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A B S T R A C T

Consumers’ online searches usually involve multiple keywords about their purchases, which vary depending on
the purchase stage. Similarly, retail advertisers use a set of related keywords for competing brands. Thus, un-
derstanding how consumers search using keywords for competing brands at different purchase stages is im-
portant for retailers seeking to use multiple keywords more effectively. We examine consumers’ click behavior
and retailers’ bids across multiple keywords. We empirically show that, while consumers search in a manner
generally consistent with the purchase funnel, their behavior differs between market leader and follower brands.
We also find that retailers consider the different keywords to be strategic complements, but this does not hold
when consumers are close to making a purchase decision. Interestingly, retailers’ bid allocation across keywords
may be inconsistent with consumers’ click behavior, revealing a potential opportunity to improve the perfor-
mance of search advertising campaigns.

1. Introduction

Paid advertising on social media and search engines based on con-
sumers’ revealed interests, such as their past browsing history and
keyword searches, is a prominent form of online advertising
(eMarketer, 2017). Paid advertising has been adopted by a vast number
of advertisers–from large to small and from online-only to multi-
channel–due to its advantages, such as targetability and measurability.
Search advertising is the largest form of paid advertising in terms of
spending. According to eMarketer.com (2017),4 the value of the US
search advertising market reached USD 32 billion in 2016 and is ex-
pected to exceed 45 billion by 2019. Accordingly, both academics and
practitioners are paying increasing attention to search advertising.
Using search advertising effectively in the digital advertising mix is a
critical factor in a successful digital marketing strategy (e.g., Hoban &
Bucklin, 2015; Interactive Advertising Bureau, 2016).

A unique feature of search advertising is that advertisers employ
multiple search terms (i.e., keywords) in campaigns for product as-
sortments because consumer searches frequently involve combinations

of keywords driven by the consumers’ needs and intentions. This mul-
tiple keyword management presents advertisers with several chal-
lenges, including the questions of which keywords to choose and how
much to bid for each keyword to maximize the effectiveness of their
advertising campaign (Maillé, Markakis, Naldi, Stamoulis, & Tuffin,
2012). However, the digital marketing research has paid little attention
to this critical issue. Therefore, this study examines how consumers
search for products using multiple keywords and how advertisers bid
for such keywords, offering new insights useful to both academics and
practitioners about how multiple keywords can be effectively managed
in search advertising campaigns.

Search advertising becomes effective as soon as consumers begin
their keyword search; thus, consumers play an active role in this pro-
cess (Kim and Balachander, 2018; Rutz, Bucklin, & Sonnier, 2012).
Consumers frequently search a series of related keywords, ranging from
general to specific, to obtain product information and evaluate the
product alternatives at various stages of their purchase decision (Court,
Elzinga, Mulder, & Vetvik, 2009). For example, a consumer interested
in purchasing running shoes might search a general keyword (e.g.,
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“running shoes”) without any specific brand names in the early stage of
the search process. On the other hand, a consumer might use a more
specific keyword that includes a specific brand and model name (e.g.,
“Nike Lunar”) when making a final purchase decision. Furthermore,
consumers may exhibit different keyword search behaviors based on
their prior knowledge of and preference for brands (Jerath, Ma, & Park,
2014). For instance, consumers who are loyal to Nike may start by using
“Nike” in their keywords, while those who have sufficient information
on their preferred Nike shoes may directly search for a specific model
name (e.g., Nike Lunar) without searching for any general keywords.
This implies that advertisers must thoroughly understand how con-
sumers search and click through a set of related but different keywords
in a product category if they want to improve their advertising cam-
paigns.

Many advertisers who use search advertising are retailers who sell a
wide range of products from competing manufacturers (Interactive
Advertising Bureau, 2016). For example, Finish Line, a popular sporting
goods retailer, carries running shoes of both Nike and Adidas, two
major competitors, in its product assortments. A retailer’s search ad-
vertising campaign must correspond to their product assortments by
using a variety of keywords ranging from general to specific across all
the brands they carry. Moreover, because advertisers pay for every click
made on their ads and as the price per click is determined through a
generalized second price auction (Edelman, Ostrovsky, & Schwarz,
2007),5 the amount retailers bid per click for each keyword is a critical
factor determining the cost and effectiveness of a search advertising
campaign. In particular, the number of clicks each search ad receives
depends on its position, and each position has different prices based on
the rank that is strongly influenced by retailers’ bids. Thus, to maximize
the overall performance of search advertising campaigns, retailers must
carefully decide how much to bid for each keyword and coordinate
their bids across the multiple keywords for the competing brands they
offer.

This study empirically investigates these issues concerning con-
sumer clicks and retailer bids in search advertising in a multiple key-
word context.6 First, we examine how consumers click on search ads for
a set of related keywords used at different purchase stages. We also
examine how consumer clicks can change depending on the market
position of the manufacturer brand used in the consumer search (e.g.,
whether it is a market leader or a follower brand). Second, we examine
how retailers bid for keywords at different purchase stages, considering
the relationships among retailers’ bids across keywords, and investigate
whether their bidding strategy is consistent with consumers’ click be-
havior. The marketing and advertising literature has paid little atten-
tion to these research questions thus far. We fill this gap using a unique
dataset of multiple keywords pertaining to the two running shoe brands
most frequently searched by consumers, Nike and Adidas.

Our main findings are as follows. First, we find positive spillover
effects from general category-level keywords to more specific brand-
and model-level keywords: Consumers start searching using general
category-level keywords and then narrow down their keyword choices
to more specific brand- and model-level keywords as they accumulate
information. This finding is consistent with the notion of the consumer
purchase funnel, which describes the customer’s journey toward a
purchase (for details regarding the consumer purchase funnel, see
Jansen and Schuster [2011] and Wiesel, Pauwels, and Arts [2011]). We
also find that the spillover effects are asymmetric between leader and
follower brands at the model level and that negative spillover effects
may occur from model- to category-level keywords. Interestingly, our
findings suggest that, while consumers’ click patterns in search

advertising are similar to those suggested by the purchase funnel fra-
mework, the click pattern for the brand leader may not necessarily
follow the pattern identified above. Specifically, we find that brand-
level keywords for the leading brand attract the most consumer clicks,
indicating that brand-level keywords play a terminal role, possibly
because of its high brand awareness.

Second, we find that retailers in the focal category bid on multiple
keywords simultaneously, implying that retailers consider the keyword
groups at different purchase stages strategic complements. Specifically,
we find that retailers bid on competing brands’ keywords at the brand
level, which corresponds to the intermediate stage of the consumer
purchase decision, but not on both brands at the model level, which
corresponds to the final stage of the purchase decision. Although re-
tailers generally treat competing brands as strategic complements, they
seem to focus on a particular brand in the final stage of the consumer
purchase decision: Consumers who are close to making a purchase
decision may be difficult to convert. Moreover, we find a positive
spillover from bids on followers’ keywords to bids on brand leaders’
keywords, suggesting possible keyword poaching from retail adver-
tisers. Overall, our findings suggest that retailers’ bidding strategies are
not necessarily consistent with consumers’ search and click behavior,
pointing to the need for a better budget allocation strategy in search
advertising.

Our study contributes to the digital marketing literature in several
ways. First, we extend the literature by providing new insights into
consumers’ online search and click behavior in paid advertising media.
Positive spillovers in consumer clicks from general category-level to
specific brand-level keywords have already been observed (Rutz &
Bucklin, 2011). We offer new insights into the relationships among
consumer clicks within brand keywords. By decomposing brand key-
words into brand-level and more specific model-level keywords, we
show that consumers exhibit different click behaviors for market leader
and follower brands. This is an important extension because brands
frequently include several models (e.g., Nike Lunar, Freedom, and Air
Max), and consumers’ ultimate purchase decisions are made at the
model level rather than at the brand level.

Second, we contribute to the literature by shedding new light on
advertisers’ bidding strategies. We focus on retailers’ bidding strategies
for multiple keywords of competing brands used at different purchase
stages. Our findings reveal that retailers bid simultaneously on various
keywords across purchase decision stages for both brands. Our com-
parison of consumers’ click behavior with advertisers’ bidding patterns
suggests that retailers may need to be more selective when choosing
keywords to be able to allocate budgets to multiple keywords more
efficiently.

