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T

he phenomenon of paid search advertising has now become the most predominant form of online advertising in the marketing world. However, we have little understanding of the impact of search engine advertising on consumers’ responses in the presence of organic listings of the same ﬁrms. In this paper, we model
and estimate the interrelationship between organic search listings and paid search advertisements. We use a
unique panel data set based on aggregate consumer response to several hundred keywords over a three-month
period collected from a major nationwide retailer store chain that advertises on Google. In particular, we focus
on understanding whether the presence of organic listings on a search engine is associated with a positive,
a negative, or no effect on the click-through rates of paid search advertisements, and vice versa for a given
ﬁrm. We ﬁrst build an integrated model to estimate the relationship between different metrics such as search
volume, click-through rates, conversion rates, cost per click, and keyword ranks. A hierarchical Bayesian modeling framework is used and the model is estimated using Markov chain Monte Carlo methods. Our empirical
ﬁndings suggest that click-throughs on organic listings have a positive interdependence with click-throughs
on paid listings, and vice versa. We also ﬁnd that this positive interdependence is asymmetric such that the
impact of organic clicks on increases in utility from paid clicks is 3.5 times stronger than the impact of paid
clicks on increases in utility from organic clicks. Using counterfactual experiments, we show that on an average this positive interdependence leads to an increase in expected proﬁts for the ﬁrm ranging from 4.2% to
6.15% when compared to proﬁts in the absence of this interdependence. To further validate our empirical results,
we also conduct and present the results from a controlled ﬁeld experiment. This experiment shows that total
click-through rates, conversions rates, and revenues in the presence of both paid and organic search listings are
signiﬁcantly higher than those in the absence of paid search advertisements. The results predicted by the econometric model are also corroborated in this ﬁeld experiment, which suggests a causal interpretation to the positive
interdependence between paid and organic search listings. Given the increased spending on search engine-based
advertising, our analysis provides critical insights to managers in both traditional and Internet ﬁrms.
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1.

Introduction

much more relevant form of advertising because the
keywords and the ad message are typically matched
with user-generated queries. These features have lead
to a widespread adoption of this form of Web 2.0
media by ﬁrms, with the global paid search market expected to reach almost $10 billion by the end
of 2009.1
How does this mechanism work? In sponsored
search, ﬁrms who wish to advertise their product
or services on the Internet create text-based ads and
submit that information in the form of “keyword”
listings to search engines. A keyword is a combination of words or terms that best describes the product, brand, or retailer being advertised. Bid values are

Over the past few years, search engines like Google,
Yahoo!, and MSN have discovered that as intermediaries between consumers and ﬁrms, they are in a
unique position to sell new forms of advertisements.
This has led to the proliferation of sponsored search
advertising—where advertisers pay a fee to Internet
search engines to be displayed alongside nonsponsored or organic Web search results. Because search
engine-based advertising is directly related to users’
search queries, it is considered by users as being far
less intrusive relative to other forms of online advertising. From the ﬁrm side, this kind of advertising
leads to more qualiﬁed prospects because the ads
are displayed in response to user-originated search
behavior. From the consumer perspective, this is a

1

1

See eMarketer (2006).

Copyright: INFORMS holds copyright to this Articles in Advance version, which is made available to institutional subscribers. The ﬁle may
not be posted on any other website, including the author’s site. Please send any questions regarding this policy to permissions@informs.org.

2

Yang and Ghose: Analyzing the Relationship Between Organic and Sponsored Search Advertising

assigned to each individual keyword and then search
engines pit advertisers against each other in secondprice auction-style bidding for the highest positions
on search engine result pages. When users search for
that keyword on a search engine, the relevant ad
along with the advertisers’ Web page appears as a
sponsored link on the top and the right side of the
organic search results. When users click on the sponsored ad, they are taken to the advertiser’s website.
An important determinant of the effectiveness of
sponsored search advertising for a given advertiser is
the likelihood of the same advertiser appearing in the
natural or organic listings of the search engine, and its
position on the organic listings for a given keyword.
Organic rankings of advertisers’ websites are based
on a complex and proprietary indexing algorithm
devised by the search engine involving the quality of
the website and the website’s “relative importance”
with respect to other links. Thus, consumers often face
two competing lists of results that may both be relevant to their search query: (i) the sponsored search
listing and (ii) the organic search listing.
Advertisers have been grappling with the tradeoffs in each of these two forms of referrals. On the
one hand, because a ﬁrm can control the message
of paid search ads, one would expect higher conversions from them. On the other hand, because people
value the perceived “editorial integrity” of organic
listings, one would expect higher conversions from
them. Some anecdotal evidence suggests that there
is a potential disconnect between the perception of
sponsored listings by business and users, with consumers having a positive bias towards organic search
listings. For example, Hotchkiss et al. (2005) ﬁnd that
more than 77% of participants favored organic links
more than the sponsored links as offering sources of
trusted, unbiased information. A similar set of ﬁndings are reported in Greenspan (2004). On the other
hand, Jansen (2007) ﬁnds that sponsored links are
more relevant than organic links in the context of ecommerce search queries, and this ﬁnding is robust
to usage across Google, Yahoo!, and MSN search
engines. Moreover, there is also some anecdotal evidence suggesting that paid search may lead to higher
conversions than organic search.2 This study looked at
search engine visits on Google, Yahoo!, and MSN and
showed a median order conversion rate of 3.4% for
paid search compared to a conversion rate of 3.13%
for organic search results during the same time frame.
These mixed ﬁndings then motivate the question
regarding to what extent should ﬁrms invest in sponsored search advertisements when they also appear
in the organic listings for a given search query in that
2

See http://www.searchnewz.com/blog/talk/sn-6-20060925Organic
VersusPaidSearchResults.html.
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search engine. After all, ﬁrms incur costs while engaging in paid search advertising. Despite the growth of
search advertising, we have little understanding of
the impact of sponsored search advertising on consumers’ overall reaction in the presence of organic
search listings for a given ﬁrm. Our key objective
in this paper is to compare and analyze the interdependence between paid ad listings with organic listings for a given advertiser. Hence, we focus on the
following questions: How do different keyword-level
attributes impact performance metrics such as average click-through rates and conversion rates in paid
search advertising as compared with those in organic
search listings? What is the nature of the relationship
between average click-through rates on organic and
paid listings for a given set of keywords? Are the
combined click-through rates, conversion rates, and
revenues from sponsored and organic listings higher
or lower than those from organic listings only (i.e.,
when paid search advertising is paused)?
Although an emerging stream of theoretical literature in sponsored search has looked at issues such
as mechanism design in auctions, no prior work has
empirically analyzed these kinds of questions. By
modeling the association between paid and organic
clicks, we aim to examine if there is a positive, negative, or zero association between them. Towards
this goal, we use a unique panel data set of aggregate consumer response to several hundred keywords
over three months collected from a large nationwide
retailer that advertises on Google. To be clear, we only
have aggregate keyword-level data, not disaggregate
user-level data. We propose a hierarchical Bayesian
modeling framework in which we model consumers’
aggregate responses jointly with the advertiser’s and
search engine’s decisions. Our paper is the ﬁrst academic study that estimates the effect of sponsored
search advertising on consumer search, click, and conversion behavior in the presence of organic listings of
the same ﬁrm for the same set of keywords at the same
time. We aim to make the following four contributions:
First, we build an integrative simultaneous equation-based model to empirically estimate the impact
of ad rank and other keyword-level attributes on
consumer aggregate responses, and advertiser and
search engine decisions in the presence of both paid
and organic search listings. Speciﬁcally, we examine the relationship of these attributes with average
search, click-through, and purchase propensities as
well as with the advertiser’s cost per click (CPC) and
the search engine’s decision with respect to allocating keyword ranks in accordance with institutional
practices. We ﬁnd that on average the presence of
retailer-speciﬁc information and brand-speciﬁc information is a signiﬁcant predictor of conversion rates
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in paid and organic listings, respectively. A simultaneous equations model as proposed in our study
makes it possible for us to describe current phenomena and prescribe some recommendations to advertisers. It also provides two key beneﬁts. On one hand,
we are able to account for the potential endogeneity of keyword rank and CPC. On the other hand,
this allows us to do some simple policy simulations
to infer the optimal CPC for different keywords and
thereby impute the impact of sponsoring ads in the
presence of organic listings on ﬁrms’ proﬁts.
Second, we investigate the value to ﬁrms from participating in such sponsored search advertising by
examining the nature of interdependence between
organic and paid listings using an aggregate keywordlevel data set of clicks and conversions on paid and
organic links. We also explore the asymmetric nature
of the relationship between these two forms of search
engine listings. Based on our model, we ﬁnd that average click-throughs on organic search listings have a
positive interdependence with average click-throughs
on paid listings, and vice versa. This positive interdependence is also asymmetric such that the impact of
organic clicks on increase in utility from paid clicks for
the same ﬁrm is 3.5 times stronger than the impact of
paid clicks on increases in utility from organic clicks.
We provide details of alternative econometric models
that we build and estimate to explore this interdependence. All models provide qualitatively similar results.
Third, we conduct some counterfactual experiments
using policy simulations to highlight the magnitude
of the positive interdependence between these two
forms of advertising. We ﬁnd that on an average,
this positive interdependence leads to an increase in
expected proﬁts for the ﬁrm ranging from 4.2% to
6.15% when compared to proﬁts in the absence of
either of these. Furthermore, the positive interdependence is the strongest in the case of the “least competitive” keywords (such as retailer-speciﬁc keywords)
and weakest in the case of the “most competitive”
keywords (such as brand-speciﬁc and generic keywords). Therefore, the proposed parsimonious modeling framework can help advertisers make optimal
decisions and investigate the value from participating
in such sponsored search advertising in the presence
of natural or organic listings in search engines.
Finally, we describe a simple ﬁeld experiment that
sheds further light on the predictions from our empirical model and analysis. It shows that given a set of
keywords, combined click-through rates, conversion
rates, and total revenues accruing to the ﬁrm in the
presence of both paid and organic listings is higher
than those in the absence of paid search advertisements. We ﬁnd that although the presence of paid
search advertisements takes some trafﬁc away from
organic listings for some keywords, for a vast majority

3

of keywords in our sample, the average click-through
rate of organic listings when paid search was on was
higher than the average click-through rate of organic
listings when paid search was inactive. This result
shows that the positive interdependence effect predicted by the econometric model is also corroborated
in controlled experiments and potentially suggests a
causal interpretation to the results obtained from the
model.
To evaluate the consistency of results between the
ﬁeld experiment and the estimated model, we conduct
analysis using the speciﬁc sample of keywords for the
duration for which the experiment was run with paid
links. The results from these analyses are consistent
with those from the integrated model and show that
on an average, paid click-through rates are positively
associated with organic click-through rates, and vice
versa. Furthermore, the positive interdependence is
also asymmetric in nature. These results remain qualitatively the same even when we estimate additional
model speciﬁcations such as the autologistic model
and the simultaneous-move game structural model.
The remainder of this paper is organized as follows.
Section 2 gives an overview of the different streams
of literature related to our paper. Section 3 presents
a simultaneous model of consumer search, click, and
purchase; the advertiser’s keyword pricing decision;
and the search engine’s decision of assigning keyword ranks. Section 4 presents an empirical application of the proposed model along with a description
of the data that are used. We also present a discussion of a number of robustness checks we have conducted using alternative model speciﬁcations such as
an autologistic model and a simultaneous-move game
model. The details are in the electronic companion to
this paper, available as part of the online version that
can be found at http://mktsci.pubs.informs.org. We
describe the counterfactual experiments conducted
through some simple policy simulations in §5. Section 6 presents a controlled ﬁeld experiment that also
analyzes the effect of organic search listings on paid
search performance. Section 7 presents some managerial implications and concludes the paper with a discussion of some limitations.

