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The authors study consumers’ click behavior on organic and
sponsored links after a keyword search on an Internet search engine.
Using a data set of individual-level click activity after keyword searches
from a leading search engine in Korea, the authors find that consumers’
click activity after a keyword search is low and heavily concentrated on
the organic list. However, searches of less popular keywords (i.e.,
keywords with lower search volume) are associated with more clicks per
search and a larger fraction of sponsored clicks. This indicates that,
compared with more popular keywords, consumers who search for less
popular keywords expend more effort in their search for information and
are closer to a purchase, which makes them more targetable for
sponsored search advertising.
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Consumer Click Behavior at a Search
Engine: The Role of Keyword Popularity

Consumers use online search engines as tools to search
for information on the World Wide Web. Examples of popu-
lar search engines include Google, Yahoo, and Bing in many
countries worldwide; Yandex in Russia; Baidu in China; and
Daum and Naver in Korea. When a user searches using a
keyword on a search engine, he or she is typically presented
with two lists of search results of web pages relevant to the
search query: a list of “organic” results and a list of “spon-
sored” results.! The search engine determines the organic
results by finding web pages relevant to the search query,

IThroughout the article, we use “keyword,” “query,” “search query,”
“search phrase,” and so on, interchangeably. A “keyword” may be a phrase
with more than one word in it.
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typically information-based web pages. The sponsored links
are determined using online auctions in which advertisers
bid to be placed in response to queries by consumers and
therefore are more commercial. This type of advertising is
called “sponsored search” or “paid search” advertising.

When presented with lists of organic and sponsored links
in response to their search queries, how do consumers
respond in terms of clicks on both types of links? How does
click behavior on the two lists vary across keywords? Are
there systematic patterns in variations across keywords?
Which keyword characteristics can help inform these pat-
terns? What is the pattern of heterogeneity across searches
by consumers, and how can this heterogeneity be
explained? Because Internet users depend heavily on search
engines to find information on the Web, it is crucial for
advertising firms, researchers, and search engine companies
to obtain answers to these questions.

The commercial success of sponsored search advertising
in the past decade has motivated a significant body of work
studying its different aspects (e.g., Agarwal, Hosanagar, and
Smith 2011, 2012; Amaldoss, Jerath, and Sayedi 2014;
Chan and Park 2014; Edelman, Ostrovsky, and Schwarz
2007; Ghose and Yang 2009; Goldfarb and Tucker 2011;
Jerath et al. 2011; Jerath and Sayedi 2012; Joo et al. 2014;
Katona and Sarvary 2010; Rutz and Bucklin 2011; Sayedi,
Jerath, and Srinivasan 2014; Varian 2007; Yang and Ghose
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2010; Yao and Mela 2011). This literature stream has pri-
marily focused on which keywords advertisers should bid
on, what their bidding strategies should be, and how adver-
tisers can improve the performance (in terms of click-
through and conversion rates) of their sponsored advertise-
ments. Yang and Ghose (2010) and Agarwal, Hosanagar,
and Smith (2012) empirically study how the presence of an
advertising firm’s own link and competitors’ links in the
organic listing influence click and conversion behavior for
the focal firm’s sponsored ads, and vice versa. Broadly
speaking, both studies find complementarities between
click-through rates on firms’ organic and sponsored links.
Existing studies, however, use data from a single advertis-
ing firm and therefore lack data on clicks on sponsored and
organic links of other entities on the search results page. In
other words, they do not have sufficient data to present a
comprehensive picture of user activity on the search results
page. In this study, we use data obtained from a search
engine and have information on clicks on the full lists of
sponsored and organic links presented after a keyword
search. Using these data, we are able to paint a more com-
plete picture of user activity on the search results page.

We analyze data on approximately 1.63 million keyword
searches over a one-month period for 120 keywords. We
model the click counts on both the organic and the spon-
sored lists, incorporating both observed and unobserved
heterogeneity at both the keyword level and the search
instance level. We ask the key question: Which keyword
characteristics serve as good indicators of consumer
response after a keyword search?

