 2. 

      Study 2 

 Study 2 sought to confirm and expand upon the results of Study 1. Specifically, 

we sought to replicate the findings from Study 1 using a non-student sample and in an 

online environment. Since previous literature has uncovered differences in advertising 

outcomes in multiscreen environments dependent on the manipulation (i.e., computer vs. 
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natural experiment; Segijn & Eisend, 2019), hence we wanted to consider both 

manipulations in our research design. Moreover, a computer or online experiment (i.e., 

where there is a split screen rather than two physically separate screens) is consistent with 

advents of social TV which has grown in popularity (Cesar & Geerts, 2011; Shin, 2013). 

Moreover, prior multiscreen advertising scholarship has indicated a slight difference 

between student and non-student samples with respect to affective outcomes (though no 

difference with respect to cognitive outcomes) (Segijn & Eisend, 2019). Therefore, we 

sought a non-student sample to increase generalizability of results. Thus, Study 2 featured 

a computer or online experiment with a split screen design as opposed to the lab 

experiment with physically separate devices and was conducted using the online platform 

(Prolific)27. In addition to embracing a different format and sample population in the 

confirmation of Study 1, Study 2 extends upon Study 1’s results by considering the 

impact of congruence of ads on ad recognition (H4).  

Our ads were developed as per prior literature (e.g., Myer et al., 2014) that has 

investigated different levels of congruence in ads (i.e., actor, plot, and language 

congruence). Since our ads did not include language beyond a company name / logo, we 

manipulated the congruence of the actor and plot. For the actors, nine celebrities (i.e., 3 

NFL players, 3 singers, and 3 movie artists) with similar popularity (defined by the 

number of their twitter followers) were selected. A popularity match with respect to 

brand-popularity rankings was used to select the nine brands. Moreover, brands of similar 

types of consumer goods (e.g., New Balance, Under Armour, Tide Detergent, and 

 
27 Increasingly these days academics are moving to Prolific platform rather than using Mturk : 

https://researcher-help.prolific.co/hc/en-gb/articles/360009094214-How-is-Prolific-different-from-MTurk-

Co- (Accessed March 6 2021)  

https://researcher-help.prolific.co/hc/en-gb/articles/360009094214-How-is-Prolific-different-from-MTurk-Co-
https://researcher-help.prolific.co/hc/en-gb/articles/360009094214-How-is-Prolific-different-from-MTurk-Co-
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Gatorade) were selected to maintain consistency in product types (e.g., did not feature 

Tide and Ford as the products are vastly different).  

A manipulation check was conducted with respect to the nine ads to ensure the 

three levels of congruence were achieved using an independent online sample. Forty 

participants recruited through Amazon Mechanical Turk (AMT) were asked to rate on a 

scale from 1 (highly incongruent) to 7 (highly congruent) the degree to which the nine 

ads were congruent with an NFL game. The order of the nine ads was randomized across 

participants. Two t-tests were conducted to compare the means of the congruence 

measures across the three levels. Results found significant differences in congruence 

between the three levels with the incongruent ads on average having the lowest level of 

congruence (M=1.65, SD=0.511), then semi-congruent (M=4.25, SD=0.815), and finally 

congruent ads being the most congruent (M=6.31, SD=0.429).  

Other than being administered online using a split screen manipulation of 

multiscreen viewing and featuring ads with varying levels of congruence, Study 2 

followed the same design as Study 1. Participants watched the NFL clip while playing the 

anagram game that was intermittently interrupted by the nine pop-ads that were 

randomized in order across participants and time slots. Following the multiscreen 

viewing experience, participants completed the online survey from Study 1. Other than 

including additional familiarity questions pertaining to the actor or spokesperson, the 

survey was consistent with that from Study 1.  

Using Prolific, 200 participants completed the study resulting in 174 usable 

responses. Of the recruited participants 13% of the sample were removed as they either 
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did not complete the survey, failed the attention check, or had suspicious completion 

behaviors. Specifically, a timer was built into the online viewing website to ensuring the 

timing of the ads, the video clip, or experiment was not delayed due internet latency 

issues. Therefore, if the video lagged, resulting in the ads and the video becoming out of 

sync, we would be able to tell by a difference in the website timer and video length and 

could remove the participant.  

Of the participants, 61% identified as male, with 39% identifying as female. 

Participants were 23-60, with an average age of 33.5.86 (SD = 8.86). Participants ranged 

in age from 23-60, with an average age of 33.52 (SD=8.86), leaning significantly older 

than the sample in Study 1. Table 21 outlines the descriptive statistics pertaining to the 

measures of interest.  

Table 21.  

Descriptive statistics of focal variables 

Measure Range Medium Mean (SD) 

Anagrams completed 3-99 36 40.54(22.7) 

Anagrams completed correctly 0-78 26 30.01(18.8) 

Second screen viewing  

     (Anagrams completed * 1 + Percentage correct) 

0-78 26 30.01 (18.85) 

Primary screen viewing  

     (Recall on game related questions) 

0-11 6 5.71 (2.64) 

Ad Recognition  0-9 5 5.13 (1.93) 

Note. SD = standard deviation 

 

To investigate the relationship between primary and second screen viewing (H1), 

a series of linear regressions were conducted similar to Study 1 (Table 22). In both the 

model without (column 1) and with (column 2) control variables, there was a significant 

and positive relationship between primary screen viewing and second screen viewing. 
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These findings are inconsistent with earlier findings from Study 1 and against our 

predicted hypothesis H1. Yet, it aligns with prior multiscreen advertising scholarship 

indicating a significant difference in cognitive outcomes in computer vs natural 

experiments (Segijn & Eisend, 2019). We suspect that in a split screen environment (i.e., 

computer experiment of Study 2), as opposed to a second screen (lab experiment of Study 

1), participants did not have to physically move their heads to switch between devices. In 

turn, this led to users being able to maintain their attention across the game clip and the 

anagram game simultaneously leading to a positive relationship reflective of overall 

engagement in the experiment. 

 

 

Table 22.  

Impact of primary screen viewing on second screen viewing (Study 2) 

Variables Second screen Viewing Second screen Viewing 

Primary screen viewing 1.256** (0.628) 1.115* (0.590) 

Second screen usage propensity  -0.830 (1.416) 

Perceived anagram difficulty  4.992*** (1.363) 

Age  -0.297* (0.151) 

Gender  4.185 (3.344) 

Ethnicity  -1.087 (1.166) 

Constant 23.53*** (3.943) 18.95 (13.03) 

N 174 174 

adj. R-sq 0.018 0.096 

Note. Standard errors in parentheses; * = p<0.1, ** = p<0.01, *** = p<0.001. 
 

 

Next, a pair of linear regressions was conducted to consider the impact of second 

screen viewing on ad recognition (H2). Both when the regression included (column 2) 

and did not include (column 1) control variables, there was a significant and positive 
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effect of second screen viewing on ad recognition. Thus, H2 was supported and 

replicated from Study 1 in an independent online sample (Table 23).  

 

Table 23. 

Impact of second screen viewing on ad recognition(Study 2) 

Variables Ad Recognition Ad Recognition 

Second screen viewing 0.0119* (0.00609) 0.0115* (0.00641) 

Perceived anagram difficulty  0.0123(0.0898) 

Age  0.00120 (0.0157) 

Gender  -0.180(0.314) 

Ethnicity  -0.104(0.126) 

Brand familiarity Controls No Yes 

Actor familiarity Controls No Yes 

Constant 4.766*** (0.242) 5.284*** (1.172) 

N 174 174 

adj. R-sq 0.010 0.012 

Notes. Standard errors in parentheses; * = p<0.1, ** = p<0 .01, *** = p<0.001. 

 

To assess for an impact of ad timing on ad recognition (H3), a one-way ANOVA 

was conducted. The results of the ANOVA again indicated a significant timing effect 

with significant evidence to reject the null hypothesis; Wilks’ Lambda = .888, F (2, 174) 

= 10.734, p < .001, η2 = .112 (large effect size) (Cohen, 1988). Follow up comparisons 

indicated a significant pairwise difference between core action and supplemental 

categories, but not between supplemental categories (Table 24 & Figure 9). Therefore, 

H3 was supported as ad recognition was dependent on timing with the highest level of 

recognition occurring during supplemental content. 
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Table 24.  

Pair-wise Comparison of the Effect of Timing on Ad Recognition 

Time (I) Time (J) 

Mean 

Difference (I-J) Std. Error Sig. 

95% CI 

Lower 

Bound 

95% CI 

Upper 

Bound 

Action Replay -.410 .094 .000 -0.551 -0.189 

Action Commentary -.324 .078 .000 -0.482 -0.177 

Replay Commentary .087 .078 .266 -0.112 0.193 

 

 
 

Figure 9. Mean Ad Recognition and 95% Confidence Interval by Ad Timing 

 

Finally, to assess for an impact of congruence (H4), we conducted another 

ANOVA. The results indicated a significant congruence effect; Wilks’ Lambda =0.766, 

F(2, 174) = 26.090, p < .001, η2 = .234 (large effect size) (Cohen, 1988). Thus, there was 

significant evidence to reject the null hypothesis. Follow up comparisons indicated ad 
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recognition was significantly higher for congruent ads than semi-congruent and 

incongruent ads, but there was no significant difference between semi-congruent and 

incongruent ads (Table 25 & Figure 10). Therefore, H4 was partially supported. 

 

Table 25.  

Pair-wise Comparison of the Effect of Congruence on Ad Recognition (Study 2) 

Congruence (I) Congruence (J) 

Mean 

Difference 

(I-J) 

Std. Error Sig. 

95%CI 

Lower 

Bound 

95%CI 

Upper 

Bound 

Congruent Semi-congruent .526* .087 .000 0.349 0.691 

Congruent Incongruent .607* .093 .000 0.434 0.803 

Semi-

congruent 
Incongruent .081 .088 .362 -0.073 0.270 

 

  

        Figure 10. Mean Ad Recognition and 95% Confidence Interval by Ad Congruence 

 

Overall, Study 2 revealed a significant, but positive relationship between primary 

screen and second screen viewing which conflicted with H1 and capacity limitation 

theories outlining human’s limited cognitive processing capabilities and difficulties 

balancing attention between sources. However, consistent with Study 1, second screen 
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viewing significantly and positively impacted ad recognition, which supported H2 and 

confirmed that there is an ideal time on which to embrace second screen ads. This was 

furthered confirmed with the support for H3 which found that ad recognition was higher 

during supplemental content, rather than core action content. Study 2 introduced the 

notion of ad congruence and found that congruent ads had higher levels of recognition 

compared to semi-congruent and incongruent ads. This suggests that congruence is only 

beneficial when done consistently thought the ad design. To investigate the contradictory 

finding with respect to H1 and confirm the results of H4, a third study was conducted. 

Study 3 

Study 3 returned to the lab experiment design, but featuring the congruent ads, to 

identify if the inconsistent results with respect to H1 between Studies 1 and 2 were a 

result of the change in ads, rather than the change in design. Hence, we reverted to a 

design consistent with Study 1, but featuring the ads from Study 2. In other words, 

participants completed the anagram task on a secondary device using a customized app 

similar to Study 1 rather than the split screen used in Study 2. Study 3 featured 160 

number of usable participants out of a total of 123 participants who completed the study. 

The removal of 23.1% was due to failed attention checks or incomplete studies. Of the 

participants, 64.2% identified as male, with 35.7% identifying as female. Participants 

were an average age of 19 years old (SD=1.20) with an age range of 18-26. The majority 

of participants were White / Caucasian (58.53%), followed by Asian (17.89%), African 

American, (14.63%), and then Hispanic (6.5%). Table 26 outlines the descriptive 

statistics pertaining to the measures of interest.  
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Table 26.  