2.

Literature and Theoretical
Foundation

Our paper is related to several streams of research.
First, it relates to recent research in online advertising.
A number of approaches have modeled the effects
of advertising based on aggregate data (Tellis 2004).
However, much of the existing academic research
(e.g., Gallagher et al. 2001, Drèze and Hussherr
2003) on advertising in the online world has focused
on measuring changes in brand awareness, brand
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attitudes, and purchase intentions as a function of
exposure. Other studies measure (individual) exposure to advertising via aggregate advertising dollars
(e.g., Mela et al. 1998, Ilfeld and Winer 2002). Because
banner ads have been perceived by many consumers
as being annoying, traditionally they have had a
negative connotation associated with it. Moreover, it
was argued that because there is considerable evidence that only a small proportion of visits translate
into ﬁnal purchase (Moe and Fader 2003, Chatterjee
et al. 2003), click-through rates may be too imprecise
for measuring the effectiveness of banners served to
the mass market. Interestingly, however, Manchanda
et al. (2006) found that banner advertising actually
increases purchasing behavior, in contrast to conventional wisdom. These studies therefore highlight
the importance of investigating the impact of other
kinds of online advertising such as search keyword
advertising on actual purchase behavior, because the
success of keyword advertising is also based on consumer click-through rates. Our study is also related to
other forms of paid placements available to retailers
on the Internet such as sponsored listings on shopping bots. For example, Baye and Morgan (2001),
Montgomery et al. (2004), and Baye et al. (2009) have
studied the role of shopping bots as information gatekeepers and estimated the impact of retailers’ rank
during placement on click-through rates.
From a theoretical perspective, our paper has interesting parallels to the traditional product placement
based advertising next to editorial content in the mass
media. Shapiro et al. (1997) report a study of magazine advertising in which participants were required
to read a magazine article delivered on a computer
screen. The article was ﬂanked by target ads designed
to receive minimal reader attention. They found that
users were more likely to include the product featured in the ad in their consideration set compared to
the control participants who had not viewed the ads.
Geerardyn and Fauconnier (2000) discuss the advent
of “advertorials,” which are printed advertising messages but have the look and content of an ordinary
newspaper or magazine article. In creating the ad,
the editorial form of the medium and article content
next to which the ad is to be placed is taken into
account. Research in consumer behavior has theorized
about these effects. For example, the truth effect (the
increased belief in an ad claim because of a previous exposure; see Hawkins and Hoch 1992, Law and
Braun 2000) and the mere exposure effect (the formulation of a positive affect from exposure to a brief
stimulus; see Janiszewski 1993) both illustrate changes
in consumer behavior following a single exposure to
a stimuli without awareness of the prior exposure.
There is also an emerging theoretical stream of literature exempliﬁed by Edelman et al. (2007), Feng
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et al. (2007), Varian (2007), and Liu et al. (2010) that
study mechanism design in sponsored keyword auctions. Athey and Ellison (2008) build a model that
integrates consumer behavior with advertiser decisions. Wilbur and Zhu (2008) examine the incentives
of search engines to prevent click fraud. Katona and
Sarvary (2010) build a model of competition in sponsored search and ﬁnd that the interaction between
search listings and paid links determines equilibrium
bidding behavior. Xu et al. (2009) ﬁnd that whereas
organic listing may hurt search engine revenue, it
could induce higher social welfare and sales diversity.
Despite the emerging theory work, very little empirical work exists in online sponsored search advertising. Existing work has so far focused on search engine
performance (Bradlow and Schmittlein 2000, Telang
et al. 2004) and examined issues related to adverse
selection (Animesh et al. 2010) and pricing differences
based on ad context (Goldfarb and Tucker 2007).
Our paper is closely related to an emerging stream
of work that uses ﬁrm-level data from search engine
advertisers. Rutz and Bucklin (2007) study conversion probability for hotel marketing keywords in Los
Angeles. Rutz and Bucklin (2008) also show that there
are spillovers between search advertising on branded
and generic keywords; some customers may start
with a generic search to gather information, but they
later use a branded search to complete their transaction. Ghose and Yang (2008a) compare paid search
advertising to organic listings with respect to predicting order values and proﬁts. Ghose and Yang (2009)
also quantify the impact of keyword attributes on
consumer search and purchase behavior as well as
on advertiser’s cost per click and the search engine’s
ranking decision for different ads. They ﬁnd that keyword rank inﬂuences not only ad click-through rates
but also the ﬁnal conversion rates from the advertiser’s website, thus implying that the value per click
is not uniform across slots on the search engine’s
results page. They also show that keywords that have
more prominent positions on the search engine results
page, and thus experience higher click-through or
conversion rates, are not necessarily the most profitable ones—proﬁts are often higher at the middle
positions than at the top or the bottom ones. Agarwal
et al. (2008) provide quantitative insights into the
proﬁtability of advertisements associated with differences in keyword position. Ghose and Yang (2008b)
build a model to map consumers’ search–purchase
relationship in sponsored search advertising. They
provide evidence of horizontal spillover effects from
search advertising resulting in purchases across other
product categories. Yao and Mela (2009) build a
dynamic structural model to explore how the interaction of consumers, search engines, and advertisers
affects consumer welfare and ﬁrm proﬁts. Gerstmeier
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et al. (2009) discuss some interesting bidding heuristics and highlight which of these leads to higher profits for the advertiser. Jerath et al. (2009) ﬁnd that a
superior ﬁrm may obtain a position below the inferior ﬁrm but still obtain more clicks than the inferior
ﬁrm. Thus, a ﬁrm may not always want to be in the
topmost position, a ﬁnding consistent with the rankproﬁtability relationship in Ghose and Yang (2009).

3.

An Integrative Model of Consumer
Response and Firms’ Decisions

We next present a model that integrates consumer
search and purchase behavior with ﬁrms’ decisionmaking behavior such as price of a keyword and the
rank of a keyword ad after the auction. This model
considers the simultaneous presence of both paid and
organic search listings. A hierarchical Bayesian modeling framework is used and the models are estimated
using Markov chain Monte Carlo (MCMC) methods
(Rossi and Allenby 2003).
Let us denote Nit as the total number of searches
for keyword i in week t. We model the total number of searches over time as a log-normal regression
speciﬁed as follows:3
lnNit  = i + 1 Retaileri + 2 Brandi
+ 3 Lengthi + 4 Timeit + it
i ∼ N 

2


(1a)
(1b)

The covariates, Brand, Retailer, and Length, in the
above equation are described below. Prior work
(Broder 2002) has analyzed the goals for users’ Web
searches and classiﬁed user queries in search engines
into three categories of searches: navigational (for
example, a search query consisting of a speciﬁc ﬁrm
or retailer), transactional (for example, a search query
consisting of a speciﬁc product), or informational (for
example, a search query consisting of longer words).
Search engines not only sell nonbranded or generic
keywords as advertisements but also well-known
product or manufacturer brand names, as well as keywords indicating the speciﬁc advertiser in order for
the ﬁrm to attract consumers to its website.4 Moreover, advertisers also have the option of making the
keyword generic or speciﬁc by altering the number
3
We use a log-normal regression on the total search volume
because of the existence of outliers, which do not make the normal
distribution a good one to apply.
4
For example, a consumer seeking to purchase a digital camera is
as likely to search for a popular manufacturer brand name such as
Nikon, Canon, or Kodak on a search engine as searching for the
generic phrase “digital camera.” Similarly, the same consumer may
also search for a retailer such as Best Buy or Circuit City to buy the
digital camera directly from the retailer.

of words contained in the keyword. Hence, we focus
on the three important keyword-speciﬁc characteristics for a ﬁrm (the advertiser) when it advertises on a
search engine. This includes whether the keyword has
(i) retailer-speciﬁc information (for example, “WalMart,” “walmart.com”) or not, (ii) brand-speciﬁc
information (for example, “Sealy mattress”) or not,
and (iii) the length (in words) of the keyword
(which determines how narrow or broad the consumer search is). Based on these factors, we construct three keyword-speciﬁc characteristics denoted
by Brand, Retailer, and Length. The ﬁrst two variables
are coded as dummy variables. The industry dynamic
effects are controlled for by adding a time trend in all
equations.5 This is consistent with prior work in this
area (see, for example, Ghose and Yang 2009).
For a given keyword, although some searches do
not lead to any clicks at all, some searches lead to
clicks on either organic or paid listings, and some
searches lead to clicks on both listings. This dualclick search behavior is also shown by Jansen et al.
(2007), and hence it is important to incorporate such
dual-click search behavior in the model and analysis. Let Nit1 0 denote the number of click-throughs on
the same keyword only in the organic listing, let Nit0 1
denote the number of click-throughs on the same keyword only in the paid listing, and let Nit1 1 denote
the number of click-throughs on the same keyword
in both the organic and paid listings. The remaining
Nit0 0 = Nit − Nit1 0 − Nit0 1 − Nit1 1 searches lead to zero
click-throughs. Based on this, the likelihood function
is multinomial:
f Nit1

0

Nit0

1

Nit1
1 0

1

Nit0 0 
0 1

1 1

0 0

∝ pit1 0 Nit pit0 1 Nit pit1 1 Nit pit0 0 Nit

(2)

Let us further assume the probability of a clickthrough takes the logit form expit1 /1 + expit1 
for organic listings, and expit2 /1 + expit2  for
paid listings. Here, it1 denotes the latent utility of
an average click on organic listings, and it2 denotes
the latent utility of an average click on paid listings.
Then by assuming the conditional independence of a
click-through on organic listings and a click-through
on paid listings, we can write down the four probabilities speciﬁed in Equation (2) as follows:
 
expit1 
pit1 0 =
it2 it1 1 + expit1 
·

1
pit1 it2  dit1 dit2
1 + expit2 

(3a)