Third, we offer supporting evidence of advertisers’ keyword
poaching behavior reported in the literature (e.g., Sayedi, Jerath, &
Srinivasan, 2014) based on the positive spillover effects identified from
both consumer clicks and advertiser bids. Moreover, unlike the extant
empirical literature, we consider retailers who carry competing manu-
facturers’ brands in their product assortments. Whereas most prior
empirical studies deal with a single brand or a single retailer without
considering brand competition, we examine the bidding strategy of
many retailers for competing manufacturers’ brands. This enables us to
examine how retailers use the keywords associated with competing
manufacturer brands in their search advertising campaigns. Thus, our
findings can help managers fine-tune their search advertising cam-
paigns by providing more comprehensive and detailed insights into
consumers’ keyword search behavior and offering guidance on how to
formulate an effective corresponding bidding strategy for keywords.

2. Literature review and research questions

2.1. Related literature

Early work on search advertising focused on issues related to search

5 See Edelman et al. (2007) and Varian (2007) for details on the generalized
second price auction.

6 Because we focus on retail advertisers, we use “retailers” and “retail ad-
vertisers” interchangeably.
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engines (Edelman et al., 2007; Edelman & Schwarz, 2010; Varian,
2007). For example, Edelman et al. (2007) characterized the equili-
brium of the generalized second price auction, called “Envy-Free Nash
equilibrium,” and show that truthful bidding may not be an optimal
strategy. In a similar vein, Varian (2007) characterized the symmetric
Nash equilibrium of a search advertising auction. Researchers have also
investigated the design of the search advertising auction. For example,
Edelman and Schwarz (2010) investigated the effect of the minimum
bid required to participate in the search advertising auction. Others
have studied the financial implications of auction design from the
viewpoint of a search engine. Feng, Bhargava, and Pennock (2007) and
Balachander, Kannan, and Schwarz (2009) examined the implications
of various auction mechanisms for the search engine’s revenue, while
Amaldoss, Desai, and Shin (2015) showed that the choice of auction
mechanism can affect the profitability of the search engine. Kim,
Balachander, and Kannan (2012) analyzed the effects of the number of
advertising slots on the search engine’s revenue.

The abovementioned papers focus on search engine decisions. The
literature has also considered advertisers’ decisions, such as optimal
bids (Jerath, Ma, Park, & Srinivasan, 2011), keyword choices (Desai,
Shin, & Staelin, 2014; Sayedi et al., 2014), search engine optimization
(Baye, De los Santos, & Wildenbeest, 2016), and the cross-media
strategy of search advertising with traditional media (Joo, Wilbur,
Cowgill, & Zhu, 2014; Kim and Balachander, 2018). In search adver-
tising, finding an optimal rank (i.e., position) based on the bid and the
advertisement’s qualities is critical for advertisers because both the
number of clicks they receive and the amount they pay the search en-
gine per click depend on the rank. In general, advertisers can obtain a
higher rank by increasing their bid in the advertising auction to obtain
more consumer clicks. However, obtaining a higher rank by increasing
a bid might not be an optimal strategy for some advertisers because
having a higher rank usually requires a higher cost per click (CPC),
which can substantially increase the total costs of search advertising
(Ghose & Yang, 2009) and can be problematic under tight budget
constraints (Sayedi et al., 2014). Therefore, researchers have examined
various issues related to advertisers’ rank (Narayanan & Kalyanam,
2015).

While advertisers use multiple keywords in their search advertising
campaigns, many studies have focused on a single keyword framework
or have paid little attention to the relationships among keywords.
Furthermore, although some empirical papers have considered multiple
keywords (Jansen & Schuster, 2011; Rutz & Bucklin, 2011; Rutz,
Trusov, & Bucklin, 2011), they have focused on multiple keywords of a
single brand or retailer. Deciding how much to bid for each keyword in
a multiple keyword context can be challenging because a bid and ad
performance on a keyword are affected not only by the bids and per-
formance of other keywords but also by the bids and performance of
competing advertisers and brands (e.g., competing brands, such as Nike
and Adidas in the running shoes category; Maillé et al., 2012). In ad-
dition, limited data availability in this context has prevented re-
searchers from analyzing the multiple keyword management of com-
peting advertisers (Park & Agarwal, 2018).

Several recent studies have focused on competing advertisers’ key-
word management, such as competition among advertisers for search
ad positions and the subsequent search behavior of consumers. For
example, Chan and Park (2015) modeled consumers’ strategic search
behavior and advertisers’ competition for search ad positions using
individual-level data from an anonymous search engine. Similarly, Park
and Agarwal (2018) used individual consumer-level data and examine
consumers’ search behavior for different orders of advertising. How-
ever, these studies did not examine advertisers’ bidding strategy over
multiple competing keywords at various purchase stages, which is
known to have a significant effect on consumers’ search and click be-
havior (Court et al., 2009).

The literature has established that consumers engage in a series of
searches (Stigler, 1961) and that their search motives vary depending

on their purchase decision stage (Enquiro Search Solutions Inc, 2004;
Jerath et al., 2014). Jansen and Schuster (2011) showed that the key-
words used by consumers in a search engine can be classified into
groups that match their consumer purchase funnel stage. For example,
consumers at an early purchase stage (e.g., need recognition and in-
formation search) may use generic keywords that lack specific in-
formation like a brand name and that contain a problem to be solved.
On the other hand, consumers close to the final stage of the purchase
process (e.g., evaluation of alternatives and purchase) may use specific
keywords that include a brand or specific product model name. Rutz
and Bucklin (2011) examined the relationship between generic and
brand keywords and found a positive spillover effect in consumer clicks
from generic to branded keywords. Similarly, a number of studies have
shown that consumers tend to use different media depending on their
purchase stage (Wiesel, Pauwels, & Arts, 2011; Woodside & Bernal Mir,
2019) and that the keywords used have different effects at different
purchase stages (Lu & Zhao, 2014). Thus, building on the research
showing that keywords are used differently and play distinct roles
across consumers’ buying stages, we consider the different types of
keywords used at various consumer purchase stages. Specifically, we
study consumer search patterns for keywords of competing manu-
facturing brands at different purchase decision stages. We examine how
consumers’ searches of different keywords are related to each other,
and how retailers bid for different keywords. Du, Su, Zhang, and Zheng
(2017) considered retailers’ multiple keyword management at various
consumer decision stages; however, they focused on a single retailer
and did not consider the interrelationships between keyword types,
which might be significant for managing the multiple keywords used in
search advertising campaigns.

Finally, this study considers the role of brands’ market position (i.e.,
market leader vs. follower) in search advertising. Previous researchers
have examined the strategic implications of market position in terms of
whether a brand is the market leader or the follower. The findings show
that firms use their marketing and R&D capabilities in different ways
depending on their market position. For instance, the role of market
position in patent races has been extensively studied in the economics
literature (for a review, see Tirole (1988)). The studies have showed
that market leaders and followers use R&D spending in different ways
(e.g., Fudenberg, Gilbert, Stiglitz, & Tirole, 1983; Grossman & Shapiro,
1987; Khanna, 1995; Sundaram, John, & John, 1996). The business
literature argues that a market leader can use marketing to create an
entry barrier, while a follower can use marketing to increase market
access (e.g., Srivastava, Shervani, & Fahey, 1998). Ofek and Savary
(2003) showed that the leader and follower in a technology-intensive
market have different incentive structures regarding marketing and R&
D investment strategies.

To the best of our knowledge, however, no study has empirically
examined how market position differences between competing brands
affect the brands’ search advertising keyword strategies; we address this
question. Theoretical studies have suggested the possibility of poaching
(i.e., keyword hijacking) between competing differentiated brands
(Desai et al., 2014; Sayedi et al., 2014), whereby firms with different
brand images bid on competing brands’ keywords to poach (or hijack)
potential customers. We empirically examine whether this phenomenon
occurs in our research context.