Descriptive Statistics of Focal Variables 

Measure Range Medium Mean (SD) 

Anagrams completed 1-65 25 28.63(16.9) 

Anagrams completed correctly 1-36 13 14.95 (10.09) 

Second screen viewing  

Anagrams completed * (1 + Percentage 

correct) 

2-101 39 43.58 (25.64) 

Primary screen viewing  

(Recall on game related questions) 
0-11 8 7.65 (2.68) 

Ad Recognition  0-9 6 5.8 (2.1) 

Note. SD = standard deviation 

 

Table 27. 

Impact of primary screen viewing on second screen viewing (Study 3) 

Variables Second screen Viewing Second screen viewing 

Primary screen viewing -2.224*** (0.814) -2.368** (1.041) 

Second screen usage propensity  1.647 (2.364) 

Perceived anagram difficulty  0.115 (0.0945) 

Age  3.349** (1.540) 

Gender  -1.018 ((5.887) 

Ethnicity  -0.928(1.764) 

Constant 60.61*** (7.070) -14.97(35.16) 

N 123 123 

adj. R-sq 0.046 0.057 

Note. Standard errors in parentheses; * = p<0.1, ** = p<0.01, *** = p<0.001. 

 

 

A pair of linear regressions (Table 27), one with control variables (column 2) and 

one without (column 1) found a significant and negative relationship between primary 

screen viewing and second screen viewing. This was consistent with Study 1 and theories 

related to capacity limitation and hence supported H1.  
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According to a pair of linear regressions, there was a significant impact of second 

screen usage on ad recognition (Table 28), both when control variables were considered 

(column 2) and without control variables (column 1). This support for H2 was consistent 

with the results of Studies 1 and 2. 

 

Table 28. 

Impact of second screen usage on ad recognition (Study 3) 

Variables Ad Recognition Ad Recognition 

Second screen viewing  0.0108* (0.00634) 0.0118* (0.00668) 

Perceived anagram difficulty  -0.0641(0.202) 

Age  -0.317** (0.141)  
Gender  -0.234 (0.490) 

Ethnicity  -0.196 (0.169) 

Brand familiarity Controls No Yes 

Actor familiarity Controls No Yes 

Constant 5.379*** (0.242) -9.106 (6.334) 

N 123 123 

adj. R-sq 0.008 0.084 

Note. Standard errors in parentheses; * = p<0.1, ** = p<0.01, *** = p<0.001. 

 

 

Consistent with Studies 1 and 2, a one-way ANOVA was used to investigate the 

impact of ad timing on ad recall. The results indicated a significant timing effect; Wilks’ 

Lambda = .911, F(2, 123) = 5.891, p < .004, η2 = .089 (large effect size) (Cohen, 1988). 

Thus, there was significant evidence to reject the null hypothesis and follow up 

comparisons were conducted. Results indicated a significant pairwise difference between 

core action and supplemental categories, but not between supplemental categories 

(Table 29 & Figure 11). Therefore, consistent with Studies 1 and 2, H3 was supported as 

the highest levels of ad recognition occurred during supplemental content. 
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Table 29. 

 Pair-wise Comparison of the Effect of Timing on Ad Recognition 

Time (I) Time (J) 

Mean 

Difference 

(I-J) 

Std. Error Sig. 

95%CI  

Lower 

Bound 

95% CI  

Upper 

Bound 

Action Replay -.301 .108 .006 -0.492 -0.060 

Action Commentary -.341 .094 .000 -0.503 -0.131 

Replay Commentary -.041 .094 .666 -0.227 0.146 

 

 
 

Figure 11. Mean Ad Recognition and 95% Confidence Interval by Ad Timing 

 

To assess for a significant effect of congruence on ad recognition, an ANOVA 

was used. The results indicated a significant effect of congruence; Wilks’ Lambda = .892, 

F(2, 123) = 7.358, p < .001, η2 = .108 (large effect size) (Cohen, 1988). Thus, there was 

significant evidence to reject the null hypothesis and need to conduct follow up 

comparisons (Table 30 & Figure 12). Congruent ads were recognized significantly more 
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than semi-congruent and incongruent ads, and semi-congruent ads were recognized 

significantly more than incongruent ads. Thus, H4 was supported. 

 

Table 30. 

 Pair-wise Comparison of the Effect of Timing on Ad Recognition 

Congruence (I) Congruence (J) 

Mean 

Difference 

(I-J) 

Std. Error Sig. 

95% CI 

Lower 

Bound 

95% CI 

Upper 

Bound 

Congruent Semi-congruent 0.195 0.108 0.074 0.039 0.465 

Congruent Incongruent 0.455 0.129 0.001 0.241 0.751 

Semi-

congruent 
Incongruent 0.260 0.104 0.014 0.034 0.454 

 

 

 
 

Figure 12. Mean Ad Recognition and 95% Confidence Interval by Ad Congruence 

            Summary of Results 

Three studies were conducted to understand how the design and distribution of 

ads that appear on a second screen during a multiscreen viewing environment impact ad 

recognition. First, the studies sought to confirm the inverse relationship between primary 

screen viewing and second screen viewing due to cognitive limitations hindering 
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human’s ability to simultaneously balance and process information from multiple 

sources. This was found in Studies 1 and 3 where lab experiments were conducted that 

featured two physically separate screens. However, when a computer experiment was 

conducted in Study 3 which featured a split screen design instead of separate screens, 

there was a significant, positive relationship between screens. This underscores the 

importance of the research design, while aligning with prior scholarship which has found 

a significant impact of study design (i.e., natural or lab vs. computer or online) on 

cognitive outcomes in multiscreen advertising studies (Segign & Eisend, 2019). Though a 

split screen design is consistent with social TV which has grown in popularity and 

received research attention (e.g., Cesar & Geerts, 2011; Shin, 2013), it should not be 

considered the same as multiscreen viewing indicating a need for separate advertising 

strategies.  

Next, across all three studies, there is a significant, positive relationship between 

second screen viewing and ad recognition. This confirms the notion that there is an ideal 

time to advertise in multiscreen viewing environments, specifically dependent on when 

consumers are focused on the target screen (Vanattenhoven & Geerts, 2017). This was 

further supported by the consistent results across all three studies that ad timing impacts 

ad recognition. Moreover, the fact that ad recognition was consistently higher when ads 

appeared during supplemental as opposed to core content suggests that consumers have 

developed a coping or balancing strategy to navigate multiscreen viewing experiences. 

Therefore, the distribution of ads is important to considering multiscreen environments, 
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specifically timing ads to appear on the screen thought to be commandeering the 

consumer’s attention at that given moment.  

Finally, the design of ads, specifically their congruence with the primary screen 

content, impacted recognition at least at the highest levels. Namely, across Studies 2 and 

3, completely congruent ads were recognized more so than their semi-congruent or 

incongruent counterparts. However, the difference in ad recognize diminished as the 

congruency level decreased as semi-congruent ads were not recognized significantly 

more than incongruent in Study 2. Therefore, when designed to optimum levels of 

congruence, it improves recognition, but some congruence is not always enough to 

increase recognition. 

             Contributions 

This project will make a number of theoretical contributions to various research 

domains. First, DTI scholars (in Neuroscience and Information Systems) have looked at 

the effect of interruptions on the performance of primary/secondary tasks. However, with 

the pervasiveness of multiscreen viewing, it is important to understand how these 

strategies differ as users balance multiple devices. Next, the second screen literature in 

information systems and marketing has not paid sufficient attention to “context” in which 

the ads appear while consumers are engaged across multiple screens. This is in spite of its 

potential economic value to marketers. Our research would thus contribute to this 

literature by adding in this important element.  The research would also add to the second 

screen literature by introducing the notion of psychological involvement with content. 

The research would further add to the task congruence literature in marketing by 
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considering its influence in the multiscreen consumption landscape. Apart from 

marketing and information systems, the research would also contribute to the judgment 

and decision-making literature (e.g., context effects in decision making) and open doors 

for future research investigating mechanisms of consumer behavior as they interact more 

on multiple screens. Finally, by considering sports content (e.g., football clip) as the 

media type, this research would contribute to sport management literature by considering 

the influence of important psychological constructs (e.g., psychological involvement) on 

the sport consumption experience. 

                      Future Research 

To confirm our results and increase the generalizability of our findings, future 

studies should be conducted using alternative secondary tasks. A field study could be 

carried out. Such a study could mimic real-life settings, where push notifications are 

delivered to participants while they view a live game. Additionally, future studies should 

continue to vary the sample population and game type to enhance generalizability. 

Future research could also look at other measures such as brand image, ad 

conversion, purchase intentions, sales, etc.  

Managerial Implications 

The results of this study will contribute to advertising and marketing by 

identifying specific strategies that can be used to improve advertising efficacy. More 

specifically, such insights will be helpful for marketers as they decide how to market in 

multiscreen environments; specifically, when to push ads on the second screen and how 

to optimally design and release such ads. Further, although notifications have become 
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ubiquitous in today’s world, their efficacy is often ignored (i.e., how effective these 

messages/notifications are to get consumers to convert). Understanding the opportune 

time and context to send such messages can not only increase their effectiveness but also 

save money which would otherwise be wasted on ineffective messaging/notifications. 

Effectively, though knowledge derived from this research will likely be used by 

marketers and advertisers most frequently to maximize their return on advertising 

investments, it is also important for any type of communication. Consumers are 

continuously inundated with information throughout their daily life; understanding when 

and how to best reach consumers to distribute critical information is of the utmost 

importance. This project will provide such insight by identifying how consumers process 

media in the multiscreen landscape. 
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CHAPTER 4 

CONCLUSION 

In summary, through my research I investigate three novel contexts where 

firms use digital strategies to communicate effectively with consumers and while 

doing so try to understand what aspects work best while targeting consumers through 

various online platforms thereby nudging their decision making appropriately. 

In essay1, I look at the novel phenomenon of “competitive poaching”, a 

phenomenon where firms generate traffic from search advertising by bidding not on 

their own keywords but on competitors’ keywords. We examine the factors that 

influence the effectiveness of competitive poaching, specifically the role of different 

ad copies and the type of competitor (poached brand) from which a brand is 

“poaching”. We also examine how the presence of sponsored ads from the poached 

brand and its psychical location affect competitive poaching. We collected data from 

two field experiments, one with a business school in the Northeastern United States, 

and the other one with a leading automobile dealership company, where the firms bid 

on keywords of competing brands and randomly display different types of ad copies 

in the sponsored search listings. We find that, when poaching on keywords of high-

quality brands, ad copies that feature vertical differentiation are more effective than 

the control ad copies. We also find that when poaching from low-quality brands, ad 

copies featuring horizontal differentiation perform better than the control ad copies. 

Our results further suggest that competitive poaching becomes less effective as the 

physical distance between the poaching and the poached brands increases. Finally, we 
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show that the presence of the poached brand’s own ad has a positive association with 

the ad effectiveness of the poaching brand when that poached brand is high-quality, 

and a negative association when the poached brand is low-quality. As we discuss, the 

research makes contributions to literature related to message framing and ad copy 

design in the online search advertising space in Marketing and IS. It also builds on the 

human-computer-interaction (HCI) literature in IS as advertising is the only cue that 

marketers can use while targeting consumers on search engine platforms. The work 

also has strong implications for managers regarding how to design their ad copies and 

optimize their budget strategies when bidding on competitors’ keywords. 

In Essay 2, I look at the novel context where two firms a focal firm (known as 

the Parent) and its referral affiliate partner (known as the “OSI”) instead of just 

competing, now compete and collaborate simultaneously while showing their ads on 

the search engine. On the one hand, both the firms compete for traffic on the same 

search engine, while on the other hand, the OSI redirects consumers back to the 

Parent firm’s website for a referral fee. This leads to an interesting conundrum where 

the Parent and the OSI both compete and cooperate at the same time. In this unique 

context, how equilibrium payment and advertising strategies are affected by factors 

such as traffic quality, advertising effectiveness, leakage, and the nature of contract 

between the two firms, remains an open question. Using a game-theoretic model, we 

investigate the strategic interaction between a Parent and its OSI. We show that the 

novel balance between the competitive and the collaborative nature of the interaction, 

which itself gets affected by the choice of contract and changes in the environmental 
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factors, alters equilibrium strategies commonly expected in existing literature. This 

research, provides several useful and interesting insights, which can serve as 

guidelines for both Parents and OSIs in efficiently navigating their relationship. 