5
In addition to adding a time trend, we have also explored the
speciﬁcation of correlated error terms over time. However, the
autoregressive coefﬁcients did not come out signiﬁcant for any of
the seven equations. Therefore, we present the results with time
trend effect.
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pit0 1 =





it2

it1

1
1 + expit1 

expit2 
pit1 it2  dit1 dit2
1 + expit2 
 
exp 
·

pit1 1 =

it1

it2

it1

1 + expit1 

expit2 
pit1 it2  dit1 dit2
1 + expit2 
 
1
·

pit0 0 =

(3b)

it2

it1

(3c)

1 + expit1 

1
·
pit1 it2  dit1 dit2
1 + expit2 

(3d)

We further model the interdependent relationship
of the two latent utilities associated with the two
types of click-throughs for the same keyword as
follows:
it1 = it1 + i12 it2 + it1

(4a)

it2 = it2 + i21 it1 + it2

(4b)

The above two equations incorporate the notion
that the latent utility of an organic search and a paid
search is dependent on both its intrinsic utility (it )
and the extrinsic utility from each other (i12 it2 and
i21 it1 ). With respect to the intrinsic utility, we model
it to be dependent on the kind of keyword that is
displayed in response to a search query. This is modeled as
its = is1 + is2 Rank its + s1 Retaileri + s2 Brandi
+ s3 Lengthi + s4 Timeit

s=1 2

(5)

With respect to the extrinsic utility, i12 and i21 indicate the effect that maps the interdependence between
paid listings and organic listings for keyword i. A positive sign on i12 and i21 suggest a positive interdependency or complementary relationship between the
click-throughs via organic and paid listings. That is,
the click-through on the organic (paid) listing tends
to increase the utility of a click-through on the paid
(organic) listing. Similarly, a negative sign on i12
and i21 suggests a negative interdependency or substitutive relationship between the click-throughs via
organic and paid listings. Finally, a zero value of
i12 and i21 suggests independence between the clickthrough via the organic and paid listings. Finally,
we model the unobserved heterogeneity across keywords as
i11 i12 i12  ∼ MVN¯ 1 1 

(6a)


i21 i22 i21  ∼ MVN¯ 2 2 

(6b)



So far, we have modeled the click-through rates.
Next, we model the conversion behavior conditional
on the click-through. Denote Mit1 as the total number of conversions for keyword i in week t from
organic searches, Mit2 as the total number of conversions for keyword i in week t from paid searches,
and qit1 qit2  as the conversion probability for organic
(paid) searches conditional on a click-through. Then
assuming the conversions are independent events, we
can write down the likelihood of Mit1 and Mit2 as
follows:
f Mit1  Nit1

0

Nit0

1

Nit1

1

Nit0 0 
1 0

1

= qit1 Mit 1 − qit1 Nit
f Mit2  Nit1

0

Nit0
2

1

Nit1

1

+Nit1 1 −Mit1

(7a)

Nit0 0 
0 1

= qit2 Mit 1 − qit2 Nit

+Nit1 1 −Mit2

(7b)

Prior work (Brooks 2005) has shown that there is
an intrinsic trust value associated with the rank of a
listing on a search engine, which leads to the conversion rate dropping signiﬁcantly with an increase in
the rank (i.e., with a lower position on the screen).
Another factor that can inﬂuence conversion rates is
the quality of the landing page of the advertiser’s
website. Anecdotal evidence suggests that if online
consumers use a search engine to direct them to a
product but do not see it addressed adequately on
the landing page, they are likely to abandon that site.
Different keywords lead to different kinds of landing
pages. In keeping with the institutional practices of
search engines, we use the click-through rates (CTRs)
(standardized in our empirical analysis) to control for
the landing page quality score,6 where click-through
rate is deﬁned as the number of clicks over the number of searches. Furthermore, different keywords are
associated with different products. It is possible that
some product-speciﬁc characteristics inﬂuence consumer conversion rates, and thus, it is important to
control for the unobserved product characteristics that
may inﬂuence conversion rates once the consumer is
on the website of the advertiser. Hence, we include
the three keyword characteristics to proxy for the
unobserved keyword heterogeneity stemming from
the different products sold by the advertiser. These
factors lead us to model the conversion probabilities
6
Google computes a quality score for each keyword as a function
of the relevancy, transparency, and navigability of information on
the landing page and the past click-through rate of that keyword
(Ghose and Yang 2009). The key idea is to provide a higher user
experience after a click-through to the advertiser’s site from their
search engine. However, because we do not have information on
the landing page quality scores, we use the click-through rate as
the proxy for landing page quality scores. Further information on
this metric is available at http://www.adwords.google.com.
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on organic listings s = 1 and on paid listings s = 2
as follows:

qits = expcis1 +cis2 Rank its +s1 CTRits +s2 Retaileri

+s3 Brandi +s4 Lengthi +s5 Timeit +its 

· 1+expcis1 +cis2 Rank its +s1 CTRits +s2 Retaileri
−1
+s3 Brandi +s4 Lengthi +s5 Timeit +its 
(8a)
cis1 cis2  ∼ MVNc̄s cs 

(8b)

Next, we model the cost per click (CPC) of
the ad keywords posted in the sponsored search
list.7 Because different keyword attributes determine
whether it is a generic or branded keyword, the
advertiser’s CPC for a given keyword will depend
on these attributes. The advertiser decides on its bid
price by tracking the performance of a keyword over
time such that the current bid price is dependent on
past performance of that keyword. It does this in
two ways.8 First, the keyword’s current bid price is
a function of the rank of the same keyword in the
previous period, in both the paid and organic listing.
Second, the keyword’s bid price is also based on the
extent of proﬁts from conversions through paid and
organic listings, respectively, in the previous period.
Here, proﬁt is deﬁned as the revenue from advertising net of the variable cost of the product being
sold through that keyword minus the costs of placing that advertisement for the ﬁrm (the advertisement
cost is equal to the total number of clicks times cost
per click). Hence, we include both these sets of covariates.9 Finally, we also control for possible competitive
effects of other advertisers by including the maximum
bid price for a given keyword (denoted by Competitor_
Price). This leads to the following equation:
lnCPCit  = i +

1 Ranki t−1 1 +

2 Rank i t−1 2

+

3 lnProﬁti t−1 1 +

4 lnProﬁti t−1 2 

+

5 Retailer i +

+

8 Competitor_Pricei +
i ∼ N ¯ 2 

6 Brandi +

Finally, we model the search engine’s decision on
assigning ranks for the sponsored keyword. Search
engines like Google, MSN, and Yahoo! decide on the
ranks during the keyword auction by taking into
account both the current bid price and the quality
score. Because the quality score is most affected by
the prior click-through rates, and more recent CTR
is given higher weightage by the search engine in
computing this score, we use the one period lagged
value of CTR (standardized in our empirical analysis) as a control variable. As before, we use the three
keyword attributes to proxy for the different unobserved characteristics of the landing page. We control
for possible competitive effects of other advertisers
by including the max bid price for a given keyword,
Competitor_Price. This leads to the following equation
for the rank of a keyword in sponsored search:10
lnRank it2  = &i + '1 lnCPCit  + '2 CTRi

+ '5 Lengthi + '6 Competitor_Pricei
+ '7 Timeit + vit
&i ∼ N &¯ &2 

it it1 it2 it1 it2 %it )it  ∼ MVN0 *

(9b)

7
Because we do not have data on actual bids, we use the actual
cost per click as a proxy for the bid price. These two are highly
correlated.

9
Our results are robust to the use of gross proﬁts in which we consider only the advertisement revenues and advertisement-related
costs as well net proﬁts in which we consider the variable costs of
the products.

(11)

3.1. Econometric Issues and Identiﬁcation
The speciﬁcation of the covariance of the error terms
is important to help control the potential endogeneity in the keyword ranks for paid searches and
conversions. To show this endogeneity issue and the
identiﬁcation of the proposed system of simultaneous
equation model, we provide a sketch of the model
below. The proposed seven equations, in essence, can
be written as follows:

(9a)

8
This information about current bid prices being based on the two
metrics of past performance (lagged proﬁt and lagged rank) was
given to us by the advertiser. Our results are robust to the use
of either one of these two metrics as well as to their exclusion.
Gerstmeier et al. (2009) also discuss that current period bid can be
a function of past proﬁts from that keyword.

(10a)
(10b)

We allow the error terms in the ﬁve levels of decisions to be correlated. That is,

7 Lengthi

9 Timeit +%it

t−1 2

+ '3 Retaileri + '4 Brandi

10

Rank 2 = f1 CPC X1 ,1 

(12a)

CPC = f2 X2 ,2 

(12b)

q1 = f3 Rank 1 X3 ,3 

(12c)

q2 = f4 Rank 2 X4 ,4 

(12d)

1 = f5 Rank 1 X5 ,5 

(12e)

2 = f6 Rank 2 X6 ,6 

(12f)

N = f7 X7 ,7 

(12g)

There are three reasons for using the log (rank). First, rank is measured as weekly average rank for a keyword, and therefore it is a
continuous variable rather than an integer. Second, the log transformation makes its distribution closely mimic a normal distribution,
and this mitigates the effect of outliers. Third, we have also tried
an alternative linear model and found that the log-transformed
model performs slightly better than the linear model for both the
in-sample ﬁt and out-sample ﬁt.
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In the above simultaneous equations system, X1 –X7
are the exogenous covariates associated with the
seven equations, respectively. Note that X5 includes
one covariate that is the instrument of 2 , that is,
2 . Similarly, X6 includes one covariate that is the
instrument of 1 ; that is, 1 . The terms ,1
,7
are the error terms associated with the seven equations, respectively. These error terms are mainly capturing information that is observed by the decision
makers (consumer, advertiser, and search engine) but
not observed by the researcher. The proposed system of simultaneous equations presented in Equations (12a), (12b), (12d), and (12f) closely resembles
the triangular system in standard econometric textbooks (Greene 1999, p. 679). This model is identiﬁed based on the following argument. First, Equation
(12b) is a classical regression model whose parameters
can be naturally identiﬁed. To see this more clearly,
CPC is modeled as exogenously determined (modeled as the advertiser’s decision and a function of the
advertiser’s past performance with the same keyword
in both paid and organic listings, and other keyword
related characteristics as speciﬁed in Equation (12b)).
CPC, in turn, affects the search engine’s ranking decision for paid ads, Rank 2 , and ﬁnally Rank 2 affects
both click-through and the conversion probabilities.
Thus, Equations (12b)–(12g) can be identiﬁed accordingly. In fact, if the correlation between ,1 and each
,7 is equal to zero, then we can estimate
of ,2
the seven equations separately. Now, if the correlation between ,1 and any of ,2
,7 is not equal to
zero, then Rank 2 will be endogenous, and estimating
these equations separately will lead to inconsistent
estimates. We give a simple example in the following. Suppose that ,1 and ,2 have a nonzero correlation. Then in Equation (12b), Rank2 will be correlated
with ,6 because Rank 2 is correlated with ,1 and ,1 is
correlated with ,6 . The way to account for this endogeneity problem is to simultaneously estimate Equations (12a)–(12g). Because we are not able to predict
the correlation structure in the proposed simultaneous
equations model, i.e., do not know which correlation
is zero and which correlation is not zero, we estimate
the full covariance matrix and let the data inform us.
As shown in Lahiri and Schmidt (1978) and discussed in Greene (1999), a triangular system of
simultaneous equations can be identiﬁed without
identiﬁcation constraints such as nonlinearity or correlation restriction. In particular, the identiﬁcation of
such a triangular system comes from the likelihood
function. This is also noted by Hausman (1975), who
observes that in a triangular system, the Jacobian
term in the likelihood function vanishes so that the
likelihood function is the same as for the usual
seemingly unrelated regressions problem (Hausman
1975). Hence, a GLS (generalized least squares)- or

Marketing Science, Articles in Advance, pp. 1–22, © 2010 INFORMS

SUR (seemingly unrelated regression)-based estimation leads to uniquely identiﬁed estimates in a triangular system with a full covariance on error terms as
shown by Lahiri and Schmidt (1978).
Furthermore, we did a simulation analysis and
found that our estimation procedure accurately recovers the true parameter values. This suggests that identiﬁcation is not a problem.