Moreover, a brand’s market position can affect customer behavior.
The research shows that a market leader’s brand can benefit from
preemptive positioning among customers, higher perceived switching
costs, and favorable preferences for the market leader (Carpenter &
Nakamoto, 1989). For example, Shin, Hanssens, and Kim (2016) found
that the effect of online buzz can be moderated by a brand’s market
position. In the search advertising context, studies have also examined
the effect of brand image on consumer searches and competition be-
tween brands (Jeziorski & Moorthy, 2017; Park & Agarwal, 2018;
Sayedi et al., 2014). One of the main findings in the theoretical lit-
erature is that a brand with a higher brand image tends to receive more
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consumers clicks in search advertising (Jerath et al., 2011). By contrast,
several recent empirical papers suggest that search advertising is less
valuable to advertisers with high brand prominence (Jeziorski &
Moorthy, 2017) and that search advertising on market leaders’ brand
keywords does not work (Blake, Nosko, & Tadelis, 2015). While studies
have examined the role of the brand in attracting consumer clicks, we
extend the literature by focusing on two prominent brands with dif-
ferent market positions (i.e., Nike and Adidas) and examine how con-
sumer clicks at different purchase decision stages are interrelated be-
tween the two.

2.2. Research questions

Considering the current state of the literature, we aim to fill several
research gaps by answering the following questions:

(1) How do consumers click search ads for different keywords used
at various consumer purchase stages, and how is their click behavior at
each stage related to the others?

(2) How are advertisers’ bids for different keywords at various
stages related to each other?

(3) Are the interrelationships between consumers’ click behavior
and advertisers’ bidding strategies consistent? Are there any differences
between leader and follower brands in terms of advertisers’ bidding
strategies and consumers’ click behavior?

We examine and compare the interrelationships among the key-
words used for competing brands at different purchase stages identified
by both consumers and advertisers. We further investigate keyword
poaching or hijacking between competing brands, such as the brand
leader and followers. We examine whether advertisers’ bidding patterns
show any evidence of keyword poaching. If they do, we seek to de-
termine the stage at which they engage in poaching. Similarly, we ex-
amine whether consumers show click behavior consistent with adver-
tisers’ poaching efforts.

We address the issues raised above by classifying keywords into
groups based on the consumer purchase funnel framework (Court et al.,
2009; Howard & Sheth, 1969; Jansen & Schuster, 2011).7 According to
the literature on the purchase funnel, consumers pass through a staged
process that starts with being aware of a need and proceeds all the way
to making a final purchase decision (Court et al., 2009; Howard &
Sheth, 1969). Consumers who are uncertain about which brand or
model would best satisfy their needs are usually in the early stage of the
search process (i.e., at the top of the purchase funnel; Jansen &
Schuster, 2011).8 Thus, their search tends to be broad and general,
using general category-level keywords. On the other hand, as they ac-
cumulate information and gain a clearer idea about the product that
will best fit their needs, their search becomes more specific and uses
more detailed and narrow keywords, such as brand and model names
(i.e., they are at the bottom of the purchase funnel). Following this
framework, we classify keywords used by consumers into three levels
(i.e., category, brand, and model) and examine how consumer searches
for keywords at different stages are related.

Our approach is an extension of research (e.g., Rutz & Bucklin,
2011; Du et al., 2017) that has classified keywords into two groups:
general and branded. We further decompose branded keywords into
brand-level keywords, which merely include brand names (e.g., Nike),
and model-level keywords, which include specific model names (e.g.,

Nike’s Lunar). This enables us to separate and examine how consumer
clicks from one type of keyword (e.g., general category-level keywords)
affect other types of keywords (e.g., brand- and model-level keywords),
and vice versa.

3. Data

We obtain our data from one of the largest websites offering search
advertising in South Korea (which wishes to remain anonymous). Our
data include keywords in the running shoes category, in which con-
sumers frequently make online purchases. Nike and Adidas are domi-
nant among the many running shoe brands in South Korea (Statistica,
2018). Nike is the leading brand, capturing approximately 40% of the
market and is the representative brand in the running shoes category in
South Korea. Adidas is the second-largest brand, with a market share of
approximately 18%. The rest of the market is divided among many
small brands with similar market shares (Fashion Insight, 2014).
Moreover, most consumer searches and clicks in the running shoes
category are on keywords related to those two brands; in our data, the
keywords that include their brand keywords receive more than 80% of
all consumer clicks in paid search advertising in the running shoes
category. Although our data do not contain other keywords, Skiera,
Eckert, and Hinz (2010) suggested that “long tail” keywords are not as
important as thought. Therefore, we focus on the 14 keywords asso-
ciated with Nike and Adidas.9 Our dataset comprises 242 online re-
tailers that sell running shoes produced by Nike and Adidas. Our data
contain daily information from those retailers on search advertising
metrics, such as payments per click, bids, quality scores, ranks, and the
number of clicks from September 1, 2012 to November 30, 2012 for 14
keywords. As mentioned, these keywords receive the most clicks in the
running shoes category.

We classify the keywords into three levels—category, brand, and
model—in accordance with the consumer purchase funnel to under-
stand consumers’ search behavior at different purchase stages.
Consumer searches tend to start at the top (or upper stages) of the
purchase funnel and are usually broad and general, as explained earlier.
Accordingly, the category-level keywords include general keywords
without any brand or model information, such as “running shoes” and
“running shoes recommendation.” Consumers’ searches become more
specific as they gain information and move down through the purchase
funnel. Our second keyword group (at the brand level) represents the
middle or intermediate stage of the purchase funnel and includes brand
names. Finally, the third keyword group (at the model level) represents
the final stage of the consumer purchase decision, when consumers
possess the greatest amount of information, and this keyword group
includes keywords with specific model information, such as “(Nike)
Lunar” and “(Adidas) Firebird.” Because we consider two brands in our
analysis, Nike and Adidas, we consider two groups—one for each
brand—at the brand and model levels. Fig. 1 shows the keyword clas-
sification into five groups at the three levels of the purchase funnel.

Our bid-per-click data are for each of the keywords. If a retailer does
not bid at all on a specific keyword, we have a missing value on that
bid. In this case, we simply set the bid amount to zero and replace the
quality score with the average quality score for that keyword during the
observation period. The rank data are assigned to an advertiser for each
keyword. In general, rank can be decided by the payment formula,

= + +pr
b QS

QS
r r

r
1 1 , where pr and QSr indicate the payment per click and

quality score of the retailer ranked at r, respectively, and +br 1 and +QSr 1
indicate the bid and quality score, respectively, of the retailer ranked at
r + 1.10

7 Note that the purchase funnel framework is consistent with the consumer
decision journey (CDJ), in that consumers go through different stages when
making a purchase decision and their information needs vary depending on
their stage. The CDJ is an updated version of the purchase funnel framework.
See Court et al. (2009) for more information. Because we do not assume a se-
quential consumer search, the purchase funnel and CDJ are both consistent
with our framework.

8 Even when consumers are aware of several brands, they might not be aware
of the brands that would maximize their utility or satisfaction.

9 Nevertheless, we note this below as a limitation and an avenue for future
research.

10 Although the details of ranking rules might differ slightly across search
engines, this is the basic idea behind the rules used by most search engines,
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Quality scores, which are computed based on the quality of each
individual ad, are assigned to retailers by a search engine. Quality
scores can be affected by various factors, such as the quality of the
landing webpage and the number of clicks the ad has received in the
past. A retailer with a higher quality score, a higher bid, or both is
expected to generate higher revenue for a search engine by potentially
paying it a higher advertising fee. From the search engine’s viewpoint,
this makes the retailer’s ad more attractive; thus, the search engine has
an incentive to assign a higher (better) rank to the retailer to maximize
its profit. Because the search engine displays, at most, 15 ads per key-
word, the ranks range from 1 at the top of the listings to 15 at the
bottom. When its ad is forced out of the list (e.g., when the bid or
quality score is too low), a retailer has a missing rank; we thus replace it
with 16. Our click data comprise the total number of clicks each ad
receives daily for a keyword. The number of clicks can be zero if a
retailer does not bid on a keyword or if its ad is forced out of the list-
ings. Finally, because we classify keywords into five groups, we com-
bine the keyword measures into those groups. Specifically, we sum the
bids and number of clicks and use the average quality scores and ranks.