In essay 3, I investigate the novel context of “Multiscreen viewing”, a 

phenomenon where consumers are increasingly using additional devices (like 

smartphones or tablets) while watching TV. This provides an additional advertising 

channel for marketers, specifically the second screen. investigate how users’ 

engagement with the primary screen affects multiscreen usage and ad recall. Further, I 

investigate how timing of the ad i.e., whether it’s shown during live content (i.e., 

play) vs. non-live content (i.e., replay or commentary) affects ad recall and finally, 

how message relevance (ads which are congruent with the game vs. ads which are 

incongruence) affect ad recall. Using behavioral experiments, I find the following 

results. First, there is a negative relationship between primary screen engagement and 

second screen usage. Second, there is a positive relationship between second screen 

usage and ad recall and this relationship is moderated by consumer’s psychological 

involvement. Third, the results show that timing significantly impacts ad recall i.e., 

depending on the action on the primary screen (gameplay vs. non-gameplay), 

consumers respond differently to ads on the second screen as their engagement level 

varies with the primary screen content. Finally, the results demonstrate that more 

relevant message content (i.e., more congruent ad messages) leads to higher ad recall 

and greater purchase intention among consumers. This study contributes to multiple 

streams of research including the second screen literature in IS and marketing, context 
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effects in JDM, multiscreen usage on consumer behavior in Neuroscience/IS, and 

finally the congruence literature in marketing. The project would also generate 

insights that would be helpful for marketers as they decide how to market in 

multiscreen environments; specifically, when (timing) and what (content) ads to push 

on the second screen and how to optimally design and release these ads with the 

highest efficacy. 

As digital advertising grows faster than any other form of advertising it has 

become imperative for firms to understand the factors that make it more effective while 

targeting consumers to nudge their decision making appropriately. This research will 

hopefully serve as guidelines for firms and their managers to decide appropriate strategies 

when it comes to poaching on competitors, formulating appropriate contracts with 

affiliate partners, or optimally advertise in the multiscreen viewing landscape. This 

interdisciplinary research portfolio makes concrete contributions to the disciplines of IS, 

Marketing, Supply Chain Management, JDM, Psychology, and Sports management. The 

research also comes up with actionable strategies for managers and policy makers, as 

firms’ target consumers (through their advertising) on various online platforms. 

 

 

 

 

 

 

 



    146 

       REFERENCES CITED  

Agarwal, Ashish, & Mukhopadhyay, T. (2016). The Impact of Competing Ads on 

ClickPerformance in Sponsored Search. Information Systems Research, 27(3), 

538–557. https://doi.org/10.1287/isre.2016.0637 

Allison, P. D., & Christakis, N. A. (2016). Fixed-Effects Methods for the Analysis of  

Nonrepeated Events: Sociological Methodology.  

https://journals.sagepub.com/doi/10.1111/j.1467-9531.2006.00177.x 

Angell, R., Gorton, M., Sauer, J., Bottomley, P., & White, J. (2016). Don’t distract me 

when i’m media multitasking: Toward a theory for raising advertising recall and 

recognition. Journal of Advertising, 45(2), 198–210.  

https://doi.org/10.1080/00913367.2015.1130665 

Animesh, A., Viswanathan, S., & Agarwal, R. (2011). Competing “Creatively” in  

Sponsored Search Markets: The Effect of Rank, Differentiation Strategy, and 

Competition on Performance. Information Systems Research, 22(1), 153–169. 

JSTOR. 

Atkin, C. K. (1979). Research Evidence on Mass Mediated Health Communication  

Campaigns. Annals of the International Communication Association, 3(1), 655–

668. https://doi.org/10.1080/23808985.1979.11923788 

Bailey, J. P. (1998). Internet Price Discrimination, Self-Regulation, Public Policy and  

Global Electronic Commerce. https://dspace.mit.edu/handle/1721.1/1490 



    147 

Baker, W. E., & Lutz, R. J. (2000). An Empirical Test of an Updated Relevance- 

Accessibility Model of Advertising Effectiveness. Journal of Advertising, 29(1), 

1–14. https://doi.org/10.1080/00913367.2000.10673599 

Bakos, J. Y. (1997). Reducing Buyer Search Costs: Implications for Electronic  

Marketplaces. Management Science, 43(12), 1676–1692. 

Ballestar, M. T., Grau-Carles, P., &Sainz, J. (2018). Customer segmentation in  

e-commerce: Applications to the cashback business model. Journal of Business 

Research, 88(C), 407–414. 

Beaton, A. A., Funk, D. C., Ridinger, L., & Jordan, J. (2011). Sport involvement:  

A conceptual and empirical analysis. Sport Management Review, 14(2), 126–140. 

Bellman, S., Rossiter, J. R., Schweda, A., & Varan, D. (2012). How coviewing reduces 

the effectiveness of TV advertising. Journal of Marketing Communications, 

18(5), 363–378. https://doi.org/10.1080/13527266.2010.531750 

Berger, J., & Milkman, K. L. (2012). What makes online content viral? Journal of  

Marketing Research, 49(2), 192–205. https://doi.org/10.1509/jmr.10.0353 

Bhargava, H. K., & Choudhary, V. (2004). Economics of an Information Intermediary 

 with Aggregation Benefits. Information Systems Research, 15(1), 22–36. JSTOR. 

 

 



    148 

Brynjolfsson, E., & Smith, M. D. (2000). Frictionless Commerce? A Comparison of  

Internet and Conventional Retailers. Management Science, 46(4), 563–585. 

https://doi.org/10.1287/mnsc.46.4.563.12061 

BuzzFeed’s Craig Silverman: Digital advertising’s infrastructure has been weaponized.  

(2018, November 27). Digiday. https://digiday.com/media/buzzfeed-digital-

advertising-craig-silverman-nfrastructure-weaponized/ 

Cachon, G. P., & Fisher, M. (2000). Supply Chain Inventory Management and the Value  

of Shared Information. Management Science, 46(8), 1032–1048. 

https://doi.org/10.1287/mnsc.46.8.1032.12029 

Cachon, G. P., & Lariviere, M. A. (1999). Capacity choice and allocation: Strategic  

behavior and supply chain performance. Management Science, 45(8), 1091–1108. 

https://doi.org/10.1287/mnsc.45.8.1091 

Cameron, A. C., & Trivedi, P. K. (1990). Regression-based tests for overdispersion in the  

Poisson model. Journal of Econometrics, 46(3), 347–364. 

https://doi.org/10.1016/0304-4076(90)90014-K 

Cao, X., &Ke, T. T. (2019). Cooperative Search Advertising. Marketing Science, 38(1),  

44–67. 

Celsi, R. L., & Olson, J. C. (1988). The Role of Involvement in Attention and 

Comprehension Processes. Journal of Consumer Research, 15(2), 210–224. 

https://doi.org/10.1086/209158 



    149 

Chiou, L., & Tucker, C. (2012). How Does the Use of Trademarks by Third-Party Sellers 

 Affect Online Search? Marketing Science, 31(5), 819–837. JSTOR. 

Cannon, H.M. (1982). “A new method for estimating the effect of media context.” 

Journal of Advertising Research, (22:5), pp. 41-48. 

Courtois, C., &D’heer, E. (2012). Second screen applications and tablet users: 

 Constellation, awareness, experience, and interest. Proceedings of the 10th 

 European Conference on Interactive TV and Video, 153–156.  

https://doi.org/10.1145/2325616.2325646 

Cultural Differences and Geography as Determinants of Online Pro-Social Lending 

 | Request PDF. (n.d.). ResearchGate. https://doi.org/10.2139/ssrn.2271298 

de Haan, E., Wiesel, T., & Pauwels, K. (2016). The effectiveness of different forms of 

online advertising for purchase conversion in a multiple-channel attribution 

framework. International Journal of Research in Marketing, 33(3), 491–507. 

Deal, K. R. (1979). Optimizing Advertising Expenditures in a Dynamic Duopoly. 

 Operations Research, 27(4), 682–692. https://doi.org/10.1287/opre.27.4.682 

Dellarocas, C. (2012). Double Marginalization in Performance-Based Advertising: 

 Implications and Solutions. Management Science, 58(6), 1178–1195. 

 

 



    150 

Desai, P., Kekre, S., Radhakrishnan, S., & Srinivasan, K. (2001). Product Differentiation 

and Commonality in Design: Balancing Revenue and Cost Drivers. Management 

Science, 47(1), 37–51. 

Desai, P. S. (1997). Advertising Fee in Business-Format Franchising. Management 

 Science, 43(10), 1401–1419. 

Desai, P. S., Koenigsberg, O., & Purohit, D. (2010). Forward Buying by Retailers. 

Journal of Marketing Research, 47(1), 90–102. 

https://doi.org/10.1509/jmkr.47.1.90 

Desai, P. S., Shin, W., &Staelin, R. (2014a). The company that you keep: When to buy a 

competitor’s keyword. Marketing Science, 33(4), 485–508. https://doi.org/ 

10.1287 /mksc.2013.0834 

Desai, P. S., Shin, W., &Staelin, R. (2014b). The company that you keep: When to buy 

a competitor’s keyword. Marketing Science, 33(4), 485–508. 

https://doi.org/10.1287/mksc.2013.0834 

Dickson, P. R., & Ginter, J. L. (1987). Market Segmentation, Product Differentiation, and 

Marketing Strategy. Journal of Marketing, 51(2), 1–10. JSTOR. 

https://doi.org/10.2307/1251125 

Disdier, A.-C., & Head, K. (n.d.). The Puzzling Persistence of the Distance Effect on 

 Bilateral Trade. 30. 



    151 

Dziuda, W., & Mondria, J. (2010). Asymmetric Information, Portfolio Managers, and 

Home Bias. In Working Papers (tecipa-393; Working Papers). University of 

Toronto, Department of Economics: 

 https://ideas.repec.org/p/tor/tecipa/tecipa-393.html 

Emmons, H., & Gilbert, S. M. (1998). Note. The Role of Returns Policies in Pricing and 

Inventory Decisions for Catalogue Goods. Management Science, 44(2), 276–283. 

https://doi.org/10.1287/mnsc.44.2.276 

Eppen, G. D., & Iyer, Ananth. V. (1997). Backup Agreements in Fashion Buying—The 

Value of Upstream Flexibility. Management Science, 43(11), 1469–1484. 

 https://doi.org/10.1287/mnsc.43.11.1469 

Erickson, G. M. (1985). A Model of Advertising Competition. Journal of Marketing 

 Research, 22(3), 297–304. https://doi.org/10.1177/002224378502200305 

Erickson, G. M. (1995). Differential game models of advertising competition. European  

 Journal of Operational Research, 83(3), 431–438. 

Feldman, D. (n.d.). U.S. TV Ad Spend Drops As Digital Ad Spend Climbs To $107B In 

2018. Forbes. Retrieved September 30, 2020, from 

 https://www.forbes.com/sites/danafeldman/2018/03/28/u-s-tv-ad-spend-drops-

as-digital-ad-spend-climbs-to-107b-in-2018/ 

 



    152 

Fishteyn, D., Korsunsky, D., & Loss, W. K. (2013). System and method for ranking the 

quality of internet traffic directed from one web site to another (United States 

Patent No. US8363544B2). https://patents.google.com/patent/US8363544/en 

Fleiss, J. L., Nee, J. C., & Landis, J. R. (1979). Large sample variance of kappa in the 

case of different sets of raters. Psychological Bulletin, 86(5), 974–977. 

https://doi.org/10.1037/0033-2909.86.5.974 

Ford, G. T., Smith, D. B., & Swasy, J. L. (1990). Consumer Skepticism of Advertising 

Claims: Testing Hypotheses from Economics of Information. Journal of 

Consumer Research, 16(4), 433–441. 