4.

An Empirical Application

In this section, we present an empirical application of
the proposed model using a unique panel data set of
aggregate keyword-level data on clicks and conversions collected from a Fortune 500 ﬁrm that advertises on Google. We ﬁrst describe the data-generating
process and the data used in the estimation, then
discuss our empirical ﬁndings, and ﬁnally conduct
policy simulations based on the proposed model and
parameter estimates.
4.1. Data
When an Internet user enters a search query into
a search engine, he gets back a page with results
containing both the organic links most relevant to
the query and the sponsored links, i.e., paid advertisements that are ranked sequentially by the search
engine. The serving of a text ad in response to a query
for a certain keyword is denoted as an impression. If
the consumer clicks on the ad, he is led to the landing page of the advertiser’s website. This is recorded
as a click, and advertisers pay the search engine on
a per-click basis. This is known as the cost per click.
In the event that the consumer ends up purchasing
a product from the advertiser, this is recorded as a
conversion.
Our data contain weekly information on paid
search advertising from a large nationwide retail
chain that advertises on Google and is similar to the
data used in Ghose and Yang (2009).11 The data span
all keyword advertisements by the company during
a period of three months in the ﬁrst quarter of 2007,
speciﬁcally for the 13 calendar weeks from January 1
to March 31. The data are based on an “exact match”
between the user query and sponsored ad. Note that
search engines only provide aggregate-level daily or
weekly data to advertisers. The use of exact match
(instead of “broad” or “phrase” match) prevents any
concern from possible aggregation biases arising as a
result of the absence of data from every single auction
that occurred in a given week or in a given day. Moreover, the ﬁrm providing us the data for this study
11
The ﬁrm is a Fortune 500 ﬁrm with a strong national and international presence, but because of the nature of the data-sharing
agreement between the ﬁrm and us, we are unable to reveal the
name of the ﬁrm.
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had conﬁrmed that for an overwhelming majority of
the keywords in our sample, there was very little
variation in the number of competitors for a given
keyword across the time period of our data. This feature also minimizes the impact of competition on the
extent of variation in the rank for a given keyword,
further alleviating any concern of biases from data
aggregation.
The data consist of keyword ads from all six categories of products that this nationwide chain retailer
sells (bedding, bath, dining, kitchen, electronics, and
home décor). These keyword ads encompass all the
40 departments subsumed within these six product
categories. Between them, the keywords represent
several hundred unique stock-keeping units. We have
106 unique brands represented by these keywords,
and for the same advertiser we have several different combinations of its name, each represented by a
unique keyword.
Each keyword in our data has a unique advertisement ID. For any given keyword search query, the
retailer is linked through to both organic and paid
search results on the search engine. In a given search
session, whereas the majority lead to clicks on either
organic or paid (or no clicks at all), some searches
lead to clicks on both organic and paid listings during the same search session. We obtained the data on
the total number of searches for a given keyword in a
given week from the Google Keyword Metrics Tool.12
The data provided had information on the number
of clicks on “paid listings only,” number of clicks on
“organic listings only,” and number of clicks on “both
organic and paid listings” for any given keyword on
a daily basis that was aggregated by the advertiser to
a weekly basis. The number of searches that do not
lead to any clicks is calculated by subtracting the sum
of the aforementioned three types of clicks from the
total number of searches. Similar to data on conversions through paid search, we have data on conversions through organic listings for any given keyword
in the same week. Note that these are all aggregate
keyword-level data, not disaggregate user-level data.
Data on organic search rankings for the same set of
keywords were obtained based on a Web crawler that
gathered information on where the advertiser’s link
would appear on Google’s organic listings. The Web

9

crawler was constructed in PERL. To get a more precise estimate of the rank of the organic listing of the
advertiser, we retrieved these data once every week
over a six-week period from Google.13 Because there
was very little change in the rank of the organic listing (the standard deviation across ranks for a given
keyword was very low), we used the weekly average
rank of a keyword in the organic listing for the purpose of our analysis. Finally, to control for competitive
bid prices in our estimations, we collected data from
Google’s Keyword Pricing Tool, which gives estimates
of advertisers’ maximum cost per click for any given
keyword. Google’s keyword estimator tools give two
key pieces of information: the estimated upper range
and lower range for the cost per click of that keyword (roughly corresponding to the price of appearing ranked ﬁrst and third on the sponsored links
related to that keyword). We take the average of these
two values to construct the Competitor_Price variable.
Then for both paid and organic listings, we have
information on the number of clicks, number of conversions, the total revenues from a conversion for a
given keyword for a given week, the average CPC
in paid search, the maximum CPC for a given keyword across competitors, and the rank of the keyword. Although a search can lead to an impression,
and often to a click, it may not lead to an actual purchase (which we deﬁne as a conversion). The product of CPC and number of clicks gives the total costs
to the ﬁrm for sponsoring a particular advertisement.
We have data on the contribution margin of each keyword based on the subproduct category (department)
that it represents. Based on the contribution margin and the revenues from each conversion through
a paid search advertisement, we compute the gross
proﬁt per keyword from a paid search conversion.
The difference between gross proﬁts and keyword
advertising costs (the number of clicks times the cost
per click) gives the net proﬁts accruing to the retailer
from a sponsored keyword conversion. This gives us
the Paid_Proﬁt variable. Similarly, the Organic_Proﬁt
variable is computed based on the contribution margin of the keyword and the revenues from each conversion through an organic search listing.14
Our sample only includes those keywords for
which we had access to data on total weekly searches
for those keywords on Google. This resulted in a data
set with 426 unique keywords and a total of 1,400

12

This tool is available at http://www.technobloggie.com/keywordtool/index.php and retrieves both daily and monthly searches for
a given keyword on Google. We computed the weekly number
based on the daily data. As a robustness check, we also computed
the weekly numbers based on the monthly data and ﬁnd that it
yields similar results. We used the total number of searches to
compute the click-through rates because we do not have data on
the total number of impressions on natural listings for a given
keyword.

13

The Web crawler performed searches with the exact keyword that
we have in our data to search for the page number and rank of the
organic link of the advertiser that is retrieved by the search engine.

14

The CPC for clicks on organic listing is always zero. We also ran
all the estimations without factoring in the contribution margin of
the different keyword. All our results are robust to the use of gross
margins only.
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Table 1

Summary Statistics of the Data N = 1400

Variable

Mean

Total searches
Paid clicks
Organic clicks
Both clicks
No clicks
Paid conversions
Organic conversions
Cost per click (CPC)
Competitor_Price
Lag_Cost per click
Paid rank
Organic rank
Lag_Paid rank
Lag_Organic rank
Log(Paid proﬁt)
Log(Lag_Paid proﬁt)
Log(Organic proﬁt)
Log (Lag_Organic proﬁt)
Paid click-through rate
Organic click-through rate
Lag_Paid click-through rate
Lag_Organic click-through
rate
Length
Retailer
Brand

5400035
98509
7017
12708
5281802
1574
0095
1211
1165
1224
4301
10860
4574
10860
0762
0652
0251
0265
0066
0028
0061
0025
2363
0188
0656

Std. dev.

Table 2
Min

19250420
7
991143
0
50353
1
125022
0
19185500
0
15680
0
0536
0
0210
1003
0893
0165
020
1001
7208
1
15988
1
7038
1
15988
1
2385 −4859
2163 −4859
1061
0
1022
0
0149
0
0047
0001
0116
0
0042
0001
0870
0391
0475

1
0
0

Results on Search Volume

Max
165,361
33,330
1,355
4,200
165,265
527
12
272
704
272
63
100
63
100
10711
8945
7392
7392
0988
0571
0945
0571
5
1
1

Response estimates

Heterogeneity estimate

Intercept

574
012

371
025

Retailer

145
026

Brand

−023
010

Length

−055
000

Time

0001
0002

Note. Posterior means and posterior standard deviations (in the
parentheses) are reported, and estimates that are signiﬁcant at
95% are in bold in Tables 2–6.

on paid search ads, and vice versa.15 This highlights
that the presence of organic search listings has a positive association with the average click-through rates
in paid search advertisements, and vice versa. We
also ﬁnd that the magnitude of this positive interdependence between paid search and organic search
is asymmetric. On average, the average impact of
15

observations. Table 1 reports the summary statistics.
Not surprisingly, a majority of the keywords have
brand-speciﬁc information (65%), whereas only 18.8%
of the keywords have retailer-speciﬁc information.
Interestingly, we note that the mean click-through
rate was 6.6% and 2.77%, respectively, from paid
and organic searches. The mean conversion rate was
5.71% and 1.67%, respectively, from paid and organic
searches. Finally, note that the mean proﬁt from paid
search advertisements was 3.1 times higher than that
from organic search listings.
4.2. Empirical Findings
First note from Table 2 that all three keywordspeciﬁc characteristics (Retailer, Brand, and Length)
signiﬁcantly predict the search volume. Speciﬁcally,
retailer-speciﬁc keywords are associated with a higher
volume of searches, whereas keywords containing
information on brands (manufacturer or product)
are associated with a lower volume of searches.
Moreover, the volume of searches decreases with an
increase in the length of the keyword, i.e., an increase
in the speciﬁcity of the search.
From Tables 3(a) and 3(b) we see that the average magnitude of interdependence (the parameter )
between paid clicks and organic clicks is positive
and statistically very signiﬁcant. Therefore, a higher
probability (number) of clicks on organic listings is
correlated with a higher probability (number) of clicks

The three characteristics of a keyword (Retailer, Brand, and Length)
are all mean centered, and hence the intercept can be viewed as the
mean effect.
Table 3(a)