Table 1 presents descriptive statistics for the major variables. It
shows that Nike brand-level keywords receive a much larger average
number of clicks (0.38) than the other keyword groups. The second-
largest group is Adidas brand-level keywords (0.19), followed by
Adidas model-level keywords (0.10), with category- and Nike model-
level keywords receiving fewer clicks (0.05 and 0.02, respectively). This
suggests that many consumers are already aware of Nike and Adidas as
running shoe brands before they begin a keyword search.

Table 1 also shows that, on average, retailers’ bids are highest for
Nike brand-level keywords ($0.12), followed by the category-level
keywords ($0.065). In other words, retailer competition in the adver-
tising auction for category-level and Nike brand-level keywords is more
intense than for the rest of the keywords. This finding is consistent with
the general finding in the literature that competition is more intense for
general keywords than for specific keywords (e.g., Rutz & Bucklin,
2011). Furthermore, because Nike is the most well-known brand with
the highest market share, it would be expected to have the highest
awareness among consumers prior to their search. Thus, not only is
competition among retailers intense, but many consumers search and
click ads associated with Nike brand-level keywords.

In sum, Table 1 shows differences in the characteristics of consumer
clicks and retailer bids across different keyword groups. For example,
retailers consider category keywords to be especially important, as
shown by their willingness to make the second-highest average bids on
that keyword group; on average, however, consumers give much less
consideration to category-level keywords than retailers do.

Table 2 presents the correlation coefficients of the major variables
across the keyword groups, all of which are significant at the 0.05 level.
The positive correlation coefficients of bids between the keyword
groups imply that advertisers bid on multiple keywords. Similarly, the
positive correlation coefficients of the number of clicks between the
keyword groups indicate that consumers click on multiple keywords as
well. Overall, the correlation coefficients of the same variable type
(e.g., bids, number of clicks, quality score) across the keyword groups
are positive. The negative correlation coefficients between the ranks
and other variables indicate that the better ranks (lower ranks) are
related to higher bids, more clicks, and higher-quality scores. Subse-
quently, we use the differencing model and check the correlations of the
differenced variables, which are much lower than those of the major
variables reported in Table 2. These low correlation coefficients in-
dicate that multicollinearity is not a concern in our data.

4. Model and method

4.1. Modeling individual equations for clicks and bids

Our main objective was to examine the relationships between con-
sumer clicks and between retailer bids across the keyword groups for
competing brands (i.e., Nike and Adidas) at different purchase decision
stages. Therefore, we focused on consumer click behaviors as reflected
in the number of clicks per keyword group and on retailers’ simulta-
neous decisions on how much to bid for those keywords.

In our model, retailer i bids on G keyword groups at time t (a day in
our daily-level dataset) based on its policy. For equations regarding
consumer clicks, we assumed that, for example, clicks on the first
keyword (click it1 ) are affected by clicks on other keywords
(click click, ,it Git2 ), the lagged clicks on the first keyword (e.g.,

=click l L, 1, ,i t1 , 1 ), and other control variables, such as rank (x it1 ).
Thus, the equation for clicks on the focal keyword (e.g., the first key-
word notated as click1) is as follows:

Early Stage
Category level Keywords: 

running shoes, running shoes brand, running shoes 
recommendation, running shoes store 

Intermidiate Stage
Brand level Keywords:

Nike, Nike running shoes, Nike shoes, 
Nike shoes for running, Adidas, Adidas 

shoes, Adidas running shoes

Final Stage
Model level Keywords:

Nike Lunar,
Adidas Gazellele, 
Adidas Firebird

Fig. 1. Types of keywords used in consumer purchase decision stages.

Table 1
Descriptive statistics.

Variable Level Mean S.D Min Max

Bids ($) Category 0.065 0.190 0 1.735
Nike Brand 0.126 0.343 0 2.567
Adidas Brand 0.042 0.125 0 0.989
Nike Model 0.032 0.099 0 0.697
Adidas Model 0.039 0.114 0 1.303

Number of Clicks Category 0.051 0.314 0 5.960
Nike Brand 0.389 2.018 0 26.990
Adidas Brand 0.197 1.506 0 32.790
Nike Model 0.026 0.161 0 2.940
Adidas Model 0.105 0.475 0 8.200

Quality Scores Category 0.187 0.410 0 1.611
Nike Brand 0.181 0.406 0 1.677
Adidas Brand 0.156 0.391 0 1.678
Nike Model 0.117 0.344 0 1.525
Adidas Model 0.172 0.429 0 1.754

Ranks Category 14.912 2.919 1 16
Nike Brand 15.041 2.711 1 16
Adidas Brand 15.077 2.768 1 16
Nike Model 15.336 2.409 1 16
Adidas Model 15.034 2.876 1 16

The number of e-retailers is 242, and the number of observations from
September 1, 2012 to November 30, 2012 (91 days) is 22,022. The statistics are
based on the number of observations.

(footnote continued)
including Google and Bing.
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= + + + + + +
=

click a click click b click c xit i it G Git
l

L

l i t L it it1 1 12 2 1
1

1 1 , 1 1 1

(1)

The equations for clicks on other keywords can be set up in the same
way, by replacing the keywords’ subscript (e.g., 2 through G).

We built the equations for retailer bids in a similar way. For ex-
ample, we assumed that the bids on the first keyword (bid it1 ) are af-
fected by bids on other keywords (bid bid, ,it Git2 ), the lagged bids on
the first keyword (e.g., =bid l L, 1, ,i t1 , 1 ), and other control vari-
ables, such as previous quality score and rank (w it1 and w it2 ). Thus, the
equation for bids on the first keyword is as follows:

= + + + + + +

+
=

bid a bid bid b bid c w c

w u

it i it G Git
l

L

l i t L it

it it

1 1 12 2 1
1

1 1 , 1 1 2

2 1 (2)

We can set up the other equations similarly by replacing the key-
words’ subscript (e.g., 2 through G).

After building the individual equations for each keyword, we stack
them into a system of equations based on the endogenous variables:
clicks and bids. The fundamental format of the equations is the same:
An endogenous variable is affected by other endogenous variables, its
own lagged variables, and other control variables. We explain the
method and estimation procedure used for both endogenous variable
types using general terms in the sub-sections below.

4.2. Method

We constructed a dynamic model to examine behavioral relation-
ships over time in our panel dataset. For example, yesterday’s bids will
influence retailers’ bids today, while the number of clicks made by
customers today will influence the number of clicks tomorrow. Such
“inertia” or “state dependence” can be incorporated into the model by
adding a lagged dependent variable. However, this violates the strict
exogeneity assumption because the lagged dependent variable is cor-
related with the disturbance term (Hsiao, 2014). Accordingly, a con-
ventional estimator, such as least squares dummy variable or maximum
likelihood estimator, is no longer consistent in finite samples (i.e., when
the data are collected over a short time period). Using Monte Carlo
simulation, Judson and Owen (1999) showed that the bias could be
sizable even when the number of observations over time (T) reaches 30.

To address this issue, we adopted a dynamic panel GMM estimation
method developed by Arellano and Bond (1991). Specifically, they
proposed taking the first difference to remove individual effects and
then using deeper lags of the dependent variable as instruments for
differenced lags of the dependent variable. Arellano and Bond’s GMM
estimator (“AB-GMM” hereafter) is particularly appealing in that it
addresses the potential endogeneity issue arising from omitted vari-
ables, measurement error, and/or simultaneity (Arellano, 2003).
Moreover, AB-GMM relies on minimal assumptions, which offers sev-
eral advantages. First, it does not require the normality of disturbance
terms. Second, it does not require the formulation of initial conditions,
which often raises concerns in conventional estimation approaches.
Third, the use of panel data allowed us to specify retailer-specific ef-
fects, which account for any unobservable characteristics that vary
across retailers. The retailer-specific effects can be either fixed or
random; however, AB-GMM allowed us to estimate the model without
restricting the retailer-specific effects to being either fixed or random
(Bailliu & Fujii, 2004; Moral-Benito, Allison, & Williams, 2019).