Fukuda, K., Awh, E., & Vogel, E. K. (2010). Discrete Capacity Limits in Visual Working 

Memory. Current Opinion in Neurobiology, 20(2), 177–182.  

https://doi.org/10.1016/j.conb.2010.03.005 

Gabszwicz, J. J., &Thisse, J.-F. (1986). On the Nature of Competition with 

DifferentiatedProducts. The Economic Journal, 96(381), 160.  

Gantz, W., & Lewis, N. (2014). Sports on Traditional and Newer Digital Media: Is There 

Really a Fight for Fans? Television & New Media, 15(8), 760–768.  

https://doi.org/10.1177/1527476414529463 

Ghose, A., Mukhopadhyay, T., & Rajan, U. (2007). The Impact of Internet Referral 

in Supply Chain. Information Systems Research, 18(3), 300–319. JSTOR. 



    153 

Ghose, A., & Yang, S. (2009). An Empirical Analysis of Search Engine Advertising: 

Sponsored Search in Electronic Markets. Management Science, 55(10), 1605–

1622. https://doi.org/10.1287/mnsc.1090.1054 

Giudici, G., Guerini, M., & Rossi-Lamastra, C. (2018). Reward-based crowdfunding of  

entrepreneurial projects: the effect of local altruism and localized social capital on 

proponents’ success. Small Business Economics, 50(2), 307-324. 

Global internet penetration 2019. (n.d.). Statista. Retrieved October 2, 2020, from 

https://www.statista.com/statistics/209096/share-of-internet-users-in-the-total-

world-population-since-2006/ 

Global retail e-commerce market size 2014-2023. (n.d.). Statista. Retrieved September 

26, 2020, from:https://www.statista.com/statistics/379046/worldwide-retail-e-

commerce-sales/ 

Gorn, G. J., & Weinberg, C. B. (1984). The Impact of Comparative Advertising on 

Perception and Attitude: Some Positive Findings. Journal of Consumer Research, 

11(2), 719–727. https://doi.org/10.1086/209008 

Gotlieb, J. B., &Sarel, D. (1992). The influence of type of advertisement, price, and 

source credibility on perceived quality. Journal of the Academy of Marketing 

Science, 20(3), 253–260. https://doi.org/10.1007/BF02723412 

Graham, J. R., Harvey, C., & Huang, H. (2009). Investor Competence, Trading 

Frequency, and Home Bias. Management Science, 55(7), 1094–1106. 



    154 

Gregori, N., Daniele, R., &Altinay, L. (2014). Affiliate Marketing in Tourism: 

Determinants of Consumer Trust. Journal of Travel Research, 53(2), 196–210. 

https://doi.org/10.1177/0047287513491333 

Gorn, G. J., & Weinberg, C. B. (1984). The impact of comparative advertising on  

perception and attitude: Some positive findings. Journal of Consumer Research,  

11(2), 719-727. 

Gong, J., Greenwood, B. N., & Song, Y. A. (2017). Uber might buy me a mercedes benz:  

  An empirical investigation of the sharing economy and durable goods purchase.  

Available at SSRN 2971072. 

Ho, C., & Spence, C. (2006). Verbal interface design: Do verbal directional cues 

automatically orient visual spatial attention? Computers in Human Behavior, 

22(4), 733–748: https://doi.org/10.1016/j.chb.2005.12.008 

Ho, Y.-C. (Chad), Ho, Y.-J. (Ian), & Tan, Y. (2017). Online Cash-back Shopping: 

Implications for Consumers and e-Businesses. Information Systems Research, 

28(2), 250–264: https://doi.org/10.1287/isre.2017.0693 

Holbrook, M. B. (1978). Beyond Attitude Structure: Toward the Informational 

Determinants of Attitude. Journal of Marketing Research, 15(4), 545–556. 

JSTOR: https://doi.org/10.2307/3150624 

Hong, Y., & Pavlou, P. A. (2017). On buyer selection of service providers in online 

outsourcing platforms for IT services. Information Systems Research, 28(3), 547–

562: https://doi.org/10.1287/isre.2017.0709 



    155 

Hoque, A. Y., & Lohse, G. L. (1999). An Information Search Cost Perspective for 

Designing Interfaces for Electronic Commerce. Journal of Marketing Research, 

36(3), 387–394. JSTOR: https://doi.org/10.2307/3152084 

Hortaçsu, A., Martínez-Jerez, F. A., & Douglas, J. (2009). The Geography of Trade in 

Online Transactions: Evidence from eBay and MercadoLibre. American 

Economic Journal: Microeconomics, 1(1), 53–74: 

https://doi.org/10.1257/mic.1.1.53 

III, J. H., & Rayport, J. F. (1997, January 1). The Coming Battle for Customer 

Information. Harvard Business Review, January–February 1997: 

https://hbr.org/1997/01/the-coming-battle-for-customer-information 

Jenkins, J. L., Anderson, B. B., Vance, A., Kirwan, C. B., & Eargle, D. (2016). More 

Harm Than Good? How Messages That Interrupt Can Make Us Vulnerable. 

Information Systems Research, 18. 

Jeziorski, P., & Moorthy, S. (2018). Advertiser Prominence Effects in Search 

 Advertising. Manag. Sci. https://doi.org/10.1287/mnsc.2016.2677 

Kahneman, D. (1973). Attention and effort. Prentice-Hall. 

Katona, Z., & Sarvary, M. (2010). The Race for Sponsored Links: Bidding Patterns for 

Search Advertising. Marketing Science, 29(2), 199–215. 

 https://doi.org/10.1287/mksc.1090.0517 



    156 

Kim, A. (2018). Doubly-Bound Relationship Between Publisher and Retailer: The 

Curious Mix of Wholesale and Agency Models. Journal of Management 

Information Systems, 35(3), 840–865.  

Lai, S., & Teo, M. (2008). Home-Biased Analysts in Emerging Markets. The Journal of 

 Financial and Quantitative Analysis, 43(3), 685–716. JSTOR. 

Lambrecht, A., & Tucker, C. (2013). When Does Retargeting Work? Information 

Specificity in Online Advertising. SSR.  

Lang, A., Park, B., Sanders-Jackson, A. N., Wilson, B. D., & Wang, Z. (2007). Cognition 

and emotion in TV message processing: How valence, arousing content, 

structuralcomplexity, and information density affect the availability of cognitive 

resources. Media Psychology, 10(3), 317–33.: 

Lee, D., Hosanagar, K., & Nair, H. (2018). Advertising Content and Consumer 

Engagement on Social Media: Evidence from Facebook. Management 

Science.https://doi.org/10.1287/mnsc.2017.2902 

Lee, H., & Whang, S. (1999). Decentralized Multi-Echelon Supply Chains: Incentives 

and Information. Management Science, 45(5), 633–640. 

Li, H., & Yang, Y. (2020). Optimal Keywords Grouping in Sponsored Search 

Advertising Under Uncertain Environments. International Journal of Electronic 

Commerce, 24(1), 107–129. https://doi.org/10.1080/10864415.2019.1683704 



    157 

Libai, B., Biyalogorsky, E., & Gerstner, E. (2016). Setting Referral Fees in Affiliate 

Marketing: Journal of Service Research ; 

https://doi.org/10.1177/1094670503005004003 

Lin, M., & Viswanathan, S. (n.d.). Home Bias in Online Investments: An Empirical Study 

 of an Online Crowd Funding Market. 23. 

Little, J. D. C. (1979). Feature Article—Aggregate Advertising Models: The State of the 

 Art. Operations Research, 27(4), 629–667. https://doi.org/10.1287/opre.27.4.629 

Liu, D., Kumar, S., & Mookerjee, V. S. (2012). Advertising Strategies in Electronic 

Retailing: A Differential Games Approach. Information Systems Research, 23(3), 

903–917. JSTOR. 

Lynch Jr., J.G., Marmorstein, H. and Weigold, M.F. (1988). “Choices from sets including 

remembered brands: Use of recalled attributes and prior overall evaluations.” Journal 

of Consumer Research, (15:2), pp. 169-184. 

MacInnis, D. J., & Jaworski, B. J. (1989). Information processing from advertisements: 

Toward an integrative framework. Journal of Marketing, 53(4), 1–23. 

https://doi.org/10.2307/1251376 

Mander, J. (2014, June). 91% of World Cup Fans are second-screeners. Retrieved from 

http://blog.globalwebindex.net/world-cup-second-screening. 

 

 



    158 

McFarlane, D. C. (2002). Comparison of Four Primary Methods for Coordinating the 

Interruption of People in Human-Computer Interaction. Human–Computer 

Interaction, 17(1), 63–139. https://doi.org/10.1207/S15327051HCI1701_2 

McNab, A., & Hess, T. (2009). Designing Interfaces for Faster Information Processing: 

Examination of the Effectiveness of Using Multiple Information Cues. AMCIS 

2009 Proceedings. https://aisel.aisnet.org/amcis2009/699 

McPherson, M., Smith-Lovin, L., & Cook, J. M. (2001). Birds of a Feather: Homophily 

in Social Networks. Annual Review of Sociology, 27(1), 415–444. 

https://doi.org/10.1146/annurev.soc.27.1.415 

Mollick, E. (2014). The dynamics of crowdfunding: An exploratory study. Journal of  

 Business Venturing, 29(1), 1–16. https://doi.org/10.1016/j.jbusvent.2013.06.005 

Mussa, M., & Rosen, S. (1978). Monopoly and product quality. Journal of Economic 

 Theory, 18(2), 301–317. https://doi.org/10.1016/0022-0531(78)90085-6 

Myers, S.D., Royne, M.B. and Deitz, G. (2014). “Programme-ad congruence”. 

International Journal of Advertising, (33:1), pp. 61-90. 

Neate, T., Jones, M., & Evans, M. (2017). Cross-device media: A review of second 

screening and multi-device television. Personal and Ubiquitous Computing, 

21(2), 391–405. https://doi.org/10.1007/s00779-017-1016-2 

Nelson, Philip. (1974). Advertising as Information. Journal of Political Economy, 82(4), 

 729–754. 



    159 

 

Nelson, Phillip. (1970). Information and Consumer Behavior. Journal of Political 

 Economy, 78(2), 311–329. 

Nielsen. (2014). State of the media: 2013 year in sports media report. Retrieved from 

http://www.nielsen.com/us/en/insights/reports/2014/year-in-the-sports-media-

report- 2013.html. 

Nisbett, R. E., & Wilson, T. D. (1977). The halo effect: Evidence for unconscious 

alteration of judgments. Journal of Personality and Social Psychology, 35(4), 

250–256. https://doi.org/10.1037/0022-3514.35.4.250 

Ordabayeva, N., & Fernandes, D. (2018). Better or Different? How Political Ideology 

Shapes Preferences for Differentiation in the Social Hierarchy. Journal of 

Consumer Research, 45(2), 227–250. https://doi.org/10.1093/jcr/ucy004 

Overman, H. G., Redding, S., & Venables, A. J. (2003). The Economic Geography of 

Trade, Production, and Income: A Survey of Empirics. In E. K. Choi & J. 

Harrigan (Eds.), Handbook of International Trade (pp. 350–387). Blackwell 

Publishing Ltd. https://doi.org/10.1002/9780470756461.ch12 

Pashler, H. (1994). Dual-task interference in simple tasks: Data and theory. 

Psychological Bulletin, 116(2), 220–244.  

https://doi.org/10.1037/0033-2909.116.2.220 

 

http://www.nielsen.com/us/en/insights/reports/2014/year-in-the-sports-media-report-%202013.html
http://www.nielsen.com/us/en/insights/reports/2014/year-in-the-sports-media-report-%202013.html


    160 

 

Pechmann, C., & Stewart, D. W. (1990). The Effects of Comparative Advertising on 

Attention, Memory, and Purchase Intentions. Journal of Consumer Research, 

17(2), 180–191. 