Results on Paid Click-Throughs

Intercept

Rank

Retailer

Brand

−0.25
(0.45)

−002
001

−013
032

011 −010 −002
024 013 003

2

Intercept

Rank

 21

Intercept

117
043

001
005

021
009

011
002

001
001



Rank
 21

Table 3(b)

Length

Time

Utility_Organic
098
009

013
003

Results on Organic Click-Throughs

Intercept

Rank

Retailer

Brand

Length

Time

Utility_Paid

−3.58
(0.26)

−006
002

−058
021

029
011

017
005

001
002

028
005



Intercept

Rank

 12

Intercept

069
028

002
001

011
005

004
001

−001
001

Rank
 12

008
001
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organic clicks on increases in the utilities of a paid
click (0.98) is 3.5 times stronger than the average
impact of paid clicks on increases in organic clicks
(0.28). In addition, from Equations (3a)–(3d), we also
computed the individual probabilities pit1 0 , pit0 1 , and
pit1 1 and the lift in probabilities from a one unit
increase in utility based on the empirical estimates
and the summary statistics. We found that one unit
increase in paid utility increases organic click-through
probability by 1.25 times more than vice versa.
As predicted, Rank has an overall negative relationship with CTR in both paid and organic listings as
seen in Table 2. The position of the advertisement
link on the search engine results page clearly plays
an important role in inﬂuencing click-through rates.
This kind of primacy effect has also been seen in
other empirical studies of the online world (Ansari
and Mela 2003, Brynjolfsson et al. 2004, Rutz and
Bucklin 2007, Baye et al. 2009, Ghose and Yang 2009).
Interestingly, the magnitude of the effect of rank
on click-through rates is different for paid searches
from organic searches. The magnitude of the Rank
coefﬁcient is smaller −0 02 for paid searches than
for organic searches −0 06 suggesting that keyword
position on the screen plays a relatively more important role in inﬂuencing clicks in organic search compared to clicks in paid search.
We ﬁnd that neither the presence of a brand name
nor the retailer’s own name in the search keyword
has a statistically signiﬁcant effect on click-through
rates in paid listings. However, in the case of organic
listings we ﬁnd that the coefﬁcient of Brand is positive and signiﬁcant (0.29), whereas that for Retailer
is negative and signiﬁcant −0 58. The coefﬁcient of
Length is signiﬁcantly positive in organic search (0.17),
suggesting that longer keywords that typically represent more goal-oriented searches for speciﬁc products tend to experience higher click-through rates on
organic listings. As shown in Table 2, many of the
estimated variances (unobserved heterogeneity) of the
intercept, the interdependence effect, and the Rank
coefﬁcient are signiﬁcant in both organic and paid
search click-through probabilities. This suggests that
the baseline click-through rates and the way that keyword ranking predicts the click-through rates are different across keywords, driven by factors beyond the
three observed keyword characteristics.
Next, consider Tables 4(a) and 4(b) with ﬁndings
on conversion rates. We ﬁnd that Rank has a negative
relationship with conversion rates from both paid and
organic searches but is statistically signiﬁcant only
for organic listings. This implies that the lower the
Rank (i.e., higher the position of the sponsored listing on the screen), the higher is the Conversion Rate in
organic search. On the other hand, CTR has a positive effect on the Conversion Rate in paid search but a

Table 4(a)

Results on Paid Conversions

Intercept

Rank

CTR

Retailer

Brand

Length

Time

−5.35
(0.33)

−004
005

011
004

076
033

−016
042

−005
011

−002
004



Intercept

Rank

Intercept

387
091

119
033

Rank

Table 4(b)

052
012

Results on Organic Conversions

Intercept

Rank

CTR

Retailer

Brand

Length

Time

−8.49
(0.72)

−019
005

−014
011

−083
081

103
035

−057
038

−006
008



Intercept

Rank

Intercept

136
039

004
007

Rank

014
002

statistically insigniﬁcant effect in organic search conversion rates. Overall, this suggests that there is an
indirect effect of Rank on the conversion probability
for paid search (through its effect on click-through
rate) but a direct effect for organic search. Our analysis also reveals the coefﬁcient of Retailer is positive and signiﬁcant for conversions in paid search
but statistically insigniﬁcant for organic search. As
shown in Tables 4(a) and 4(b), many of the estimated
variances (unobserved heterogeneity) for the intercept and the Rank coefﬁcient are signiﬁcant in both
organic and paid search conversion rates. This suggests that the baseline conversion rates and the way
that keyword ranking predicts the conversion rates
are different across keywords, driven by unobserved
factors beyond the observed characteristics.
The analysis of CPC in Table 5 reveals that Brand
has a statistically signiﬁcant and negative effect
on keyword cost per click. The coefﬁcient of Lag
Paid_Rank is negative and statistically signiﬁcant
whereas that for Lag Organic_Rank is negative but
statistically insigniﬁcant. Similarly, the coefﬁcient of
Lag Proﬁt is statistically signiﬁcant only in the case
of organic search listings. These ﬁndings suggest that
whereas past performance metrics (lagged paid rank
and lagged organic proﬁt) are being incorporated by
the ﬁrm prior to bidding for keywords, it may not be
bidding in an optimal manner. This is further evident
in the negative correlation of the Brand dummy with
CPC. Given that brand-speciﬁc keywords are more
competitive, one would expect this association to be
the other way around.
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Estimates of the Equation of ln(CPC) for Paid Searches

Intercept

Response estimates

Heterogeneity estimate

0162
0009

0047
0021

Table 6

Estimates of the Equation of Log(Rank) for Paid Searches
Response estimates

Intercept

Lag_Paid rank

−0071
0022

CPC

Lag_Organic rank

−0028
0019

Lag_Paid click-through rate

Log(Lag_Paid proﬁt)
Log(Lag_Organic proﬁt)
Retailer

0002
0002
−0003
0001
0001
0001

Brand

−0017
0003

Length

−0004
0006

Competitor_Price
Time

0005
0016
−0001
0001

On the analysis of keyword rank in Table 6, we
ﬁnd that Brand and Retailer have a statistically significant and negative relationship with Rank, suggesting
that keywords that have brand-speciﬁc information or
retailer-speciﬁc information generally tend to be listed
higher up on the screen. Both CPC and Lag CTR are
statistically signiﬁcant and inversely related to Rank
as expected (see, for example, Ghose and Yang 2009).
Furthermore, the effect of maximum bid price across
all competing ﬁrms on Rank is also positive and statistically signiﬁcant, thereby conﬁrming that the extent
of competition from other advertisers plays a key role
in the sponsored search auctions’ outcomes.
Finally, it is worth noting in Table 7 that the unobserved covariance between several variables is statistically signiﬁcant. This suggests that keyword ranking
is endogenous and a ﬁrm’s bids for a given keyword
are likely to be based on the same keyword’s past
performance.
4.3.

Robustness Checks: Alternate Model
Speciﬁcations
To demonstrate the robustness of our main results
using the integrated model, we also explore two alternative model speciﬁcations. In particular, we build
two nonnested models. First, we build and estimate
an autologistic model to examine the sign of the interdependence between paid and organic click-throughs.
Thereafter, we explore the nature of this interdependence to examine if there is some kind of asymmetry in the relationship using a simultaneous-move
game structural model. For brevity, we only provide
a high-level description of the models below. Detailed

Retailer
Brand
Length
Competitor_Price
Time

151
006
−419
027
−018
005
−101
015
−047
013
−013
009
033
008
007
001

Heterogeneity estimate
084
011

descriptions along with the estimates are given in the
electronic companion.
4.3.1. Autologistic Model. The autologistic model
that is used to model the relationship between consumer click-throughs on paid and organic links has
been adopted in the marketing literature (for example, Moon and Russell 2008). The main idea behind
the autologistic model is to allow the click-through
action to be interdependent on each other instead of
the latent utility as in our main model. More specifically, the autologistic model starts with a speciﬁcation on the conditional distribution of one event such
as a click-through on a paid or organic listing. Then
based on the Besag’s (1974) theorem (also known as
Brook’s lemma), this conditional speciﬁcation leads
to a proper and well-deﬁned joint distribution of the
click-through probabilities of paid and organic search,
given that the interdependence effect is symmetric.
The intrinsic utility functions for paid and organic
clicks are a function of the different keyword-level
covariates and other factors that determine potential
beneﬁts to the consumer from a click.
We ﬁnd that the average magnitude of interdependence (the interdependence parameter ) between
paid clicks and organic clicks is signiﬁcantly positive.
Therefore, a higher probability (number) of clicks on
organic listings is correlated with a higher probability
(number) of clicks on paid search ads, and vice versa.
The results of the click-through estimates are given in
Tables A.1(a)–A.1(c) of the electronic companion.
4.3.2. Simultaneous-Move Game Structural Model.
Given the positive interdependence we ﬁnd between
paid and organic clicks in our data using the autologistic speciﬁcation, we further explore the presence
of an asymmetric effect in this relationship by adopting a structural approach (Bresnahan and Reiss 1991).
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Table 7

Cross-Equation Covariance Matrix Estimate

Search volume
Paid_Clicks
Organic_Clicks

Search
volume

Paid_
Clicks

Organic_
Clicks

Paid_
Conversions

Organic_
Conversions

384
031

−109
093
387
024

052
011
133
008
079
004

021
036
067
010
−019
017
041
009

103
035
−046
028
098
021
031
016
403
105

Paid_Conversions
Organic_Conversions
CPC
Paid_Rank

As shown in Bresnahan and Reiss, we need to know
the signs of the interaction effects s to solve for the
equilibrium in this structural modeling approach. For
example, s are assumed to be negative in a discrete
entry game by assuming that competitors’ entry tends
to lower the company’s proﬁt at entry; s are assumed
to be positive in studying social interactions or peer
effects among consumers. As shown in Bresnahan and
Reiss, a violation of this assumption can lead to the
absence of an equilibrium. Given the positive interdependence we ﬁnd between paid and organic clicks
in our data using the autologistic speciﬁcation, we
can explore the existence of an asymmetric interdependence by constraining the interaction effects to be
positive. We use the hierarchical Bayesian method to
estimate this model. As before, we ﬁnd evidence of
a strong asymmetric effect. On average, the effect of
organic search click-throughs on paid ad clicks is 3.1
times the effect of paid ad click-throughs on organic
search clicks. The results of the click-through estimates are given in Tables A.2(a)–A.2(c) of the electronic companion.
We have also run multivariate regressions with
panel data methods such as ﬁxed effect models, random effect models, and Tobit regressions. Those analyses also show a strong positive interdependence
between paid clicks and organic clicks and are thus
very consistent with our current model. The regression model is speciﬁed in the appendix, and the
results are in Table A.3 of the electronic companion.16
16