Previous studies have typically studied keyword charac-
teristics such as whether the search phrase includes the
name of a brand or a retailer, the length of the search phrase,
and so on (e.g., Agarwal, Hosanagar, and Smith 2011;
Ghose and Yang 2009; Rutz and Bucklin 2011; Rutz, Buck-
lin, and Sonnier 2012; Rutz and Trusov 2011; Rutz, Trusov,
and Bucklin 2011; Yang and Ghose 2010). Other studies
(e.g., Rutz, Bucklin, and Sonnier 2012) have examined the
semantic characteristics of the search phrase, whereby the
semantic characteristics are determined using managerial
knowledge of the business domain. Such keyword charac-
teristics are inherent to the keyword searched (i.e., they can
be directly determined from the keyword). The aforemen-
tioned studies find these characteristics to be correlated with
click and conversion behavior. In our study, in addition to
aforementioned keyword characteristics, we include a
measure of the popularity of a keyword. Keyword popular-
ity is a fundamentally different type of characteristic from
those used in previous research because it cannot be deter-
mined by inspecting the keyword itself; rather, it depends
on how many search engine users searched for the focal
keyword relative to other keywords.

Our novel finding is that keyword popularity is a key
determinant of consumer click behavior after a keyword
search. Specifically, on average, both the number of clicks
per search and the share of sponsored clicks are larger for
less popular keywords than for more popular keywords.
Furthermore, we find that consumers can be classified into
segments on the basis of their click patterns, which can be
interpreted as corresponding to different stages of consumer
involvement with the topic they are searching about or the
product they want to purchase. Specifically, we find that
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lower-involvement consumers search more for popular key-
words, whereas higher-involvement consumers search more
for less popular keywords. This finding is consistent with
the “purchase funnel” theory of consumer purchasing
(Howard and Sheth 1969) and also resonates with the
results in Moe (2003), who shows that different consumers
conduct online activity in different stages of the purchase
process.

We organize the rest of this article as follows: In the next
section, we provide an overview of our data. Following this,
we develop and estimate our formal model and discuss the
results and insights we obtain. We conclude with a discus-
sion of the implications of our research and directions for
further research. We provide additional details and analyses
in the Web Appendix.

DATA OVERVIEW

We obtained a data set of individual-level consumer click
activity after keyword searches from a leading search
engine firm in Korea. Subsequent to a keyword search, we
observe which sponsored ads are displayed in response to
the consumer’s search query and which sponsored ads and
organic links the user clicked. We do not have information
on the full list of organic links displayed to the consumer;
however, we do have data on how many organic links the
user clicked.

The page layout used by the Korean search engine is
similar to the layout used by popular U.S. search engines
such as Google, Yahoo, and Bing. In response to a keyword
search, a list of sponsored ads is placed at the top of the
results page, with a maximum of five ads displayed. A list of
organic links appears below the list of sponsored links. This
layout is similar to the layout of popular U.S. search
engines, which display several (typically, up to three) spon-
sored links on the top of the results page, followed by
organic links, with the remaining sponsored links (if any) on
the right-hand side of the page. The organic links on the
Korean search engine are typically grouped according to the
source of the content (e.g., news, blogs, images, videos),
which is similar to the practice followed by U.S. search
engines. Given the similarities in page layout across search
engines, the insights we obtain from our analysis can shed
light to a large extent on user click behavior on other search
engines as well.

The search engine provided us data on search and click
activity for 1,200 keywords over the one-month period
(specifically, 28 days) of February 2011. The search engine
chose and provided us the keywords considered in this
research, which represent products and services for which
the search engine expects consumers to be relatively active;
therefore, firms also advertise on these keywords. Given
keywords that pass this criterion, the search engine provided
keywords to ensure significant variation in keyword search
volume. Note that a “keyword” used in a query may be a
single word or a phrase of a few words. The total number of
search instances for 1,200 keywords add up to more than 30
million. This is a prohibitively large data set given the com-
plexity of estimation of the model we use. Therefore, for our
research, we sample 120 keywords from the 1,200 keywords
uniformly at random. An assessment using exploratory
methods indicated that the data set with the 120 sampled
keywords is representative of the full data set with 1,200
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keywords. We ensure that there is exactly one (randomly
chosen) search instance per unique IP address in the data,
which guarantees, with high certainty, that no more than one
search instance per person is included in the estimation data.
Because we focus on a cross-sectional analysis rather than
on individual-level behavior across search instances, this is
an appropriate data structure.

We list the 120 keywords, along with their search vol-
umes (after processing the data as described previously), in
Section I of the Web Appendix. This new data set contains
1,631,336 total searches across the 120 keywords. On aver-
age, there are 13,595 search queries per keyword, ranging
from a minimum of 1,241 to a maximum of 278,458 search
queries. An average of 4.39 ads are displayed per search,
with a relatively low standard deviation of 1.21.