Petty, R.E., and Cacioppo, J.T. (1986). “The elaboration likelihood model of persuasion.” 

in Communication and Persuasion, pp. 1-24, Springer, New York, NY. 

Pitts, B. G., & Slattery, J. (2004). An examination of the effects of time on sponsorship 

awareness levels. Undefined. /paper/An-examination-of-the-effects-of-time-on-

awareness-Pitts-Slattery/0531d878a1146933f352d41b756a1d3315e5a67e 

Putrevu, S., & Lord, K. R. (1994). Comparative and Noncomparative Advertising: 

Attitudinal Effects under Cognitive and Affective Involvement Conditions. 

Journal of Advertising, 23(2), 77–91.  

https://doi.org/10.1080/00913367.1994.10673443 

Resnik, A., & Stern, B. L. (1977). An Analysis of Information Content in Television 

Advertising. Journal of Marketing, 41(1), 50–53. JSTOR.  

https://doi.org/10.2307/1250490 

Rutz, O. J., Bucklin, R. E., & Sonnier, G. P. (2012). A Latent Instrumental Variables 

Approach to Modeling Keyword Conversion in Paid Search Advertising: Journal 

of Marketing Research. https://doi.org/10.1509/jmr.10.0354 

 



    161 

 

Sayedi, A., Jerath, K., & Srinivasan, K. (2012). Competitive Poaching in Sponsored 

Search Advertising and Its Strategic Impact on Traditional Advertising (SSRN 

Scholarly Paper ID 2053319). Social Science Research Network. 

https://doi.org/10.2139/ssrn.2053319 

Sayedi, A., Jerath, K., & Srinivasan, K. (2014). Competitive Poaching in Sponsored 

Search Advertising and Its Strategic Impact on Traditional Advertising. 

Marketing Science, 33(4), 586–608. 

Schlangenotto, D., &Kundisch, D. (2017). Over-Paid Search: When Bricks-and-Mortar 

 Retailers Should Not Use Paid Search. 

Schneider, M. (2020, Dec 29). Year in Review: Top Rated Shows of 2020 – ‘Jeopardy! 

GOAT,’ ‘NICS,’ ‘The Masked Singer,’ NFL Football Dominate. Variety. 

Retrieved from https://variety.com/2020/tv/news/top-rated-shows-2020-jeopardy-

ncis-oscars-masked-singer-super-bowl-1234866838/.  

Schultz, C. D. (2018). The impact of ad positioning in search engine advertising: A 

 multifaceted decision problem. https://doi.org/10.1007/S10660-018-9313-Z 

Sethi, S. P. (1983). Deterministic and stochastic optimization of a dynamic advertising 

model. Optimal Control Applications and Methods, 4(2), 179–184. 

https://doi.org/10.1002/oca.4660040207 

 



    162 

 

Simcoe, T. (2008). XTPQML: Stata module to estimate Fixed-effects Poisson (Quasi- 

ML) regression with robust standard errors. In Statistical Software Components. 

Boston College Department of Economics.  

https://ideas.repec.org/c/boc/bocode/s456821.html 

Simonov, A., Nosko, C., & Rao, J. M. (n.d.). Competition and Crowd-out for Brand 

 Keywords in Sponsored Search. 41. 

Smith, W. R. (1956). Product Differentiation and Market Segmentation as Alternative 

Marketing Strategies. Journal of Marketing, 21(1), 3–8. JSTOR. 

https://doi.org/10.2307/1247695 

Strong, N., & Xu, X. (2003). Understanding the Equity Home Bias: Evidence from 

Survey Data. The Review of Economics and Statistics, 85(2), 307–312. 

Sun, H., Fan, M., & Tan, Y. (2020). An Empirical Analysis of Seller Advertising 

Strategies in an Online Marketplace. Information Systems Research, 31(1), 37–

56. https://doi.org/10.1287/isre.2019.0874 

Tang, C., & Wang, T. (2013). Price competition and coordination of dual-channel supply  

chains. International Journal of Networking and Virtual Organisations, 13(4), 

297–310. https://doi.org/10.1504/IJNVO.2013.064444 

  



    163 

 

Gong, J., Abhisek, V., University of California - Irvine, Li, B., & 

Carnegie Mellon University. (2018). Examining the Impact of Keyword 

Ambiguity on Search Advertising Performance: A Topic Model Approach. MIS 

Quarterly, 42(3), 805–829. https://doi.org/10.25300/MISQ/2018/14042 

Greenwood, B. N., Wattal, S., & Temple University. (2017). Show 

Me the Way to Go Home: An Empirical Investigation of Ride-Sharing and 

Alcohol Related Motor Vehicle Fatalities. MIS Quarterly, 41(1), 163–187. 

https://doi.org/10.25300/MISQ/2017/41.1.08 

Todri, V., Ghose, A., & Singh, P. V. (2019). Trade-offs in Online Advertising: 

AdvertisingEffectiveness and Annoyance Dynamics Across the Purchase Funnel 

(SSRN Scholarly Paper ID 3400992). Social Science Research Network. 

https://papers.ssrn.com/abstract=3400992 

Tremblay, V. J., & Martins-Filho, C. (2001). A model of vertical differentiation, brand 

loyalty, and persuasive advertising. In M. R. Baye & J. P. Nelson (Eds.), 

Advertising and Differentiated Products (Vol. 10, pp. 221–238). Emerald Group 

Publishing Limited. https://doi.org/10.1016/S0278-0984(01)10011-8 

Tremblay, V. J., &Polasky, S. (n.d.). Advertising with Subjective Horizontal and Vertical 

 Product Differentiation. 13. 

 



    164 

 

Tripathi, S. N., & Siddiqui, M. H. (2011). Proposing a Hierarchical Utility Package with 

Reference to Mobile Advertising. International Journal of E-Business Research, 

7(1), 71–92. https://doi.org/10.4018/jebr.2011010105 

Tsay, A. A. (1999). The Quantity Flexibility Contract and Supplier-Customer Incentives. 

Management Science, 45(10), 1339–1358. JSTOR. 

Vance, A., Kirwan, B., Bjornn, D., Jenkins, J., & Anderson, B. B. (2017). What Do We 

Really Know about How Habituation to Warnings Occurs Over Time? A 

Longitudinal fMRI Study of Habituation and Polymorphic Warnings. 

Proceedings of the 2017 CHI Conference on Human Factors in Computing 

Systems, 2215–2227. https://doi.org/10.1145/3025453.3025896 

Viswanathan, S., Kuruzovich, J., Gosain, S., & Agarwal, R. (2007). Online Infomediaries 

and Price Discrimination: Evidence from the Automotive Retailing Sector. 

Journal of Marketing, 71(3), 89–107. https://doi.org/10.1509/jmkg.71.3.089 

Voorveld, H. A. M. (2011). Media multitasking and the effectiveness of combining 

online and radio advertising. Computers in Human Behavior, 27(6), 2200–2206. 

https://doi.org/10.1016/j.chb.2011.06.016 

Waldfogel, J., & Chen, L. (2006). Does information undermine brand? Information 

intermediary use and preference for branded web retailers. Journal of Industrial 

Economics, 54(4), 425–449. https://doi.org/10.1111/j.1467-6451.2006.00295.x 



    165 

 

Wilkie, W. L., & Farris, P. W. (1975). Comparison Advertising: Problems and Potential. 

Journal of Marketing, 39(4), 7. https://doi.org/10.2307/1250590 

Wolinsky, A. (1983). Prices as Signals of Product Quality. Review of Economic Studies, 

 50(4), 647–658. 

Xu, L., Chen, J., &Whinston, A. (2012). Effects of the Presence of Organic Listing in 

 Search Advertising. Information Systems Research, 23(4), 1284–1302. JSTOR. 

Yu, Y., Huang, G., & Liang, L. (2009). Stackelberg game-theoretic model for optimizing 

advertising, pricing and inventory policies in vendor managed inventory (VMI) 

production supply chains. Computers and Industrial Engineering, 57(1), 368–

382. https://doi.org/10.1016/j.cie.2008.12.003 

Zhang, J., & Duan, W. (2014). The Impact of referral channels in Online Customer 

 Journey. ICIS. 

Zhou, C., Xu, G., & Liu, Z. (2019). Incentive contract design for internet referral 

services: Cost per click vs cost per sale. Kybernetes, 49(2), 601–626. 

https://doi.org/10.1108/K-07-2018-0371 

 

 

 

 



    166 

APPENDICES 

APPENDIX A – COMPETITIVE POACHING 

Table A1. 

Literature Review by Topic 

Authors Year Description 

Importance of ad position 

Agarwal et al. 2011 CTR decreases as we go down in rankings on the search 

engine. However, conversion rate increases as we go down 

the rankings more so for specific keywords.   

Arbatskaya 2007 Consumers sequential nature of search lead to more 

advantage for firms who advertising at the top positions on 

the search engine.  

Ghose and Yang 2009 CTR and conversion rates are often higher at higher 

positions. However, keywords that occupy such prominent 

positions do not necessarily account for the highest profit 

and the profits are higher for middle position appearing 

keywords.  

Hoque and 

Lohse  

1999 Due to difference in information search cost, consumers are 

more likely to choose advertisements which appear at the 

beginning of an online directory versus those that appear 

later. This is in contrast to how consumers would behave for 

paper directories. 

Auction design and ranking algorithms 

Animesh et al. 2011 Ad copy in combination with rank and competitive 

landscape around an Ad can drive CTR for the focal Ad 

Liu et al. 2010 Differing click-potential for different advertisers leads to 

difference in the impact of ranking policies and bid amounts 

set by advertisers. 

Xu et al. 2012 In the presence of organic listings, advertisers need to adjust 

their bidding incentives on sponsored listings. 

Yang and Ghose  2010 CTR for sponsored listings has a positive interdependence 

with CTR on organic listings. However, this relationship is 

asymmetric in nature.  

Weber and 

Zheng 

2007 Search engines which earn the highest revenue take a 

combination of ad relevance and bid amounts while 

designing their ranking process on the search engine.  

Competition in search advertising 

Agarwal and 

Mukhopadhyay 

2016 Effect of competing ads varies with the ad position and the 

type of keyword. Further, competing high-quality ad 

appearing above focal ad has a lower negative effect than 

competing lower quality ads. 
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Table A1. (continued) 

Authors Year Description 

Animesh et al. 2011 Firms can differentiate based on ad copy and this in 

combination with ad rank and competition surrounding the 

focal ad can drive CTR. 

Chiou and 

Tucker 

2012 In a competitive environment when a parent firm allows an 

affiliate to use their trademark this leads to decrease in clicks 

on the parent firm’s paid search; the effect, however, gets 

outweighed by an increase in clicking on parent firm’s 

unpaid links 

Jeziorski and 

Segal 

2015 While users choose to click on ads sequentially to maximize 

their expected utility, due to other competing ads there is 

substantial substitution effect which leads to lower clicks 

than if there was no competition. 

Ad copy design 

Animesh et al. 2011 Firms can differentiate themselves by their using ad copies 

as unique selling propositions and how ad copies, in 

combination with ad position and competition, can drive 

CTR 

Ford et al. 1990 The SEC (Search-Experience-Credence) typology of goods 

is used as a benchmark for understanding what messages 

work depending on the properties of the goods being 

advertised. 

Lee et al.  2018 Use Facebook data to cluster ads according to whether ad 

copies are informative and/or personality related and then 

examine their effect on ad performance such as the number 

of likes and the number of shares. 

Porter and 

Golan 

2006 Humorous content and emotional attributes in messages can 

drive virility of message sharing. 

Resnik and 

Stern  

1977 Give 14 evaluative content criteria to identify directly 

informative content. 

Tucker 2012 Philanthropic content in the context of advertising 

effectiveness. 

Schlangenotto 

and Kundisch 

2017 They find that the inclusion of information cues that 

highlight a specific offer in ad copies only affect users who 

use specific keywords, such as keywords with the 

advertising retailer. 