We ran further robustness checks such as adding (i) a dummy
variable indicating if the organic listing was on the ﬁrst page when
the paid listing was on the ﬁrst page and (ii) another speciﬁcation if
the organic listing of this advertiser appeared more than once in the
ﬁrst 10 pages of Google’s search engine results. We also ran additional robustness tests such as whether the paid listing for a given
keyword appeared on the ﬁrst page of the search engine results

CPC

Paid_Rank

−035
039
042
008
−023
027
−028
004
012
025
0026
0001

063
042
065
019
011
014
039
028
−027
019
−016
004
116
007

4.3.3. Both Interdependence and Independence.
As a robustness check, we also explore an alternative speciﬁcation that incorporates both interdependence ( = 0 and independence ( = 0 in modeling
the paid and organic click-throughs. This is consistent
with modeling structural heterogeneity in the marketing literature. In such a model the probability (likelihood) of one observation yk can be written as
Lk = pL1k yk   = 0 + 1 − pL2k yk   = 0

(13)

In this mixture speciﬁcation, p is the point mass or
probability of following the interdependence model
and 1 − p is the point mass or probability of following the independence model. We estimate this
model, using the Bayesian approach developed in
Yang and Allenby (2000) for dealing with the structural heterogeneity. The qualitative nature of all our
estimates remains the same. More importantly, our
results showed that there is a point mass of 0.972 on
the interdependence model (L1k yk   = 0. This provides strong evidence for conﬁrming the validity of
our original model that incorporates the interdependence speciﬁcation only.
4.3.4. Out-of-Sample Prediction. To demonstrate
the ﬁt of our model, we conduct an out-of-sample
prediction. Based on the mean absolute deviations
(MAD), our results suggest that the proposed simultaneous equation model predicts better than the same
model estimated equation by equation, suggesting
the importance of accounting for the simultaneity. In
addition, we ﬁnd that our proposed model predicts
substantially better than a naïve non-model-based
forecasting approach (i.e., predicting with sample
average), which emphasizes the need for a model.
page when the organic listing was on the ﬁrst page. The qualitative
nature of our main result of positive and asymmetric interdependence between the two forms of listings remains the same in all
these analyses.
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Policy Simulations and Managerial
Implications

We aim to assess how much the advertiser beneﬁts from the simultaneous presence of both paid and
organic search listings. To this end, we ﬁrst need to
infer what the maximum proﬁts for the advertiser
are from both paid and organic search, which in turn
requires that we infer the optimal cost per click for
each keyword based on the empirical estimates from
§4.2. The advertiser can determine the optimal CPC
for each keyword to maximize the expected proﬁt /:
/it = pit1 0 qit1 mit1 +pit0 1 +pit1 1 qit2 mit2 −CPCit 

(14)

In Equation (17), pit is the expected CTR for keyword i at week t and the superscripts indicate clickthrough rates on organic, paid, or both, consistent
with Equation (2). qit is the expected conversion rate
conditional on a click-through, and mit is the expected
gross proﬁt from a conversion that is observed from
our data. Subscripts 1 and 2 in qit and mit indicate organic and paid search, respectively. CPCit is
the actual cost per click paid by the advertiser to
the search engine for a given keyword. pit , qit , and
Rankit are predicted based on Equations (3a)–(3c),
(8a)–(8b), and (10a)–(10b), respectively, using the estimates obtained from the proposed model. Note that
this kind of analysis cannot be done by eyeballing the
summary statistics of the data because it requires us
to ﬁnd the optimal proﬁts of the advertiser based on
imputing the optimal CPC.
We conduct the optimization routine to maximize
the expected proﬁt from each consumer impression
of the advertisement for each keyword in each week,
using the grid search method. Our simulation results
highlight that there is a considerable difference in the
optimal CPC and the actual CPC incurred by the ﬁrm
for a given keyword. Furthermore, there is also a difference between optimal expected proﬁts and actual
proﬁts accruing to the ﬁrm from the current CPC.
These results show that the ﬁrm was not bidding
optimally during the time period of our data. For
the majority of the keywords, we saw evidence of
overbidding by the ﬁrm. Note that a similar ﬁnding
regarding the suboptimal bidding behavior was discussed in Ghose and Yang (2009), who used a similar
data set from the same ﬁrm.
We conduct a counterfactual experiment to infer the
magnitude of the positive interdependence between
organic search and paid search, and vice versa. To
this end, we run the policy simulation in the absence
of the cross-advertising effect  parameter. That
is, we set the cross-advertising effect parameter to
zero and then calculate the optimal CPC and the
expected proﬁt, given the optimal CPC. We ﬁnd that
the expected proﬁt in the presence of the  parameter
is 4.25% higher than that in its absence.

To check for the robustness of these results, we also
did a few simulations that are more speciﬁc. First,
we reran the simulation using a sample consisting of
only retailer-speciﬁc keywords. This is the set of keywords where we expect the advertiser to face the least
amount of competition because only the advertiser is
likely to bid on such keyword ads that prominently
display its name.17 Second, we reran the simulation
using a sample consisting of branded and generic
keywords only. This is the set of keywords where
we expect the advertiser to face the most competition because all ﬁrms selling a similar portfolio of
products are likely to bid for such ads. Indeed, our
data suggest that the CPC for branded and generic
keywords was 2.1 times that of retailer-speciﬁc keywords. Furthermore, the CPC of generic keywords
was 1.2 times that of branded keywords.
Our ﬁndings are consistent with the main result.
Using the “retailer-speciﬁc keywords” only, we ﬁnd
that the expected proﬁt in the presence of the interdependence effect parameter is 6.15% higher than
that in its absence. Using the “generic and branded
keywords,” we ﬁnd that the expected proﬁt in the
presence of the cross-advertising effect parameter is
4.2% higher than that in its absence. Thus, the additional implication we can derive from these experiments is that the positive interdependence is the
strongest in the case of the “least competitive” keywords (retailer-speciﬁc keywords) and weakest in the
case of the “most competitive” keywords (brandspeciﬁc and generic keywords).
We also conducted simulations using different subsamples as robustness checks. Speciﬁcally, we looked
at different ways to consider the cases where the paid
link was not displayed on the ﬁrst page in the event
that this increase in proﬁts was mostly for such links.
Note that Google’s sponsored search auction has no
ﬁxed format for the number of links that appear on
the ﬁrst page for any given search query. Anecdotal
evidence suggests that the number of sponsored links
on the ﬁrst page could vary anywhere between 3 and
10 for a given keyword. Thus in our data we looked
at cases where the rank of the keyword in the paid
search auction was (i) more than 3, (ii) more than 5,
and (iii) more than 10, and we ran the policy simulations separately on these subsamples. We found
that even if the paid link did not appear on the ﬁrst
page, there was an increase in proﬁts from the positive interdependence between paid and organic ranging from 2.6% to 4.2%.
17

We veriﬁed this information from the Search Analytics tool of
http://www.compete.com and found that on an average the total
click-through share of the retailer-speciﬁc keywords belonging to
this advertiser’s direct competitors is only 1.8%. In other words,
almost all referrals to the advertiser’s website stemming from
retailer-speciﬁc keywords originate from the ﬁrm’s own sponsored
advertisement.
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6.

A Field Experiment

Our empirical model and analysis in §4 predicts that
the combined CTR from paid and organic search listings when both these options are available to users is
going to be greater than or equal to the CTR from the
scenario where there are only organic search listings
available. To put it in terms of the model parameters, recall from Equations (3a)–(3d) that the combined
CTR in the presence of the interdependence effect
parameter  is given by pit1 0 + pit0 1 + pit1 1 . This expression is greater than or equal to pit1 0 in the absence of
paid search, depending on the magnitude of searchers
belonging to the pit0 1 and pit1 1 categories who shift
to clicking on organic search links. Furthermore, the
model predicts a positive interdependence between
clicks on paid and organic listings. In this section,
we describe a simple ﬁeld experiment that was conducted to shed further light on these predictions from
the empirical model.
Let 1 be the fraction of users who move from clicking on paid search to natural links when the ﬁrm
pauses sponsoring ads. Intuitively, this shift occurs
because users who would have clicked on paid links
would only have the option of clicking on organic
links when the ﬁrm does not engage in paid search.
Based on the model it is not obvious if all users of
ﬁrm’s paid search ads would migrate to click on its
organic links (1 = 1) or only a fraction of them would
do so (1 < 1). If it turned out that 1 = 1, that would
imply that the combined CTR was the same as the
CTR when only organic listings are available, and one
would question the value to the ﬁrm from engaging in sponsored searches given the costs involved in
paid search advertising. Perhaps even more importantly, if the total revenues in the presence of both
paid and organic search listings are not signiﬁcantly
higher than the revenues when only organic search
listings are present, the potential value from sponsored searches would be rather murky.
A second related question would be to analyze
how the click-through rate in organic listings specifically would change if the advertiser moved from
sponsoring paid searches to turning the ads off. In
other words, we are interested in comparing the clickthrough rate of organic searches in the “both organic
and paid” scenario versus the “only organic” scenario to examine the effect of paid ads on the CTR
of organic listings per se. Our model suggests that
this would be a function of the respective CTR probabilities and the fraction of people who migrate from
clicking on paid ads to clicking on organic listings for
a given keyword.
To be precise, we derive this cutoff in the following way. Recall from Equations (8a)–(8d) that in the
presence of a paid ad, the total probability of clicking on organic listings is pit1 0 + pit1 1 . In the absence of
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paid ads, the total probability of clicking on organic
listings is pit1 0 + 1pit0 1 + pit1 1 . This implies that the
organic CTR will be higher or lower in the absence of
paid search depending on a critical value of 1 given
by pit1 1 /pit0 1 + pit1 1 . Whether this organic CTR would
be higher or lower is therefore an empirical question.
To investigate these two issues, a ﬁeld experiment
was designed that sheds further light on the impact of
the simultaneous presence of paid search and organic
listings on the combined performance from these
two listings. This experiment was conducted over an
eight-week period from mid-March to mid-May in
2007 during which the ﬁrm pulsated between periodically sponsoring some keywords and then halting
the process. Speciﬁcally, a sample of 90 keywords was
randomly selected by the ﬁrm to conduct this experiment. Then the ﬁrm sponsored these keyword ads
for a two-week period on Google and tracked the
results from the organic and paid search advertisements. Then the ﬁrm paused the sponsored advertisements for the next two weeks and tracked only
the results from the organic listings. Then it resumed
sponsoring the same set of keywords again for the
next two weeks and then paused the process for the
remaining two weeks. During these pulsing periods,
the ﬁrm measured both sponsored search and organic
performance using different metrics such as clickthrough rates, conversion rates, and revenues.
Based on the analysis of this ﬁeld experimental
data, we found that when paid search advertising was
active implying that both sponsored and organic listings were available to consumers, the combined CTR
from both of these listings was 5.1% higher than when
paid search advertising was inactive, and only the
organic listings were present (see Figure 1(a)). A two
sample t-test reveals that the difference is statistically
signiﬁcant at the 1% level. It is worth noting that for
a vast majority of the keywords, we found that the
CTR of organic listings in the both organic and paid
scenario was higher than its CTR when paid search
was inactive.
After verifying that paid search keywords provide
additional visitors to the advertiser’s website, it was
important to monitor the quality of trafﬁc driven by
paid search keywords. We ﬁnd that although paid
keywords are running alongside the organic links, the
combined conversion rate is higher than when the
organic links stand alone on the search engine results
page. When paid ads are active, the combined conversion rate from both paid and organic links was 1.53%.
Thus, there is an 11.7% increase in the combined conversion rate when paid and organic links are present
simultaneously relative to when only organic listings
are present (Figure 1(b)). Furthermore, when paid ads
are paused, the conversion rate from organic search
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Plot from the Field Experiment Showing Combined CTR
from Paid and Organic Search in the Periods When Paid
Search Advertising Was On and When Paid Search
Advertising Was Paused