In theory, AB-GMM provides consistent estimates when T is fixed
(i.e., small T) and N is large (Arellano & Bond, 1991). However, both T
and N are quite large in our dataset (T= 90, N= 200). In such a case,
Alvarez and Arellano (2003) showed that AB-GMM might yield down-
ward biased estimates, which raises concerns in our case. Using Monte
Carlo simulation, Hsiao and Zhang (2015) showed that a simple IVTa
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(instrument variable) estimator (hereafter, IV) could be better than AB-
GMM since IV produces negligible bias for a large T and large N case.
Yet, they also pointed out that IV is much less efficient than AB-GMM,
meaning that there is a trade-off between IV and AB-GMM. Indeed,
their simulation results show that as N and T get larger (e.g.,
N = T = 100 in their setting), the size of biases from IV and that from
AB-GMM become comparable. Accordingly, we chose AB-GMM over IV
for our analysis.

In theory, AB-GMM is asymptotically as efficient as the maximum
likelihood estimator under certain conditions (Carrasco & Florens,
2014). Moreover, we can improve the asymptotic efficiency of AB-GMM
by adding more moment conditions (Ahn & Schmidt, 1995). However,
this strategy does not come without costs. The number of instruments
produced will be quadratic in T (i.e., the length of the time series in the
dataset). If T is fairly large, an unrestricted set of lags would result in a
large number of instruments. Prior research indicates that AB-GMM can
be sensitive to outliers when higher moment conditions are used (Hsiao,
2014). Therefore, it is recommended that the number of moment con-
ditions be restricted even when one has a longer time series dataset.
Thus, we set the maximum number of moment conditions to four.

4.3. Estimation procedure

We set up the following model for the system of equations of both
click and bids:

= + + + = = =y By CX i N t T l L, 1, , , 1, , , 1, ,it i i t l it it,

(3)

where =y y y y( , , , ) 'it it it Git1 2 is the vector of contemporaneous en-
dogenous variables, such as the number of clicks and bids, at time t, and

=y y y y( , , , ) 'i t l i t i t i t L, , 1 , 2 , is the vector of lagged endogenous vari-
ables up to L lags of the focal variables. In addition,

=X X X X( , , , ) 'it it it Git1 2 is the matrix of exogenous variables, and
= ( , , , ) 'it it it Git1 2 is the vector of error terms, which follow a mul-

tivariable normal distribution, N (0, ).
The parameter matrix represents the relationships between the

number of clicks on the keywords and between the bids on those key-
words, respectively. The vector i captures retailer-specific effects for
retailer i. In matrix B, the diagonal elements represent the dynamic
effects of the corresponding endogenous variables at t-l, and the off-
diagonal elements are set to zero. Matrix C represents the effects of
exogenous variables. In Eq. (3), (1) some regressors are endogenous
(i.e., interdependency between the dependent variables); (2) the pro-
cess is dynamic in that current realizations of the dependent variables
are influenced by past ones; 3) the idiosyncratic distribution may have
individual specific patterns of heteroskedasticity and serial correlation.
A difference GMM estimation can be used to resolve these estimation
problems (Roodman, 2009).

We assumed that retailer-specific effects i are fixed effects and took
the first difference to eliminate them. Therefore, Eq. (3) was trans-
formed into Eq. (4) as follows:

= + +y B y C Xit i t l it it, (4)

where =y y yit it i t, 1, and the other differenced variables were
calculated in a similar way.

Note that Eq. (4) has endogeneity issues that need to be addressed
because of simultaneity and dynamic effects. First, endogeneity occurs
due to the simultaneity between the endogenous variables. For ex-
ample, in the first equation, y it1 is affected by (y y, , )it Git2 . Because the
error terms are correlated, (y y, , )it Git2 are correlated with it1 , causing
endogeneity. Another type of endogeneity occurs due to the dynamic
effects of the lagged endogenous variables. For example, in the first
equation, the two terms =y y y( )i t i t i t1 , 1 1 , 1 1 , 2 and =( )it it i t1 1 1 , 1
are correlated because y i t1 , 1 depends on i t1 , 1. In the other equations,

ygi t, 1 and git, g = 1, …, G, are correlated in a similar way.
We used AB-GMM to resolve the endogeneity problems due to the

simultaneity and dynamic effects. According to Hsiao (2014), the mo-
ment conditions below allow AB-GMM to yield consistent estimators:

= =E
y

X E
y
X

0 or 0.i t

it
Git

i t

it
Git

, 2 , 2

(5)

Thus, the lagged endogenous variables at t-2 or the lagged differ-
enced endogenous variables at t-2 along with the differenced exogenous
variables at t ( Xit) can be instrumented. In addition to the lagged
(differenced) endogenous variables at t-2, yi t j, 2 or yi t j, 2 , j = 0, 1,
…, t-3, are also legitimate instruments. To account for hetero-
skedasticity across retailers, we used the WC-robust standard error es-
timator (Windmeijer, 2005).

For the estimation, we built two separate systems of equations. First,
we developed a system of consumer click equations for the number of
clicks. For each equation, we included the number of clicks on the other
keywords (excluding the number of clicks on the focal keyword) as the
independent variables. For the control variables and exclusion restric-
tions, we included the rank at t, the lagged variables (one-period
through seven-period) of the number of clicks of the focal keyword and
day dummy variables. For the instrument variables, we used the rank
and lagged variables of the focal endogenous variable along with the
lagged variables of the number of clicks on all the keywords up to four
lags that satisfy the model fit and the assumptions of no autocorrelation
and identification restriction.

Second, we developed a system of retailer bid equations in a similar
manner. In addition to the other endogenous variables used as the in-
dependent variables, we included the quality score at t-1, rank at t-1,
the lagged variables (one-period through seven-period) of the bids of
the focal keyword, and day dummy variables as the control variables
and exclusion restrictions. For the instrument variables, we used the
quality score, the rank, and the lagged variables of the focal en-
dogenous variable along with the lagged variables of the bids on all the
keywords up to four lags for the best estimation results in terms of the
model fit and assumptions.

5. Results

Tables 3 and 4 present the estimation results for the number of
clicks and bids, respectively. To check for no autocorrelation between
error terms, we conducted Arellano-Bond tests up to seven lagged
periods (e.g., AR[1] through AR[7]). No systematic autocorrelation was
found between the error terms at the 0.05 level, with only a few ex-
ceptions of significant autocorrelation at random. Thus, we concluded
that the no-autocorrelation assumption was not a concern. Note that the
Arellano-bond test for AR (1) in the first difference equation is supposed
to be correlated because of the shared one-period lagged term at the
level model (i.e., =it it i t, 1and =i t i t i t, 1 , 1 , 2 share the
same term of i t, 1).

For the over-identification test, we used the Hansen test, which
assumes heteroskedasticity across retailers instead of the Sargan test,
which assumes that the errors are independently and identically dis-
tributed. The null hypotheses of no over-identification were not re-
jected, as the p-values for all the equations were almost 1 (expressed as
1.000). Thus, we concluded that no problem was caused by over-
identification. Figs. 2 and 3 depict the estimated interrelationships of
consumer clicks and advertiser bids by keyword level, respectively.

5.1. Consumer clicks

We found that, once consumers click ads listed in category-level
keywords, they are likely to click ads on brand-level keywords for both
Nike and Adidas ( = 1.194 for Nike and 0.362 for Adidas). However,
the reverse is not true: Consumer clicks on brand-level keywords have
no significant effects on clicks on category-level keywords. Thus, if
consumers start searching category-level keywords, looking for broad
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Table 3
Number of clicks estimation results.