Keyword and other characteristics 

Agarwal et al. 2011 Keyword specificity as the position in the hierarchy they 

appear in. 

Ghose and Yang  2010 Number of keywords determine specificity 
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Table A1. (continued) 

Authors Year Description 

Gong et al. 2018 More ambiguous keywords are associated with higher CTR. 

However, this effect decreases fast with screen position. 

Competitive Poaching 

Desai et al. 2014 Firms may decide to buy their own keywords to preclude 

competitors from buying those keywords and ultimately 

competitive poaching makes both firms worse off and the 

additional profit is captured by the search engine. 

Du et al. 2017 Show the importance of differentiating among various 

bidding strategies for different match types and keyword 

categories. Bidding on its own brand’s keywords is 

associated with higher click-through rates and conversion 

rates.In contrast, bidding on competing brand’s keywords is 

associated with lower click-through rates but higher 

conversion rates. 

Sayedi and 

Jerath 

2014 Under budget constraints, smaller firms are likely to bid on 

competitor keywords resulting in information asymmetry  

Simonov and 

Hill 

2018 Competitors do steal more traffic when their ads get top paid 

position, however, the quality of traffic coming to 

competitors is low.However more relevant competitors get 

more clicks. 

Simonov et al. 2018 Focal brand's own ad does have a positive and significant 

impact on the click-throughs it receives; however, 

competitors greatly impact the market. Presence of focal 

brand in the top slot, makes competitors steal only a modest 

fraction of clicks, 1-5%. However, if competitors are in the 

top slots focal brands can “steal” 10-20% of clicks on 

average. . 
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APPENDIX B. ADDITIONAL TESTS AND DESCRIPTIVE STATISTICS 

Table B1. 

T-Test for Difference in Position across Ad Copy Pairs (Study 1) 

Ad copy pairs 

Mean of first 

ad copy 

group 

Mean of second 

ad copy group 

T-stat of 

difference in 

means 

p-value of 

difference in 

means 

Control vs. 

DiffVertical 

4.124 4.031 0.163 0.871 

Control vs. 

DiffHorizontal 

4.124 4.139 -0.027 0.978 

Control vs. 

Prescriptive 

4.124 3.293 1.169 0.254 

DiffVerticalvs. 

DiffHorizontal 

4.031 4.139 -0.190 0.850 

DiffVerticalvs. 

Prescriptive 

4.031 3.293 1.037 0.310 

DiffHorizontalvs. 

Prescriptive 

4.139 3.293 1.191 0.246 

 

The above table shows pairwise comparison of average position for different of ad copy 

types. The insignificant difference in average position obtained indicates that the 4 ad 

copies get approximately similar position for the same keyword in the first experiment. 
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Table B2. 

T-Test for Difference in Average CPC across Ad Copy Pairs (Study 1) 

Ad copy pairs 

Mean of first 

ad copy 

group 

Mean of 

second ad 

copy group 

T-stat of 

difference in 

means 

p-value of 

difference 

in means 

Control vs. 

DiffVertical 

29.517 32.647 -0.652 0.522 

Control vs. 

DiffHorizontal 

29.517 29.583 -0.013 0.989 

Control vs. 

Prescriptive 

29.517 35.276 -1.120 0.279 

DiffVerticalvs. 

DiffHorizontal 

32.647 29.583 0.622 0.541 

DiffVerticalvs. 

Prescriptive 

32.647 35.276 -0.506 0.619 

DiffHorizontalvs. 

Prescriptive 

29.583 35.276 -1.075 0.298 

 

The above table indicates that the average cost per click (CPC) obtained by the 4 ad copy 

types for the same keyword are not significantly different from each other for Study 1. 

 

Table B3. 

Distribution of Number of Observations by Ad Copy and Competitor Type (Study 1) 

 Competitor Type 

Ad copy 
High-ranked 

competitor 

Low-ranked 

competitor 
Total 

Control 60 72 132 

DiffVertical 60 72 132 

DiffHorizontal 60 72 132 

Prescriptive 60 72 132 

Total 240 288 528 

 

The above table shows the number of observations for each ad copy type by rank. 
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Table B4.  

Tukey HSD Test for Number of Impressions by Ad Copy (Study 1) 

Ad Copy Pairs Contrast Std. Err. t P>t 

DiffVerticalvs. Control -2.454 4.604 -0.53 0.951 

DiffHorizontalvs. Control 0.174 4.604 0.04 1 

Prescriptive vs. Control 0.515 4.604 0.11 0.999 

DiffHorizontalvs. DiffVertical 2.628 4.604 0.57 0.941 

Prescriptive vs. DiffVertical 2.969 4.604 0.64 0.917 

Prescriptive vs. DiffHorizontal 0.340 4.604 0.07 1 

 

The above table shows that there is no significant difference in impressions between ad 

copies supporting our randomization in Study 1. 

Table B5. 

T-Test of ImpressionsTop(Study 2) 

Ad copy pairs 

Mean of 

first ad 

copy group 

Mean of 

second ad 

copy group 

T-stat of 

difference 

in means 

p-value of 

difference 

in means 

Control vs. DiffVertical 0.858 0.818 0.632 0.541 

Control vs. DiffHorizontal 0.858 0.840 0.379 0.712 

Control vs. Prescriptive 0.858 0.845 0.235 0.818 

DiffVertical vs. 

DiffHorizontal 

0.818 0.840 -0.391 0.703 

DiffVertical vs. 

Prescriptive 

0.818 0.845 -0.412 0.688 

DiffHorizontal vs. 

Prescriptive 

0.840 0.845 -0.090 0.929 

 

The above table shows pairwise comparison of average ImpressionsTop for different of 

ad copy types. The insignificant difference in average ImpressionsTop obtained indicates 

that the 4 ad copies for the same keyword get approximately similar position in the 

second experiment. 
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Table B6. 

T-Test for Average CPC across Ad Copy Pairs (Study 2) 

Ad copy pairs 
Mean of first 

ad copy group 

Mean of 

second ad copy 

group 

T-stat of 

difference in 

means 

p-value of 

difference 

in means 

Control vs. 

DiffVertical 
6.076 6.247 -0.947 0.386 

Control vs. 

DiffHorizontal 
6.076 6.590 -2.040 0.110 

Control vs. 

Prescriptive 
6.076 6.166 -0.419 0.696 

DiffVerticalvs. 

DiffHorizontal 
6.247 6.590 -1.49 0.194 

DiffVerticalvs. 

Prescriptive 
6.247 6.166 0.407 0.700 

DiffHorizontalvs. 

Prescriptive 
6.590 6.166 1.554 0.195 

 

The above table indicates that the average cost per click (CPC) obtained by the 4 ad copy 

types are not significantly different from each other for the same keyword in Study 2. 

 

Table B7. 

Tukey HSD Test for Number of Impressions by Ad Copy Groups (Study 2) 

Adcopy pairs Contrast Std. Err. t P>t 

DiffVertical vs. Control 0.963  0.826  1.17 0.649 

DiffHorizontal vs. Control 0.697 0.828  0.84 0.834 

Prescriptive vs. Control 0.309 0.815  0.38 0.981 

DiffHorizontal vs. DiffVertical -0.265  0.842  -0.32 0.989 

Prescriptive vs. DiffVertical -0.654  0.829  -0.79 0.860 

Prescriptive vs. DiffHorizontal -0.388  0.831  -0.47 0.966 
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Figure 13. Distribution of Clicks (Study 2) 

 

 

 

 

Figure 14. Average Number of Clicks by Ad Copy and Competitor Type (Study 1) 
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Figure 15. Average Number of Clicks by Ad Copy and Competitor Type (Study 2) 

 

 

 

 

Figure 16. Average CTR by Ad Copy and Competitor Type (Study 1) 
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Figure 17. Average CTR by Ad Copy and Competitor Type(Study 2) 
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APPENDIX C. ROBUSTNESS CHECKS 

 

Table C1. 

 

Negative Binomial Model (Study 1) 

Dependent Variable: 

Number of Clicks 

(1) (2) (3) (4) 

VARIABLES High-

ranked 

competitors 

Low-ranked 

competitors 

High-

ranked 

competitors 

Low-ranked 

competitors 

DiffVertical 0.779*** 0.329 0.752** 0.309  
(0.278) (0.270) (0.311) (0.247) 

DiffHorizontal -0.102 0.625** -0.0935 0.658**  
(0.560) (0.294) (0.577) (0.295) 

Prescriptive 0.551 0.309 0.539   0.370  
(0.352) (0.418) (0.345) (0.426) 

log(Position) 0.629 0.276 -0.482 0.605  
(0.884) (0.602) (1.461) (1.804) 

log(Impressions) 1.007*** 0.777*** 1.536** 0.662  
(0.149) (0.179) (0.704) (0.490) 

Constant -4.807** -4.275*** -7.251* -5.889*  
(1.962) (1.117) (3.937) (3.321) 

Keyword fixed effects No No Yes Yes 

Time fixed effects No No Yes Yes 

log likelihood -145.74 -159.559 -138.35 -144.30 

Observations 240 288 240 288 

Note:  Robust standard errors clustered at keyword level in parentheses. * p<0.1, ** 

p<0.05, *** p<0.01  

The above table is the negative binomial specification corresponding to the Poisson 

model in Table 6 in the main paper.  

 

 

 

 

 



    177 

 

 

 

Table C2. 

 

Negative Binomial Model — Impact of Distance and Poached Competitor’s Own Ad 

(Study 1) 

Dependent 

Variable:  Clicks 

(1) (2) (3) (4) 

VARIABLES High-ranked 

competitors 

Low-ranked 

competitors 

High-ranked 

competitors 

Low-ranked 

competitors 

DiffVertical 0.763*** 0.333 0.759*** 0.380  
(0.287) (0.277) (0.284) (0.247) 

DiffHorizontal -0.108 0.598** -0.0933 0.596**  
(0.558) (0.274) (0.556) (0.249) 

Prescriptive 0.546 0.295 0.543 0.354  
(0.345) (0.422) (0.337) (0.396) 

log(Position) -0.250 -0.294 -0.328 0.545  
(0.968) (0.411) (1.178) (0.492) 

log(Impressions) 1.276*** 1.048*** 1.382*** 1.141***  
(0.389) (0.227) (0.421) (0.281) 

log(Distance) -0.190* -0.171** -0.168** -0.162***  
(0.114) (0.0790) (0.0784) (0.0430) 

Ad_Presence   0.667*** -0.767***  
  (0.105) (0.191) 

Countofads   0.000388 0.00344 

   (0.000714) (0.00213) 

Constant -5.383** -4.329*** -6.449** -6.413*** 

 (2.543) (0.814) (3.016) (1.618) 

log likelihood -143.85 -157.38 -141.741 -149.87 

Observations 240 288 240 288 

Note:  Robust standard errors clustered at keyword level in parentheses. * p<0.1, ** 

p<0.05, *** p<0.01 
 

 

 The above table is the negative binomial specification corresponding to the 

Poisson model in Table 7 in the main paper.  
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Table C3. 

 

Negative Binomial Model (Study 2) 

Dependent Variable: 

Clicks 

(1) (2) (3) (4) 

VARIABLES High-

ranked 

competitors 

Low-

ranked 

competitors 

High-

ranked 

competitors 

Low-

ranked 

competitors 

DiffVertical 0.123*** -0.107 0.103*** -0.249  
(0.0260) (1.760) (0.0383) (1.988) 

DiffHorizontal -0.0486 0.546*** -0.0609 1.129***  
(0.107) (0.103) (0.136) (0.0470) 

Prescriptive -0.382 0.162 -0.356 0.292  
(0.385) (1.619) (0.351) (1.748) 

log(Impressions) 1.251*** 1.604*** 1.078*** 1.867*** 

 (0.253) (0.400) (0.349) (0.358) 

Impresssionstop 5.189*** -3.010** 2.957* -2.414**  
(0.139) (1.347) (1.682) (0.982) 

Constant -9.168*** -3.499** -5.839*** -3.969***  
(0.915) (1.650) (0.732) (1.322) 

Keyword fixed effects No No Yes Yes 

Time fixed effects No No Yes Yes 

log likelihood -134.81 -38.12 -125.62 -31.17 

Observations 245 245 245 245 

Note:  Robust standard errors clustered at keyword level in parentheses. * p<0.1, 

** p<0.05, *** p<0.01  

 The above table is the negative binomial specification corresponding to the 

Poisson Model in Table 12 in the main paper. This is for Study 2.  
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Table C4. 