Total CTR from paid and organic search
30.00
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Figure 1(b)
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Plot from the Field Experiment Showing Combined
Conversions from Paid and Organic Search in the Periods
When Paid Search Advertising Was On and When Paid
Search Advertising Was Paused

Total conversion rates from paid and organic search
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Figure 1(c)
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Plot from the Field Experiment Showing Combined
Revenues from Paid and Organic Search in the Periods
When Paid Search Advertising Was On and When Paid
Search Advertising Was Paused
Total revenues from paid and organic search
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Figure 1(a)
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tion of the lost revenue when paid search keywords
were inactive, organic listings alone did not provide
the full value of having both paid and organic search
simultaneously available to users. Through the analysis of these data, we found that when paid search
advertising is active, it drives an additional 54% incremental revenue lift from $435K to $682K in total revenue (Figure 1(c)). A t-test reveals that this difference
increase is statistically signiﬁcant. The substantially
higher increase in combined revenues compared to
the increase in combined click-through and conversion rates suggests that users tend to buy a greater
number of products or buy higher-value items when
paid search is active. This highlights the strong business potential of paid search.
To further evaluate the consistency of results
between the ﬁeld experiment and the estimated
model, we conduct some panel data analysis using the
speciﬁc sample of keywords for the duration for which
the experiment was run with paid search advertisements on. We regress paid click-through rates against
organic click-through rates after controlling for the
Rank of the keyword in paid search, and vice versa.
In particular, we estimate ordinary least-squares (OLS)
regressions with keyword-level ﬁxed effects. We also
estimate the same regressions with keyword-level random effects and ﬁnd that the estimates are very similar
in magnitude and direction. These regressions predict
that paid click-through has a statistically signiﬁcant
and positive relationship with organic click-through,
and vice versa. In addition, the effect is also asymmetric. Based on the magnitude of the coefﬁcients, we
ﬁnd that the effect of organic click-through on paid
click-through is signiﬁcantly higher than the effect of
paid click-through on organic click-through. Note that
this is consistent with our ﬁnding from the econometric model, including the alternate ones conducted for
robustness purposes.

7.
1

2

$682,126.97

$435,301.77

was 1.37%. It is worth noting that, for a vast majority of the keywords, the conversion rate of organic
listings in the both organic and paid scenario was
higher than its conversion rate when paid search was
inactive.
With respect to revenues, we observed peaks and
valleys in performance as and when the paid ads
were pulsed. Because the ﬁrm tracked revenues from
paid and organic searches separately, we were able to
verify that although organic keywords made up a por-

Discussion, Implications, and
Limitations

We build a model that integrates consumer searches
and their reactions to the organic listings and sponsored ads associated with these searches with the
advertiser’s decision on cost per click and the search
engine’s decision on keyword ranks. Our goal is to
estimate the interdependence between organic and
paid ads. The model is general and can be directly
applied to many Internet ﬁrms who sell their products on the Internet and advertise their products via
search engines. Our data are also unique and carefully screened to prevent any possible concerns from
the use of aggregate-level data.18
18

As mentioned in §4, these features in the data include the use of
“exact match” to display ads and the use of a sample with very
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We show that the presence of organic listings is
associated with a higher probability of click-throughs
on paid ads, and vice versa. This suggests that
ﬁrms, which tend to rank highly in organic search,
are more likely to beneﬁt from sponsored search
advertising. In this regard, our ﬁnding that paid
and organic listings have a positive interdependence
on each other’s click-through rates underscores that
both search engine optimization (SEO) and search
engine marketing (SEM)—along with other marketing channels—have a place in online customer acquisition campaigns. Thus, these results can have useful
implications for a ﬁrm’s marketing mix strategies. This
empirical ﬁnding is consistent with claims in the trade
press that more people will visit a website if it is
listed in both paid and organic listings because there
is a “second opinion effect.” This happens because
searchers are encouraged by the fact that a website
is listed in both the organic and paid listings leading
to higher click-through rates.19 Another reason could
be related to the quality of the link and the resultant consumer satisfaction from a click on each type
of link. This is possible because the landing pages
associated with a keyword might be different for
organic and paid links, and the right landing page on
the organic listing could be strategically decided by
the search engine. In a game-theoretic model, Taylor
(2009) shows that by adjusting the quality of organic
links and thereby affecting the level of consumer satisfaction from clicking on a link, search engines can
induce consumers to click on both organic and paid
links, leading to a positive interdependence between
organic and paid listings. White (2008) also explores
the costs and beneﬁts to a search engine of providing
Internet users with high-quality organic search results
in addition to showing them paid advertisements and
discusses similar effects on user behavior.
Furthermore, we ﬁnd that the relationship is asymmetric such that the impact of organic clicks on an
increase in utility from paid clicks is on an average 3.5 times stronger than vice versa. From a search
engine’s perspective, this positive and asymmetric
interdependence between paid and organic listings
also implies that the top-ranking websites in organic
search are likely to get a higher number of clicks in
paid search as well. Because advertisers pay search
engines on a per-click basis, this has implications
for search engines’ revenues. Indeed, there may be
a moral hazard problem here as search engines may
have an incentive to manipulate rankings in organic
search and selectively present those ﬁrms on the
little variation in the number of competitors for a given keyword.
These features reduce the variation in ranks within a given day and
thereby allow us to gain precise estimates using aggregate data.
19

See Hartzer (2005).
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top in organic search that experience higher clickthrough rates in paid search. Search engines claim
there is no direct linkage between sponsoring ads
and organic ranking, but trade press reports speculate that there could be perverse incentives for search
engines.20 Google creates algorithms that generate
organic search results based on indexing criteria such
as relevance, PageRank, and the presence of usergenerated content (UGC). Even though sponsored ads
do not count towards the link popularity of an advertiser in the organic listings, there are other ways
to tie together paid ads and organic listings. For
example, Google has begun to serve organic search
results based on user proﬁles in its recently developed personalized search results. Websites that users
have already visited will usually rank higher on subsequent queries if users have that feature enabled.
A potential implication is that a ﬁrm might pay to
have a paid listing for the most generic of terms
because a click on a paid ad helps it rank higher
on the organic listings in subsequent searches as the
user gets closer to the purchase. Thus, there could be
deleterious effects of interactions between paid and
organic listings. Another example of an intricate relationship between paid and organic listings is through
UGC. Whereas Google ranks landing pages with UGC
higher in its organic search, the presence of UGC can
also increase the landing page quality scores. This
highlights the importance of having UGC on websites
for improving rankings in both paid and organic listings. On the other hand, selective presentation of paid
links or organic links could also improve consumer
utility by reducing the cognitive costs associated with
evaluating different alternatives. This has been shown
by prior research on information gatekeepers like
shopbots (Montgomery et al. 2004) whose infrastructure for paid placement of retailers (pay per click) is
very similar to that of search engines. This calls attention for the need for designing newer mechanisms
that can preserve the integrity of organic search rankings while still increasing user welfare during search.
In most search-based advertising services, a company sets a daily budget, selects a set of keywords,
determines a bid price for each keyword, and designates an ad associated with each selected keyword. With millions of available keywords and a
highly uncertain click-through rate associated with
20