RHS LHS

Category Nike Brand Adidas Brand Nike Model Adidas Model

Coeff. S.E Coeff. S.E Coeff. S.E Coeff. S.E Coeff. S.E

Category 1.194** (0.434) 0.362* (0.167) 0.022 (0.022) −0.062 (0.051)
Nike Brand 0.021 (0.012) −0.004 (0.011) 0.011 (0.006) 0.003 (0.006)
Adidas Brand 0.021 (0.013) 0.077 (0.087) 0.005 (0.008) 0.133** (0.017)
Nike Model 0.158 (0.097) 1.439** (0.439) −0.031 (0.094) 0.148* (0.074)
Adidas Model −0.031* (0.014) −0.042 (0.077) 0.396* (0.183) 0.006 (0.005)
Rank −0.013** (0.002) −0.103** (0.023) −0.048** (0.006) −0.013** (0.002) −0.075** (0.011)
Lagged Y at t-1 0.668** (0.092) 0.695** (0.058) 0.643** (0.026) 0.487** (0.017) 0.583** (0.046)
Lagged Y at t-2 −0.182** (0.05) −0.322** (0.043) −0.247** (0.031) −0.005 (0.029) −0.14* (0.057)
Lagged Y at t-3 0.058 (0.047) 0.103** (0.034) 0.099** (0.02) −0.029 (0.034) 0.035 (0.033)
Lagged Y at t-4 −0.096 (0.06) −0.072** (0.011) −0.154** (0.022) −0.08* (0.032) −0.072 (0.048)
Lagged Y at t-5 0.087** (0.029) −0.016 (0.029) 0.136** (0.031) 0.115** (0.016) −0.09 (0.052)
Lagged Y at t-6 0.044* (0.022) 0.067** (0.026) 0.016 (0.048) 0.124** (0.02) 0.071 (0.071)
Lagged Y at t-7 0.13** (0.044) 0.007 (0.049) 0.261** (0.011) 0.234** (0.028) 0.072 (0.051)
Wald (18)

2 6751.02 4244.70 49056.06 10905.36 2764.08

Arellano-Bond test
AR (1)
AR (2)
AR (3)
AR (4)
AR (5)
AR (6)
AR (7)

z = −2.68**
z = 0.64
z = −0.82
z = 1.90
z = −0.88
z = −0.66
z = 0.81

z = −2.76**
z = 0.51
z = −0.95
z = −0.15
z = 0.99
z = −1.78
z = 1.77

z = −1.93
z = −0.11
z = −1.45
z = 1.42
z = −0.1
z = −0.69
z = −0.52

z = −2.68**
z = −0.12
z = −0.27
z = 1.10
z = 0.74
z = −0.78
z = 0.03

z = −3.5**
z = 0.77
z = −1.93
z = 0.62
z = 0.15
z = −0.41
z = 0.89

Hansen test
(570)
2 = 241.71

(p-value = 1.000)
(570)
2 = 241.78

(p-value = 1.000)
(570)
2 = 241.96

(p-value = 1.000)
(570)
2 = 241.99

(p-value = 1.000)
(570)
2 = 241.96

(p-value = 1.000)

* = p-value < 0.05; ** = p-value < 0.01. The number of e-retailers is 242, and the number of observations is 20,086 after first-differencing. Day dummy variables
are omitted for simplicity.

Table 4
Bid Estimation Results.

RHS LHS

Category Nike Brand Adidas Brand Nike Model Adidas Model

Coeff. S.E Coeff. S.E Coeff. S.E Coeff. S.E Coeff. S.E

Category 0.267** (0.097) 0.115** (0.042) −0.01 (0.034) −0.02 (0.025)
Nike Brand 0.096** (0.028) 0.095** (0.017) 0.182** (0.026) 0.022 (0.021)
Adidas Brand 0.182** (0.062) 0.435** (0.117) 0.015 (0.049) 0.168** (0.057)
Nike Model 0.033 (0.065) 1.362** (0.275) −0.011 (0.06) 0.059 (0.05)
Adidas Model −0.126 (0.076) 0.425* (0.185) 0.136* (0.058) −0.059 (0.057)
Quality Score at t-1 −0.117** (0.024) −0.145** (0.035) −0.083** (0.017) −0.118** (0.019) −0.085** (0.014)
Rank at t-1 0.013** (0.004) 0.017** (0.004) 0.006* (0.003) 0.006* (0.005) 0.005* (0.002)
Lagged Y at t-1 0.628** (0.194) 0.327** (0.098) 0.434** (0.123) 0.344 (0.179) 0.413** (0.103)
Lagged Y at t-2 −0.079 (0.046) −0.107** (0.031) −0.151** (0.041) −0.165** (0.037) −0.168** (0.04)
Lagged Y at t-3 −0.123** (0.047) −0.069 (0.036) −0.084* (0.039) −0.222** (0.042) −0.081* (0.037)
Lagged Y at t-4 −0.214** (0.051) −0.194** (0.031) −0.216** (0.043) −0.314** (0.049) −0.195** (0.055)
Lagged Y at t-5 −0.193** (0.055) −0.091* (0.042) −0.102 (0.054) −0.095* (0.043) −0.194** (0.047)
Lagged Y at t-6 0.009 (0.056) −0.106** (0.034) −0.024 (0.041) −0.041 (0.045) −0.055 (0.048)
Lagged Y at t-7 0.074 (0.05) 0.022 (0.044) 0.008 (0.063) 0.051 (0.052) 0.125 (0.079)
Wald (19)

2 757.00 1017.87 315.05 442.46 471.01

Arellano-Bond test
AR (1)
AR (2)
AR (3)
AR (4)
AR (5)
AR (6)
AR (7)

z = -3.07**
z = 0.27
z = -1.12
z = 0.61
z = 1.99*
z = -1.3
z = 0.75

z = -4.62**
z = -0.26
z = -1.58
z = 2.44**
z = -0.88
z = 0.72
z = 0.1

z = -3.7**
z = 0.68
z = -0.88
z = 1.7
z = -0.99
z = -0.57
z = 1.31

z = -2.31*
z = 0.19
z = -0.71
z = 2.66**
z = -1.79
z = -0.54
z = 0.22

z = -3.32**
z = 0.12
z = -0.48
z = 1.26
z = 0.97
z = -0.96
z = 0.31

Hansen test
(570)
2 = 238.77

(p-value = 1.000)
(570)
2 = 236.27

(p-value = 1.000)
(570)
2 = 234.50

(p-value = 1.000)
(570)
2 = 241.15

(p-value = 1.000)
(570)
2 = 240.78

(p-value = 1.000)

* = p-value < 0.05; ** = p-value < 0.01. The number of e-retailers is 242, and the number of observations is 20,086 after first-differencing. Day dummy variables
are omitted for simplicity.
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and general information, they then move down to brand-level key-
words. By contrast, consumers who are already aware of a brand and
thus start searching with brand-level keywords are not interested in
category-level keywords, which might be too general for them. In other
words, they may already have sufficient information and have no need
to search general category-level keywords. This relationship between
category- and brand-level keywords is consistent with the purchase
funnel framework.

Our results for brand-level keywords were somewhat different from
those for category-level keywords. We found that, at the brand level,
consumers who search brand-level keywords about Nike do not move
on to a search for model-level keywords about Nike or anything else.
However, consumers who started their search with either category-level
or Nike model-level keywords are likely to search and click Nike brand-
level keywords. In other words, while no significant relationship
starting from Nike brand-level keywords was observed, Nike brand-
level keywords seem to play a terminal role in consumer searches. Our
data show that the average number of clicks that Nike brand-level
keywords receive (0.389) is significantly higher than that received by
other keywords, which range from 0.026 to 0.197 (thus, it is greater
than the sum of all the others).

We interpret this finding as follows. The literature on the lea-
der–follower relationship suggests that a market leader has a higher
level of consumer awareness (Shin et al., 2016) and is thus more likely
to be searched for by consumers. Because Nike is the leading brand in
the Korean market with strong brand awareness, we argue that Nike
brand-level keywords may be the first keywords many consumers recall
when considering running shoes. Statistics show that over 40% of
Korean consumers responded that Nike was their favorite sports brand
(Statistica, 2018). In other words, Nike brand-level keywords may be

the initial point of keyword search in many consumers’ keyword sear-
ches. Since Nike is the leader and thus the representative brand in the
running shoes category, a significant number of consumers may start
searching using Nike brand-level keywords and may find sufficient in-
formation to fill their needs without requiring further searches for other
keywords. Moreover, the large average number of clicks on Nike brand-
level keywords could include consumers who terminate their search
process after searching those keywords (e.g., some consumers might
decide they do not need the product after the initial search, or some
might search without any intention to buy).

We found a different pattern for Adidas. Once consumers search
Adidas brand-level keywords, they move down to model-level keywords
( = 0.133). Combined with the relationship between category- and
brand-level keywords, our finding indicates that consumers’ click be-
havior for Adidas is consistent with the purchase funnel framework: We
observed positive relationships from the category-level all the way
down to model-level keywords. The situation is less clear for Nike,
however, as mentioned, although a positive relationship was observed
between category- and brand-level keywords.