 

Negative Binomial Model - Impact of Distance and Poached Competitor’s Own Ad 

(Study 2) 

Dependent Variable: 

Clicks 

(1) (2) (3) (4) 

VARIABLES 
High-ranked 

competitors 

Low-ranked 

competitors 

High-ranked 

competitors 

Low-ranked 

competitors 

DiffVertical 0.143*** -0.169 0.144*** -0.191  
(0.0313) (1.871) (0.0379) (2.130) 

DiffHorizontal -0.0705 0.572*** -0.0716 0.455**  
(0.173) (0.117) (0.173) (0.181) 

Prescriptive -0.345 0.0898 -0.344 -0.0808  
(0.395) (1.805) (0.394) (2.124) 

log(Impressions) 0.686*** 1.575*** 0.628 1.909***  
(0.258) (0.261) (0.489) (0.0932) 

Impresssionstop 2.787** -2.977** 2.762** -3.577*** 

 (1.199) (1.446) (1.229) (1.381) 

log(Distance) -0.697*** -0.428 -0.840* -2.487 

 (0.0599) (0.772) (0.476) (1.859) 

Ads_Presence   12.58*** -2.626*** 

   (3.316) (0.826) 

Countofads   0.0198 0.00612 

   (0.0438) (0.0236) 

Constant -5.861*** -2.832 -18.42*** 0.951 

 (1.062) (2.745) (2.335) (4.558) 

Log likelihood -127.55 -38.03 -127.03 -35.30 

Observations 245 245 245 245 

Note:  Robust standard errors clustered at keyword level in parentheses. * p<0.1,  

** p<0.05, *** p<0.01 

 

The above table is the negative binomial specification corresponding to the Poisson 

model in Table 13 in the main paper. This is for Study 2.  
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Table C5. 

 

GLM Model: Binomial Family (Study 1) 

Dependent 

Variable: 

click/no-click 

(1) (2) (3) (4) 

Link Logit Logit Probit Probit 

VARIABLES High-ranked 

competitors 

Low-ranked 

competitors 

High-ranked 

competitors 

Low-ranked 

competitors 

DiffVertical 0.813** 0.492 0.485** 0.294  
(0.392) (0.378) (0.217) (0.227) 

DiffHorizontal 0.00378 0.862** -0.00158 0.479*  
(0.758) (0.422) (0.412) (0.256) 

Prescriptive 0.751 0.369 0.446* 0.183  
(0.469) (0.571) (0.264) (0.334) 

log(Position) -0.835 -0.409 -0.505 -0.193  
(0.914) (0.840) (0.538) (0.395) 

log(Impressions) 1.084*** 1.029*** 0.584*** 0.562***  
(0.204) (0.215) (0.113) (0.0948) 

Constant -4.751** -4.807*** -2.562* -2.729***  
(2.401) (1.484) (1.318) (0.693) 

log likelihood -112.63 -163.40 -112.72 -163.82 

Observations 240 288 240 288 

Note:  Robust standard errors clustered at keyword level in parentheses. * p<0.1,  

** p<0.05, *** p<0.01 

 

The above table is a GLM specification with DV being click/no-click for Study 1. 
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Table C6. 

 

GLM Model:Binomial Family (Study 2) 

Dependent 

Variable: 

click/no click 

(1) (2) (3) (4) 

Link Logit Logit Probit Probit 

VARIABLES High-ranked 

competitors 

Low-ranked 

competitors 

High-ranked 

competitors 

Low-ranked 

competitors 

DiffVertical 0.173*** -0.209 0.156*** -0.0274  

(0.0609) (1.817) (0.0348) (0.830) 

DiffHorizontal -0.0196 0.626*** -0.0102 0.302***  

(0.222) (0.0999) (0.115) (0.0819) 

Prescriptive -0.497 0.210 -0.221 0.100  

(0.520) (1.912) (0.315) (0.878) 

log(Impressions) 1.513*** 1.822*** 0.735*** 0.789***  

(0.304) (0.341) (0.197) (0.149) 

ImpresssionsTop 7.634*** -3.109** 4.187*** -1.373** 

 (2.514) (1.348) (1.594) (0.622) 

Constant -11.90*** -3.685** -6.343*** -1.932**  

(2.340) (1.707) (1.628) (0.776) 

log likelihood 
-137.07 -41.10 -137.83 -41.30 

Observations 
245 245 245 245 

Note: Robust standard errors clustered at keyword level in parentheses. * p<0.1,  

** p<0.05, *** p<0.01 

 

The above table is a GLM specification with DV being click/no-click for Study 2. 
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Table C7. 

 

Fractional Model (Logit &Probit) (Study 1) 

Dependent Variable: 

CTR 

(1) (2) (3) (4) 

Link Logit Logit Probit Probit 

VARIABLES High-

ranked 

competitors 

Low-

ranked 

competitors 

High-

ranked 

competitors 

Low-

ranked 

competitors 

DiffVertical 0.764*** 0.304 0.264*** 0.108 
 

(0.286) (0.259) (0.0997) (0.0879) 

DiffHorizontal -0.0902 0.577** -0.0207 0.205** 
 

(0.560) (0.270) (0.184) (0.0901) 

Prescriptive 0.548 0.365 0.191* 0.128 
 

(0.337) (0.381) (0.108) (0.133) 

log(Position) -0.103 0.0888 -0.0408 0.0357 
 

(0.263) (0.139) (0.0943) (0.0503) 

log(Impressions) 0.365 0.143 0.113 0.0560 
 

(0.398) (0.282) (0.124) (0.0961) 

log(distance) -0.167** -0.148*** -0.0546** -0.0556*** 
 

(0.0731) (0.0340) (0.0226) (0.0144) 

Countofads 0.000431 0.00351* 0.000169 0.00128* 
 

(0.000777) (0.00212) (0.000288) (0.000697) 

Ads_presence 0.676*** -0.721*** 0.225*** -0.259*** 
 

(0.112) (0.210) (0.0391) (0.0729) 

Constant -6.420*** -6.092*** -2.899*** -2.883*** 
 

(2.418) (1.643) (0.816) (0.548) 

log likelihood -428.943 -395.12 -428.94 -395.129 

Observations 240 288 240 288 

Note: Robust standard errors clustered at keyword level in parentheses.* p<0.1, 

 ** p<0.05, *** p<0.01 

 

 

The above table is a specification with fractional DV CTR for Study 1.  
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Table C8. 

 

Fractional Model (Logit &Probit) (Study 2) 

Dependent Variable: 

CTR 

(1) (2) (3) (4) 

Link Logit Logit Probit Probit 

VARIABLES High-

ranked 

competitors 

Low-

ranked 

competitors 

High-

ranked 

competitors 

Low-

ranked 

competitors 

DiffVertical 0.146*** -0.0299 0.0692*** -0.0168  
(0.0317) (1.791) (0.0155) (0.671) 

DiffHorizontal -0.0809 0.527*** -0.0369 0.206***  
(0.180) (0.0779) (0.0809) (0.0129) 

Prescriptive -0.354 0.265 -0.159 0.102  
(0.400) (1.938) (0.167) (0.739) 

log(Impressions) -0.345 0.825*** -0.172 0.334***  
(0.386) (0.296) (0.142) (0.112) 

Impresssionstop 2.808** -2.488 1.108* -1.042**  
(1.278) (1.584) (0.588) (0.531) 

log(distance) -0.897** -1.214*** -0.349*** -0.567***  
(0.363) (0.419) (0.0995) (0.210) 

countofads 0.0239 0.00195 0.00817 0.00204  
(0.0332) (0.0172) (0.00915) (0.00681) 

Ads_presence 11.66*** -1.554*** 2.813*** -0.665***  
(2.950) (0.338) (0.817) (0.137) 

Constant -17.64*** -2.026 -5.567*** -1.150  
(2.307) (1.773) (0.785) (0.821) 

log likelihood -290.31 -56.63 -290.22 -56.18 

Observations 245 245 245 245 

Note:  Robust standard errors clustered at keyword level in parentheses. * p<0.1,  

** p<0.05, *** p<0.01  
 

 

       The above table is a specification with fractional DV CTR for Study 2. 
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APPENDIX D: MARGINAL PLOTS FOR MODELS 

 

: 

 

 

 

Figure 18. Margins Plot for Ad Copies by Competitor Type (Study 1) 

 

 

 

 

Figure 19. Margins Plot for the effect of Distance by Competitor Type (Study 1) 
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Figure 20. Margins Plot for Presence of Competitors’ Own Ad by Competitor 

Type(Study 1) 

 

 

Figure 21. Margins Plot for Ad Copies by Competitor Type (Study 2) 
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Figure 22. Margins Plot for Distance by Competitor Type (Study 2) 

 

 

 

Figure 23. Margins Plot for Presence of Competitors’ Own Ad by Competitor Type 

(Study 2) 
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APPENDIX E: CONTENT ANALYSIS OF COMPETITORS’ AD COPIES 

 

For the entire 3-month period, there are a total of 534 ads of other competitors in 

our data. The objective of the content analysis is to identify the type of ad copies 

(horizontal differentiation, vertical differentiation, prescriptive or control) used by other 

competitors who are poaching from the same brand. An ad may contain more than one 

type of messages (e.g., vertical differentiation + prescriptive), in which case the coders 

would code 1 for the presence of each type of ad copies and 0 for the absence of each 

type of ad copies (e.g., 1 for vertical differentiation and prescription, and 0 for horizontal 

differentiation and control). A snapshot of this coding process is given in Table E1. 

Table E1. 

Content Analysis of Competitors’ Sponsored Ads (Study 2) 

Advertising Snippet Diff 

Vertical 

Diff 

Horizontal 

Prescriptive Control 

An Innovative, Top graduate 

program. Learn More About the 

GMAT Waiver Today! 

1 1 0 0 

Ranked #4 graduate program by 

Financial Times (2016). AACSB-

Accredited.  

1 0 0 0 

Flexible Programs with Six Start 

Times Every Year. Step Up Your 

Career. 

0 1 1 0 

A degree that will open many doors. 

Get started and apply online today. 
0 0 1 0 

#22 (tie) in Best Online Graduate 

Business Programs. 
1 0 0 0 

Advance Your Career with a #1 

Ranked graduate program from UNC.  
1 0 1 0 

Learn about the admissions process. 

Apply online in one of three 

application rounds. 

0 0 0 1 
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Two independent coders coded an initial set of 350 ad copies. After the coding 

process, the Cohen’s kappa inter-coder reliability test (Hughes and Garrett 1990) is 

performed. As seen in Table E2, the Cohen’s kappa statistic is greater than 0.7 for all four 

types of ad copies, indicating a high degree of inter-coder reliability (Landis and Koch 

1977). One of the coders coded the rest of the ad copies.  

Table E2. 