Google’s ofﬁcial claim is that “it is very important to note that
there is absolutely no connection between being an AdWords
advertiser, and having your site appear in the unpaid search results.
One does not affect the other in any way. To put it another
way, being an AdWords advertiser will neither help nor harm
your chances of appearing on the ‘organic’ search engine” (Search
Engine Roundtable 2007). White (2008) also highlights that despite
the regulatory eyebrows Google has been raising, there is remarkable silence over the incentives to manipulate the organic listings.
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the ad for each keyword, identifying the most profitable set of keywords given the daily budget constraint often becomes challenging for ﬁrms wishing
to promote their goods and services via search-based
advertising (Rusmevichientong and Williamson 2006).
The analysis of keyword covariates on average clickthrough rates and conversion rates can provide some
guidance to practitioners on the proﬁtability of choosing different keywords. Indeed, such techniques could
nicely follow the broader keyword selection techniques based on popularity and economic impact
of occurrence of keywords in user-generated content sites such as product review forums and blogs
(Archak et al. 2007, Dhar and Ghose 2009).
Our estimates also suggest that ﬁrms may not be
bidding optimally based on the relationship between
cost per click and different keyword attributes, consistent with the ﬁndings of Ghose and Yang (2009). This
can provide additional managerial implications for
ﬁrms engaging in paid search advertising. Based on
an optimization algorithm that imputed the expected
proﬁts based on the optimal CPC for each keyword
for the advertiser, we ﬁnd that as a result of the
positive interdependence, the ﬁrm’s proﬁts in the
simultaneous presence of paid and organic search
listings is 4.5% higher compared with the scenario
when there are either only paid advertisements or
organic search listings. Furthermore, we ﬁnd that the
positive interdependence is the strongest in the case
of the “least competitive” keywords (retailer-speciﬁc
keywords) and weakest in the case of the “most
competitive” keywords (brand-speciﬁc and generic
keywords). Therefore, the proposed parsimonious
modeling framework can help advertisers make better decisions about investments in sponsored search
in the presence of organic listings in search engines.
Finally, we describe a ﬁeld experiment that shows
that total revenues and combined conversion rates
in the presence of both paid and organic listings are
higher compared to when only organic listings are
present. By examining the CTR, conversion rates, and
total revenues, this experiment further corroborates
the beneﬁcial effect of the simultaneous presence of
organic and paid listings to advertisers. For many
keywords, the click-through rate in organic listings is
higher when paid and organic listings are simultaneously available compared to when the ﬁrm does not
sponsor keyword ads. Furthermore, the overall effect
on combined click-through rates, conversion rates,
and revenues is signiﬁcantly positive. From a managerial standpoint, what makes matters a little more
subtle is that the conversion rates are higher on the
paid listings. This is true both in the empirical analyses as well as in the ﬁeld experiment. It is possible
that users are self-selecting: searchers who are more
likely to convert are more likely to click on the paid
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listing. It is somewhat intuitive that people who are
less likely to convert (information seekers, consumers
early in the purchase process, or those with other
noncommercial goals) are going to lean more toward
clicking on organic listings rather than paid listings.
This would naturally lead to a higher conversion rate
via paid ads. It is also possible that the sponsored
ads are written better to grab more targeted trafﬁc
and send users to better landing pages than organic
listings.
Our results have some implications on how advertisers should invest in SEO, in which ﬁrms try to
improve their ranking in organic search by ﬁne tuning their landing pages versus SEM, in which ﬁrms
try to improve their performance in paid search auctions. This can be important because many advertisers engage in both kinds of activity. Our data reveal
that the conversion rate is signiﬁcantly higher in paid
search than in organic listings. This underscores the
importance of securing a higher rank and designing effective landing pages by advertisers. On the
other hand, our analysis suggests that most of the
keyword-level characteristics have a stronger impact
on the performance of organic search than paid
search. For a well-rounded and effective search marketing campaign that reaches the greatest number of
searchers, marketers should blend both organic and
paid listings, capitalizing on the positive interdependence in clicks between them. These results could
shed light on understanding how ﬁrms should invest
in search engine advertising campaigns relative to
search engine optimization and the proportion of the
advertisement budget allocated to search advertising.
This paper has many important limitations that
suggest that these results might best be viewed as
starting points for further research. Some of the
limitations have to do with the lack of information
in our data. For example, we do not have data on
competition—that is, we do not have information on
the competitors of the speciﬁc ﬁrm whose data we
have used in this paper. Hence, we are not able to
control for the impact of the number of ads displayed
in response to a single search query while estimating the relationship between paid and organic links.
Although we use the maximum of the competitors’
bid prices as the proxy for the level of competition
for a given keyword, it is possible that we are overestimating the extent of interdependence for highly
competitive ads. That said, the ﬁrm providing us the
data for this study had conﬁrmed that there was very
little variation in the number of competitors for a
given keyword across the time period of our data
for the majority of the keywords. Nevertheless, future
research could use richer data sets to address this
issue.
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We do not know whether the same consumer
clicked multiple times on a given listing (for example,
by using the browser’s back button to go back to the
search engine results page from the advertiser’s page)
or whether they clicked only once on each of these
listings within a given search session. Knowledge of
this issue can motivate another empirical framework
that incorporates an incidence and count model to
describe this phenomenon.
Another key limitation of our ﬁeld experiment is
that we are unable to control the presence of organic
listings for a given keyword. It would be interesting
to observe what happens to clicks and conversions
on paid ads when organic search listings are absent,
although such an experiment is only possible with the
explicit cooperation of the search engine or by carefully designed laboratory experiments with human
subjects.
An important avenue for future research is to
investigate the impact of consumer heterogeneity in
search advertising by adopting methods from recent
methodological advances in Bayesian modeling (Rossi
and Allenby 2003, Chen and Yang 2007, Musalem
et al. 2009). We did not model this because our proposed model based on aggregate data is already very
complicated because of the simultaneous and nonrecursive nature of the model. Future research could use
individual consumer-level data from multiple advertisers as opposed to one advertiser to model the
impact of consumer heterogeneity.
Future research could also examine data on the textual content in the copy of the ad (ad creative) corresponding to the different keywords to examine how
textual content affects the results identiﬁed in this
paper. This can be done using recent advances in text
mining methods for quantifying the economic impact
of textual content (Archak et al. 2007), although some
anecdotal evidence suggests that the presence of the
keyword in the title of the ad is more important than
that in the ad copy in inﬂuencing clicks (Marketing Experiments 2005). Notwithstanding these limitations, we hope that this study will generate further
interest in exploring this important emerging area in
marketing.

8.

Electronic Companion

An electronic companion to this paper is available as
part of the online version that can be found at http://
mktsci.pubs.informs.org/.
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Appendix. The MCMC Algorithm

We ran the MCMC chain for 40,000 iterations and used
the last 20,000 iterations to compute the mean and standard deviation of the posterior distribution of the model
parameters.
1. Draw it = it1 it2  .
As speciﬁed, the likelihood function of the number of
clicks is

l Nit1

0

Nit0

1

Nit1

1

Nit0

1 0

0



0 1

1 1

0 0

∝ pit1 0 Nit pit0 1 Nit pit1 1 Nit pit0 0 Nit

The probabilities of the four actions (based on whether to
click on a paid listing, and whether to click on an organic
listing) conditional on the latent utilities s, are as follows:
pit1 0 =

1
expit1 
·
1 + expit1  1 + expit2 

pit0 1 =

expit2 
1
·
1 + expit1  1 + expit2 

pit1 1 =

expit1 
expit2 
·
1 + expit1  1 + expit2 

pit0 0 =

1
1
·
1 + expit1  1 + expit2 

its = mits + its

s=1 2

mit1 = i11 + i12 Rank it1 + 11 Retaileri + 12 Brandi
+ 13 Lengthi + 14 Timeit + i12 it2
mit2 = i21 + i22 Rank it2 + 21 Retaileri + 22 Brandi
+ 23 Lengthi + 24 Timeit + i21 it1
where it1 and it2 are predicted utilities from the reducedform model on click throughs, generated in a separate
MCMC chain in parallel to this algorithm. More speciﬁcally, the reduced form of our click-through model can be
written as
it1 = f xit i1 1  + 5it1
it2 = f xit i2 2  + 5it2
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where


xit = intercept Rank it1 Rank it2 Retaileri Brandi
Lengthi Timeit



Then

7. Draw ¯ 2 similar to Step 6.
8. Draw 1 = 11 12 13 14  .
Let us denote d and eit as the variance and mean of it1 ,
conditional on the values of it2 and D.
Let wit = it1 −i11 −i12 Rank it1 −i12 it2 −eit = 1 xit +it1 ,
where

it1 = f xit ˆ i1 ˆ1 

xit = Retaileri Brandi Lengthi Timeit 

it2 = f xit ˆ i2 ˆ2 

1 ∼ MVNA B

This approach follows the econometric literature for estimating similar models with endogenous regressors (Nelson
and Olsen 1978, Maddala 1983, Bajari et al. 2006). The standard identiﬁcation condition applies, that is, the predictors
of mit1 are not exactly the same as the predictors of mit2 .
This condition for identiﬁcation is met in our empirical context because rank on the paid listings is different from the
rank on the organic listings for the same keyword in a given
time period.
Let us denote D and Eit as the conditional covariance
matrix and mean vector of (it1 it2  , respectively, conditioning on values of it it1 it2 %it )it  and *. We use
Metropolis–Hastings algorithm with a random walk chain
to generate draws of it = it1 it2  (see Chib and Greenp
berg 1995, p. 330, method 1). Let it denote the previous
n
draw, and then the next draw it is given by

−1
B = −1
0 + x x/d

n
it

p
= it

+8

with the accepting probability  given by


n
n
n
exp−1/2it −mit −Eit  D−1 it −mit −Eit lit 
1
min
p
p
p
exp−1/2it −mit −Eit  D−1 it −mit −Eit lit 
8 is a draw from multivariate Normal 0 0 05I, where I is
the identity matrix.
2. Draw i1 = i11 i12 i12  .
Let us denote d and eit as the variance and mean of it1 ,
conditional on the values of it2 and D.


wit = it1 − 11 Retaileri +12 Brandi +13 Lengthi +14 Timeit −eit
= i1 xit +it1

where
xit = 1 Rank it1 it2 
i1 ∼ MVNAi Bi >

 −1

Ai = Bi 1
 −1

Bi = 1
3. Draw
4. Draw

1

∼ IW


i

Q0 = 10I

−1

q0 = 10>





i

0 = 100I

uit1 = ūit1 + it1
ūit1 = ci11 + ci12 Rank it1 + 11 CTRit1 + 12 Retaileri
+ 13 Brandi + 14 Lengthi + 15 Timeit
The likelihood function is
lMit1  Nit1

0

Nit0

1

Nit1

1

1 0

1

Nit0 0  ∝ qit1 Mit 1 − qit1 Nit

qit1 =

+Nit1 1 −Mit1

expuit1 
1 + expuit1 

We use Metropolis–Hastings algorithm with a random walk
chain to generate these draws (see Chib and Greenberg
p
1995, p. 330, method 1). Let uit1 denote the previous draw,
n
and then the next draw uit1 is given by
p

n

uit1 = uit1 + 8
with the accepting probability  given by

min

n



n

exp−1/2uit1 − ūit1 2 luit1 
p

p

exp−1/2uit1 − ūit1 2 luit1 

1

8 is a draw from Normal0 0 0025.
11. Draw uit2 similar to Step 10.
12. Draw ci1 = ci11 ci12  .
Let us denote d and eij as the variance and mean of it1 ,
conditional on the values of it1 it2 it1 %it )it  and *.

wit = uit1 − 11 CTRit1 + 12 Retaileri + 13 Brandi

+ 14 Lengthi + 15 Timeit − eit
= ci1 xit + it1

xit = 1 Rank it1 

N = no. of keywords

and

and

9. Draw 2 = 21 22 23 24  similar to Step 8.
10. Draw uit1 .

similar to Step 2.

5. Draw 2 similar to Step 4.
6. Draw ¯ 1 .

¯ 1 ∼ MVNA B> A = i1 /N

¯ 1 = 0

where

i1 − ¯ 1 i1 − ¯ 1  + Q0 N + q0

and

and

+ xi xi /d

i2 = i21 i22 i21 

1 .


¯ 1 + xi wi /d−1

A = B−1
¯ 1 + x w/d−1
0 

ci1 ∼ MVNAi Bi 

and

Bi = c1 −1 + xi xi /d−1
13. Draw ci2 = ci21 ci22  similar to Step 12.
14. Draw c1 .



ci1 − c̄1 ci1 − c̄1  + Q0 N + q0
c1 ∼ IW
i



B = 1 /N

Ai = Bi c1 −1 c̄1 + xi wi /d−1

Q0 = 10I

and

q0 = 10

N = no. of keywords
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15. Draw c2 similar to Step 14.
16. Draw c̄1 .

A = ci1 /N
c̄1 ∼ MVNA B

30.
31.
32.
Let

B = c1 /N

and

i

17. Draw c̄2 similar to Step 16.
18. Draw 1 = 11 12 13 14 15  .
Let wit = uit1 − ci11 − ci12 Rank it1 = 1 xit + it1 , where xij =
CTRij1 Retaileri Brandi Lengthi Timeij .

−1
B = −1
0 + x x/d

¯ 1 = 0
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2 Rank i t−1 2 +
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9 Timeit



−eit

= i xit +%it
where xit = 1. Let us denote d and eij as the variance and
mean of %it , conditional on the values of it1 it2 it1
it2 )it  and *.
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¯
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and
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2
 /N
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2
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24.
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