Overall, our findings suggest that, although consumers’ click pat-
terns are generally consistent with the purchase funnel framework, the
leading brand can exhibit different patterns. This finding is also con-
sistent with the theoretical research on poaching behavior. Sayedi et al.
(2014) showed that a brand follower has an incentive to poach the
brand keyword of the market leader. Our finding lends empirical sup-
port to the finding that poaching a market leader’s brand keywords
could be effective, given that we show a large number of consumer
clicks on leading-brand keywords without significant spillover effects
on other keywords.

Another interesting finding at the brand level is the lack of any
relationship between the brand-level keywords of the two brands.
Consumers who search for Nike (Adidas) brand-level keywords do not
also search for Adidas (Nike) brand-level keywords. One possible ex-
planation for this result is that consumers of running shoes have strong
brand preferences and therefore show little interest in other brands. It
could also suggest that their brand preference is strong enough to
prevent them from searching for keywords related to other brands.

At the model level, we found an asymmetric relationship wherein
clicks on Nike model-level keywords have a positive effect on Adidas
model-level keywords ( = 0.148), but the reverse is not true. This
finding provides evidence that the market follower’s poaching of the
market leader’s keywords can be effective as consumers who click on
the model-level keywords of the leader brand could click on the key-
words of the follower. In addition, Nike model-level keywords have a
significantly positive effect on Nike brand-level keywords ( = 1.439).
As mentioned, the brand leader might have a higher likelihood of being
searched by consumers (e.g., Shin et al., 2016). Thus, some consumers
who do not necessarily have a brand preference for the leading brand
might search the leader brand’s keywords first, including its model-
level keywords, and then move on to search other keywords, such as the
competitors’ model-level keywords. In a similar vein, consumers might
start by searching for the model-level keywords of the leading brand
because they are already well aware of it, including its model-level
information. On the other hand, consumers who search for Adidas
models first might have already decided what to search for (e.g., they
might be loyal to the follower brand); otherwise, they would have
started by searching for the leading brand.

Another interesting finding is that clicks on Adidas model-level
keywords have a significantly negative effect on category-level key-
words ( = −0.031), which is also consistent with the purchase funnel
framework. One potential explanation for this result is that consumers
who search model-level keywords might have already obtained suffi-
cient information and are unlikely to search using broader category-
level keywords, which would be associated with more general category-
level information. Moreover, based on the leader–follower argument,
consumers who are interested in the follower’s specific model (e.g.,

Category
(0.051)

Nike Brand
(0.389)

Adidas Brand
(0.197)

Nike Model
(0.026)

Adidas Model
(0.105)

(-)

Fig. 2. Interrelationships of consumer click by keyword level. The numbers in
parentheses are the averages of the number of clicks. The lines show the sig-
nificant relationships between keywords at the 0.05 level. All the relationships
are positive unless a minus sign is used.

Category
(0.065)

Nike Brand 
(0.126)

Adidas Brand
(0.042)

Nike 
Model
(0.032)

Adidas Model
(0.039)

Fig. 3. Interrelationships of advertiser bids by keyword level. The numbers in
parentheses are the averages of bidding amounts (unit: $). All the relationships
are positive.
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Adidas Gazelle), although they might not be many, might already
possess detailed category knowledge and a specific preference for the
brand. These would be less likely to use category-level keywords in
their search. However, consumers who are interested in the follower’s
models might still be interested in the brand itself, which explains the
positive relationship between Adidas model-level and Adidas brand-
level keywords ( = 0.396).

The effects of the control variables are as expected. First, rank has a
negative effect on clicks for all keyword groups. Thus, consumers are
more (less) likely to click on the ads featured in the upper (lower)
positions. This result is consistent with the general findings in the
search advertising literature on the relationship between advertising
position and number of clicks (Ghose & Yang, 2009). The coefficients
on the lagged number of clicks (past clicks) show that the number of
clicks received in the past has a positive effect on the number of clicks
consumers make in the current period. For example, the lagged number
of clicks at t-1 has a positive effect, and its coefficient is far greater than
the other lagged numbers of clicks. The coefficients of the one-period
lagged variables range between 0.487 (Nike model) and 0.695 (Nike
brand), showing persistent click behavior. This finding is also consistent
with the search advertising research, which has found that a significant
number of consumer clicks on an ad in the past indicates its usefulness
(i.e., consumers find the ad helpful and effective). Finally, serial cor-
relation tests confirm that the assumption of no serial correlation of
error terms is satisfied.

5.2. Retailers’ bidding strategy

We now discuss the estimation results for the retailers’ bids as well
as the implications of their bidding strategies. First, we found positive
relationships between keyword groups at different levels. For example,
we found positive two-way relationships between category- and brand-
level keywords (for Nike = 0.096 and 0.267 and for Adidas = 0.182
and 0.115, respectively) and between brand- and model-level keywords
of the same brand (for Nike = 1.362 and 0.182; for Adidas = 0.136
and 0.168, respectively). These positive two-way relationships indicate
that retailers bid on multiple keywords at different levels simulta-
neously because they understand that consumers use different key-
words depending on their place in the consumer purchase funnel. These
two-way relationships occur for both Nike and Adidas. Therefore, our
findings suggest that retailers attempt to allocate their search adver-
tising budget across the keywords at different levels.

Second, we find positive two-way relationships between Nike and
Adidas at the brand level ( = 0.435 for Nike and 0.095 for Adidas,
respectively), meaning that retailers who bid on Nike brand keywords
also bid on Adidas brand keywords. These results are consistent with
the practice because most retailers in our dataset sell both brands.
Interestingly, unlike the positive relationships between the keywords at
the brand level, we found no relationship between the keywords at the
model level, meaning that retailers do not bid on Nike and Adidas
model-level keywords simultaneously.

This result could suggest that, while retailers bid on multiple key-
words, they may focus on a single brand at the model level rather than
multiple brands (or some of all brands). For example, if a retailer has a
strength in a particular brand, such as in price or assortment, it natu-
rally focuses on that brand’s keywords, especially at the model level.
Consumers who search the most specific model-level keywords might
be very close to making a purchase decision (i.e., at the bottom of the
purchase funnel; Court et al., 2009). Accordingly, retailers do not need
to bid for model-level keywords unless they have a good chance of
winning customers. On the other hand, consumers who are still in the
intermediate stage of their purchase process (searching brand-level
keywords in our study) might still be swayable, leading advertisers to
bid on multiple brand-level keywords.

Third, interestingly, Adidas model-level keywords have a positive
effect on Nike brand-level keywords ( = 0.425), but the reverse is not

true. For example, retailers who bid on Adidas Gazelle tend to bid on
Nike running shoes. Since Nike is the leading brand in the market, re-
tailers strong in Adidas products may still want to advertise with Nike
brand keywords. As shown above, the largest number of consumer
searches use Nike brand-level keywords and retailers would acknowl-
edge that the leading brand has the highest brand awareness. Thus, the
follower brand’s optimal strategy would be to poach the brand leader’s
brand keywords (Sayedi et al., 2014). Moreover, we have already ob-
served that Nike model-level keywords have a positive effect on Nike
brand-level keywords. Therefore, we conclude that retailers realize that
many consumers are aware of the leading brand (Nike) and that con-
sumers search using keywords related to the leader, regardless of their
purchase decision stage.

The effects of the control variables are as expected. First, the quality
score at t-1 has a negative effect on bids at t across all keyword groups.
In other words, if an ad’s quality was high in the last period, retailers
could reduce their bids in the current period. Because rank is de-
termined according to both bid and quality score, this result indicates
that retailers might attempt to optimize their bids by adjusting them
depending on their ads’ qualities. Second, the rank at t-1 has a positive
effect on bids at t. Thus, retailers increase the bid if their ad had a lower
rank in the last period to improve their rank in the current period.
Third, although the effects of lagged bids vary, one common finding is
that the effects of lagged bids at t-1 are positive and have higher
magnitudes than the lagged bidding amounts at other times. This means
that retailers’ bids are influenced most heavily by their own bids in the
most recent period. The coefficients of the one-period lagged variables
range between 0.327 (Nike brand) and 0.628 (Category), implying that
retailers persistently bid on keywords. Serial correlation tests confirm
that the assumption of no serial correlation of error terms is satisfied.