Inter-Rater Reliability for 350 Records(Study 1) 

Ad Copy type Kohen's kappa 

DiffVertical 0.927 

DiffHorizontal 0.767 

Prescriptive 0.766 

Control 0.853 

 

We next control for the effect of competing ads to check the robustness of our main 

results. Although the experimental data are aggregated by week, we collected Google 

search result pages for each keyword daily using a Python script. Thus, we aggregated the 

daily search result data to the weekly level and then merged it with our experimental data 

set. Thus, the final combined dataset consists of four new variables corresponding to the 

average frequency of vertical differentiation (DiffVavg), horizontal differentiation 

(DiffHavg), prescriptive (Presavg), and control (Controlavg) ad copies. With these four new 

variables, we find the normalized percentage contribution due to each ad copy type. For 

example, for vertical differentiation, we have DiffV_normalized= 

Diff
avg

DiffVavg+ DiffHavg+Presavg+Controlavg
.This generates four new variables (DiffV_normalized, 

DiffH_normalized, Pres_normalized, and Control_normalized), which correspond to the 

percentage of competing ads that contain each of these four types of ad copies, 
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respectively. Next, we define four new dummy variables : DiffV_Comp, DiffH_Comp, 

Pres_Comp and Control_Comp, respectively. For each observation (a keyword-ad copy-

week), if DiffV_normalized is greater than DiffH_normalized, Pres_normalized, and 

Control_normalized, we assign DiffV_Comp= 1. Similarly, DiffH_Comp, Pres_Comp, or 

Control_Compis equal to one if the predominant ad copy is horizontal differentiation, 

prescriptive or control, respectively. This gives us a good proxy for the competition 

surrounding the focal school’s ad for each observation. 

In the subsequent analysis, Control_Comp serves as the baseline. Interaction terms 

for each of the other three variables with the corresponding ad copy type are also added 

to the model. However, we find that the number of observations for which prescriptive 

messages are dominant (i.e., Pres_Compis 1) is minuscule.28 Hence, we drop Pres_Comp 

and its interaction before performing the analysis (as any conclusion based on these 

would be under-powered). Thus, the final model with DiffV_Comp, DiffH_Comp, and 

their respective interactions with the ad copy variable is estimated. The results from this 

Poisson model are reported in Table E3.29 As seen, our main results still hold for ad 

copies, distance, and presence of poached competitor’s own ad as earlier. Results remain 

consistent if we estimate a negative binomial model (Table E4). 

 

 

 

 
28 Four out of 528 observations in the dataset. 

29The equivalent Negative Binomial model for table E3 is given in Table E4which follows. 
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Table E3. 

Poisson Model: Controlling for Other Competing Ads (Study 1) 

Dependent Variable: Clicks (1) (2) 

VARIABLES High-ranked 

competitors 

Low-ranked 

competitors 

DiffVertical 0.892** 0.309  
(0.381) (0.225) 

DiffHorizontal 0.171 0.589*  
(0.733) (0.328) 

Prescriptive 0.919 0.406  
(0.487) (0.757) 

log(Position) 0.553 2.152**  
(1.314) (0.854) 

log(Impressions) 1.349*** 0.946***  
(0.406) (0.229) 

log(Distance) -0.163*** -0.0644*  
(0.0625) (0.0374) 

Ad_Presence 0.599*** -0.745**  
(0.105) (0.345) 

Countofads 0.000344 0.00499 

 (0.000394) (0.00346) 

DiffV_Comp 0.920** 0.302  
(0.425) (0.350) 

DiffH_Comp -0.0944 0.157  
(0.770) (0.718) 

DiffV_Comp*DiffVertical -0.261 0.0373  
(0.169) (0.197) 

DiffH_Comp* DiffHorizontal 0.112 -0.157  
(0.181) (0.223) 

Constant -8.014** -10.16***  
(3.655) (1.515) 

log likelihood -138.08 -139.67 

Observations 240 288 

Note: Robust standard errors clustered at keyword level in parentheses. 

* p<0.1, ** p<0.05, *** p<0.01 
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Table E 4. 

Negative Binomial Model: Controlling for Other Competing Ads (Study 1) 

Dependent Variables: Clicks (1) (2) 

VARIABLES High-ranked 

competitors 

Low-ranked 

competitors 

DiffVertical 0.892** 0.361  
(0.381) (0.224) 

DiffHorizontal 0.171 0.625**  
(0.733) (0.317) 

Prescriptive 0.919 0.416  
(0.487) (0.705) 

log(Position) 0.553 2.270***  
(1.314) (0.789) 

log(Impressions) 1.349*** 0.929***  
(0.406) (0.213) 

log(Distance) -0.163*** -0.0732  
(0.0625) (0.0455) 

Ad_Presence 0.599*** -0.762**  
(0.105) (0.369) 

Countofads 0.000344 0.00509 

 (0.000394) (0.00338) 

DiffV_Comp 0.921** 0.362  
(0.425) (0.346) 

DiffH_Comp -0.0943 0.244  
(0.770) (0.824) 

DiffV_Comp*DiffVertical -0.261 0.0242  
(0.169) (0.182) 

DiffH_Comp* DiffHorizontal 0.112 -0.173  
(0.181) (0.185) 

Constant -8.013** -10.32***  
(3.655) (1.397) 

log likelihood -138.08 -139.10 

Observations 240 288 

Note: Robust standard errors clustered at keyword level in parentheses. * p<0.1, 

 ** p<0.05, *** p<0.01 

 

We repeated this analysis with our second experiment, and find that our main results hold 

after controlling for competing sponsored search ads.  
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APPENDIX F: MANIPULATION CHECKS 

 

At the beginning of the study, we first give an example of ads appearing on 

Google when a particular keyword is searched and what the “ad copy” means i.e., “the 

descriptive text about the product being advertised” (a snapshot of this is shown in Figure 

F1). Then, we provide the definition of each type of ad copy along with multiple 

examples. Next, the task is defined where users are told that they will see different 

phrases and are required to categorize each phrase into any one of the four types of ad 

copies they feel the most pertinent for that phrase. Users can thus categorize the ads 

according to what they think best fits the phrase and move on. At the beginning of each 

new page, the definitions of the ad copies appear again so that the definitions are always 

available to the users in case they want to refer back (Figure F2 gives a snapshot of the 

questions in the study). We also include additional questions in the design which serve as 

attention check questions. These are similar phrases to the actual ad copies but contain 

different wording not a part of our design. For example, “Get an MBA from XYZ 

University. Top ranked brand. Leader in technology education” serves as one of these 

attention checks questions where users would be expected to choose “Vertical 

Differentiation” as the ad copy type). The order in which the questions appear is 

randomized for every participant to eliminate any bias and proper validation checks are 

put in every page so that users cannot move forward without filling out the answers to 

questions. Further, the users are given a randomly generated id (unique to every user) 

which they need to fill at the end of the study just before the Thank you note. This is done 
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so as to ensure users completed the study. After the study is complete, we eliminate any 

user who fails any checks. The total participants who initially take part in the study are 28 

but after our screening 20 remain as part of our analysis. 

 

 

Figure 24. Description Page of Ad Type Classification in the Reliability Study 
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Figure 25. Snapshot of Questions in the Reliability Study 
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Similar to the reliability study we next carry out a second AMT study to look at 

agreeability among raters on a 7-point likert scale on our ad copy classifications. Similar 

to the reliability study, the users are first shown the definitions of each of the ad 

categories (as shown in Appendix figure F3) followed by questions where they rate on a 

7 point scale (from 1-Strongly disagree to 7-Strongly agree) on how much they think a 

phrase is vertical differentiation versus horizontal differentiation versus prescriptive 

versus control (Figure F4 in the Appendix). This is in accordance with what literature has 

shown us about measuring agreement among raters (Ordabayeva and Fernandes, 2018). 

We maintain the same checks as in the first reliability study (comprising of attention 

checks questions, validation checks, randomization of question ordering and check to see 

if they actually completed the study). This is a comparatively larger study with 120 

participants and on average took 7 minutes. After eliminating all users who were 

disqualified (due to any of the above issues) we are left with 102 participants in the end 

whose responses are used in the analysis. 

In our questionnaire we had three questions for vertical differentiations, three 

questions for horizontal differentiation, three for prescriptive, and three for control, 

respectively (this corresponded to one version of each ad copy from the first experiment 

and the two versions for each ad copy from the second experiment). Apart from this, 

there were six attention check questions and thus a total of 18 questions. We maintain the 

same checks as in the reliability study (comprising of attention checks questions, 

validation checks, randomization of question ordering and check to see if they actually 
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completed the study). This is a comparatively larger study with 120 participants and on 

average took 7 minutes. After eliminating all users who were disqualified (due to any of 

the above issues), we are left with 102 participants in the end who properly followed 

instructions and whose responses are used in the analysis. 

For our analysis, we removed the six attention check questions, and then 

aggregated the user responses for all the three questions for each type of ad copy. So we 

had a total of 102*3=306 observations for the four different ad copy categories. Now for 

each question (as shown in Figure F3) there would be one correct response and the other 

three incorrect responses. We expect users who understood the task properly to pick and 

give high aggregability (on the 7-point scale) on the correct response and low 

aggregability on the incorrect responses. Thus, we next performed a t-test comparing the 

means of the correctly identified ad copy type with the other three incorrect ad copy 

types. This is given in the four parts of Table F1. Each part highlights what the correct ad 

copy type was, which is then compared with the other three (we name each group by the 

corresponding “correct response group”). As we see from the Table F1 there is significant 

agreement among coders in terms of classification for the four ad copy groups. This is 

reflected as the mean agreement is much higher (close to 6) for the correct ad copy versus 

any of the other 3 (incorrect classifications). This leads to further justification for proper 

ad copy categorization.
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Figure 26. Description Page of Ad Type Classification in the ConsistencyStudy 
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Figure 27. Snapshot of Questions in the Consistency Study 
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Table F1:  

Consistency of Ad Copy Classification across Coders 

Ad copy group Observations 

Mean of 

first ad 

copy 

group 

Mean of 

second ad 

copy 

group 

T-stat of 

difference 

in means 

p-value of 

difference 

in means 

Vertical Group  

DiffVerticalvs. 

DiffHorizontal 
306 6.09 1.71 67.56 0 

DiffVerticalvs. 

Prescriptive 
306 6.09 1.398 87.31 0 

DiffVertical vs. 

Control 
306 6.09 1.405 83.17 0 

Horizontal Group 

DiffHorizontalvs. 

DiffVertical 
306 6.006 1.267 68.92 0 

DiffHorizontalvs. 

Prescriptive 
306 6.006 1.69 62.83 0 

DiffHorizontalvs. 

Control 
306 6.006 2.026 47.19 0 

Prescriptive Group 

Prescriptive vs. 

DiffVertical 
306 5.852 1.450 66.94 0 

Prescriptive vs. 

DiffHorizontal 
306 5.852 1.369 64.54 0 

Prescriptive vs. 

Control 
306 5.852 1.578 64.73 0 

Control Group 

Control vs. 

DiffVertical 
306 5.738 1.62 68.04 0 

Control vs. 

DiffHorizontal 
306 5.738 1.944 58.99 0 

Control vs. 

Prescriptive 
306 5.738 1.928 51.49 0 
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Table G1. 

Means for the three levels of congruence collected in the survey  
Congruence level Mean on 1-7 Likert scale 

CongruenceRR 6.308 

CongruenceIR 4.25 

CongruenceII 1.65 

 

 

Table G2. 

T-test of independent of means for 3 levels of congruence 

 Difference 

between Means 

Standard 

Error 

T-Stat Significance 

CongruenceRR vs. 

CongruenceIR 
2.058 0.118 17.43 0.000 

CongruenceRR vs 

CongruenceII 
4.65 0.097 47.86 0.000 

CongruenceIR vs. 

CongruenceII 
2.6 0.1602 16.22 0.000 
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APPENDIX G: SECOND SCREEN FIGURES AND SURVEY QUESTIONS 

 

 

Figure 28. Example of one of 9 ads that appear randomly to AMT participants 
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Figure 29. Ad recall survey question 

 

 

Figure 30. Ad Recognition survey question 
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Figure 31. Ad familiarity survey questions (which acted as control) 

 

 

Figure 32. Self-reported engagement level 
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Figure 33. Self-reported difficulty level 

 

 

Figure 34. Propensity to use another device 
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Figure 35. Involvement scale (composite measure of all these questions) 
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Figure 36. Primary screen Engagement  

 

 

 

 

 

 