6. Discussion and conclusions

6.1. Summary and discussion

Our main purpose was to empirically examine how consumers
search a variety of related keywords depending on their purchase stage
and how retailers bid on multiple keywords in their search advertising
campaigns. Understanding consumers’ keyword search behavior is im-
portant because they usually perform a series of searches using related
yet different keywords depending on their purchase decision stage.
Understanding consumer search behavior can enable retailers to max-
imize the effectiveness and efficiency of their search advertising cam-
paigns. This managerial task is particularly important for online re-
tailers, who usually operate advertising campaigns on limited budgets.
The research thus far has failed to use a consumer purchase stage fra-
mework to examine the multiple keyword management of retail ad-
vertisers who carry competing manufacturers’ brands. Therefore, using
a unique dataset composed of the most frequently searched keywords in
the running shoes category, we generated empirical findings that offer
interesting insights into consumer clicks and retailer bids on multiple
keywords as well as managerial implications that can help retailers
improve their decisions regarding advertising keyword choice and bids.

Our findings suggest that consumer click behavior for multiple
keywords is consistent with the purchase funnel framework. Consumers
who search for general and category-level information tend to search
for mode-specific information afterwards. Our findings also suggest
that, while the click behavior generally reflects the purchase funnel
framework, click behavior for competing brands may exhibit different
patterns. Specifically, the behavior of consumers who look for the fol-
lower brand, Adidas, seems to be consistent with the purchase funnel
framework, but this does not seem to be true for the leading brand,
Nike. For the leading brand, the brand-level keywords seem to play a
terminal role as clicks on both category- and model-level keywords lead
to clicks on brand-level keywords. Thus, we observed an asymmetric
effect of market position between brands in consumer searches and
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click behavior (e.g., Shin et al., 2016). Moreover, our findings lend
empirical support to the view that a keyword poaching or hijacking
strategy is optimal when differentiated brands compete for search ads
(Desai et al., 2014; Sayedi et al., 2014).

Regarding retail advertisers’ bidding strategy, we found that re-
tailers may consider keywords at different levels to be strategic com-
plements. Specifically, they bid on all keywords at the category, brand,
and model levels, which reflect different stages in the consumer pur-
chase decision process. Retailers also consider Nike and Adidas key-
words at the brand level strategic complements because they bid on
both brand-level keywords simultaneously. This result is intuitive be-
cause most of the retailers in our dataset sell both brands. On the other
hand, because consumers searching with model-level keywords might
already be close to making a final purchase decision, retailers might
think that bidding for the model-level keywords of both brands is not as
effective as focusing on keywords about a brand in which they have an
advantage. Finally, retailers seem to implement a poaching strategy
between market leader and follower brands, as we find positive re-
lationships between the follower’s model-level keywords and the lea-
der’s brand-level keywords.

6.2. Theoretical and practical contributions

We make several important contributions to the literature. First, we
advance the digital advertising research by enhancing our under-
standing of consumers’ online search and click behavior in paid ad-
vertising. We showed a positive relationship in consumer clicks from
category-level keywords to more specific brand-level keywords but not
vice versa, consistent with previous findings in marketing studies (Du
et al., 2017; Rutz & Bucklin, 2011). Unlike those studies, however, we
identified additional relationships within the brand keywords by de-
composing them into brand-level and specific model-level keywords.
Our results show positive two-way relationships between brand-level
and model-level keywords for market follower Adidas and a one-way
relationship for market leader Nike. Thus, although consumers would
not move up to category-level keywords, they would move between
brand- and model-level keywords. This finding is in line with the cur-
rent trend in digital advertising wherein consumer searches are less
likely to be sequential, and consumers are more likely to add and
subtract alternatives from their consideration set while searching than
before (Court et al., 2009). Moreover, our finding that consumers’ click
patterns differ between the market leader’s and follower’s brands sug-
gests that the asymmetric effect of the competing brands’ market po-
sitions (e.g., Carpenter & Nakamoto, 1989; Shin et al., 2016) can be
extended to consumers’ search behavior.

Second, our findings offer new insights into advertisers’ bidding
strategies for various keywords used at different purchase stages (Du
et al., 2017). We showed that the relationships among retailers’ bids for
different keywords are mostly positive. This indicates that retailers
exhibit simultaneous bidding behavior on various keywords across
consumer purchase stages for both brands. This also suggests that re-
tailers may be bidding on as many keywords as possible, thus spending
more than necessary, because retailers might lack an understanding of
their target consumers—particularly of their key search and click pat-
terns. Retailers who use their information correctly to predict consumer
behavior and brand loyalty for different brands might be capable of
more selective, and thus more efficient, keyword choice and bidding
strategies. Our results offer useful insights into advertisers’ optimal bids
on multiple keywords by comparing consumers’ click behavior and
advertisers’ bidding patterns. For example, consumer clicks on Nike
model-level keywords have positive spillover effects on Adidas model-
level keywords. However, advertisers who bid on Nike model-level
keywords do not seem to take this fact into account, as no positive
relationship was observed between bids for Nike and Adidas model-
level keywords. Our findings also suggest that retailers could make
better use of category-level keywords in this product category.

Category-level keywords are not the most expensive kind, yet positive
spillover is possible from them to brand-level keywords. Overall, our
findings suggest that retailers need to allocate their advertising budgets
across keywords more efficiently.

Third, our results suggest that retail advertisers’ bidding strategies
may exhibit keyword poaching (hijacking), which has proven to be
optimal by the theoretical literature. Theoretical studies have suggested
that a brand with a lower-quality image in the market has an incentive
to poach from a higher-quality brand (Desai et al., 2014; Sayedi et al.,
2014). Our results regarding retailers’ bids show that advertisers who
bid on a follower brand’s keywords are more likely to bid on the lea-
der’s brand keywords but not vice versa. Further, our results regarding
consumer clicks support the view that keyword poaching is a valid
marketing strategy, as we found a positive relationship from the brand
leader’s keywords to the follower’s keywords.

6.3. Limitations and future research direction

Our study has several limitations, which call for further research.
First, our data were drawn from the running shoes category and were
collected over three months. It would be worthwhile to examine other
product categories with different characteristics, including durable
products and non-durable products, luxury and functional brands, and
utilitarian and hedonic products, to further validate our findings
(Bridges, 2018; Chu, Kamal, & Kim, 2013; Liang & Liu, 2019; Taylor &
Costello, 2017). Second, our dataset contains retailers’ search adver-
tising that sells competing brands. Including more data on manu-
facturers’ own search advertising might reveal different patterns in
their bids across multiple keywords, providing more insightful im-
plications for managing multiple keywords. Third, our data contain
only a limited number of keywords used for search advertising in the
running shoes category. Although the keywords in our data receive the
most consumer clicks in the running shoes category, it would be
worthwhile to include more keywords, including long-tail keywords.
Similarly, it would be interesting to examine mobile versus non-mobile
environments, as the device used to search keywords may imply dif-
ferent consumer intentions (Kim, Kang, & Taylor, 2018). Fourth, though
AB-GMM seems appropriate for our context, there is room for efficiency
improvement (e.g., Ahn & Schmidt, 1995) and weak instrument solu-
tion (e.g., Moral-Benito et al., 2019), which can be considered by future
researchers. Fifth, while a joint estimation of clicking behavior and
bidding strategy was not attempted in our study, future researchers can
jointly estimate advertisers’ bidding strategy, a search engine’s ranking
system, and consumers’ clicking behavior. Finally, optimal strategies
for multiple keyword management could be examined. For example,
analytical modeling could be used to derive optimal keyword choices
and bidding strategies. If appropriate datasets are used for product
prices, costs, and conversion rates, one could perform simulations to
identify optimal bid levels for managing multiple keywords. We leave
this task to future researchers. In spite of these limitations, our findings
provide new insights into multiple keyword management, which we
hope will generate more interest in search advertising and digital
marketing research.
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