MODEL DEVELOPMENT

Our objective is to model the number of clicks by a user
on the organic and sponsored lists that he or she is presented
with after a keyword search. Each search instance is associ-
ated with a user. To enable users in different search
instances to have different click behavior, we allow for
search instance—level heterogeneity. As we discussed previ-
ously, our data structure practically ensures that we do not
have consumers in the data who conduct multiple searches.
Therefore, although we can account for unobserved search
instance—level heterogeneity in our model, we refrain from
making inferences about consumers at the individual level.
For expositional ease, we use “consumer” and “search
instance” interchangeably.

We posit that consumers who search the keywords are
from several latent segments (Kamakura and Russell 1989);
this approach allows for different behaviors on both the over-
all click propensity and the propensity to click sponsored or
organic links. We assume that, for keyword k, the segment s
for search instance i in which keyword k is searched is a
random draw from a multinomial distribution with proba-
bilities given by the vector my = (my |, ..., Ty ), Where m g
is the probability of keyword k being in segment s, and
2§= 17 s = 1. Note that this probability vector is specific to
each keyword because we account for the possibility that
different keywords attract consumers from different seg-
ments in different proportions. Furthermore, the same key-
word may belong to different segments in the context of dif-
ferent search instances.

Let yy; € Z - ( denote the total number of links clicked by
consumer i after searching keyword k (including clicks on
both sponsored and organic links). We assume that y,; fol-
lows a Poisson distribution with rate parameter Ay; . Next,
we assume that for each click, there is probability py; ¢ that
the click will be on a sponsored link (i.e., we assume a
Bernoulli process with parameter py; ). The subscripts “ki,
s” for A and p indicate that these are consumer i’s mean
propensities for keyword k given that she belongs to seg-
ment s when conducting this search. We model A; ; and py; ¢
as follows:

(D) In(hyi,s) = B?(L,s +Bhop x In(Popular, ) + Bx X, +B%Z;, and

(2) logit(py;. s) = Bﬁ‘s + BPop X In(Populary) + & X, + B Z;.
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In Equations 1 and 2, Populary is a measure of the popu-
larity of keyword k and is defined as the rank of keyword k
on the basis of the search query volume during the data
period, with the most-searched keyword ranked at the top as
1. Therefore, a larger value of Populary indicates that the
keyword is less popular.2 X is a vector of keyword-specific
covariates. Through X;, we include three important
observed keyword-specific characteristics: (1) Retailer;, —
whether the keyword has retailer-specific information (i.e.,
whether a seller/retailer name appears in the query); (2)
Brand — whether the keyword has brand-specific informa-
tion (i.e., whether a brand name appears in the query); and
(3) Lengthy —the length (number of words) of the search
phrase. Table A1 in Section II of the Web Appendix reports
the descriptive statistics of the keyword popularity measure
and the three keyword characteristics. We employ these
keyword-specific covariates to control for observed hetero-
geneity across keywords. Z; includes covariates specific to
the instance of the search by consumer i. We incorporate
two covariates here. First, we include Num_Sponsored;,
which denotes the number of sponsored links displayed
after the keyword search is conducted (the number of avail-
able sponsored links can be expected to influence the num-
ber of sponsored links clicked and, therefore, the overall
number of clicks as well). Second, we include Weekend;,
which denotes a weekend indicator to account for day-of-
the-week effect.3

Wlth respect to the parameters in Equation 1, the parame-
ter Bk s represents the baseline click propensity for a con-
sumer in latent segment s after searching keyword k. ﬁk 1
a keyword—segment-specific intercept that captures hetero—
geneity across consumers in different segments in their ten-
dency to cllck after searching a particular keyword. The
parameter Bpop indicates how click propen51ty changes as a
function of the keyword popularity: if Bpop is negative, the
average number of clicks (per search) is greater for more
popular (higher search volume) keywords, whereas if BPOP
is positive, the average number of chcks (per search) is
lesser for more popular keywords. [SX is a vector of three
coefficients measuring the impact of Retailer;, Brand,, and
Lengthy, respectively, on the propensity to click. [372‘ isavec-
tor of two coefficients measuring the impact of Num_Spon-
sored; and Weekend;, respectively, on the propensity to
click. In Equation 2, the P parameters play the same roles
as described for the corresponding [3?‘ parameters except that
the effect is on the probability of clicking a sponsored link.

We adopt a hierarchical Bayesian framework and assume
that the keyword—segment-specific intercepts for click and
sponsored propensity for each keyword—segment pair are
random draws from segment-specific normal distributions
given by the following equation:

NN[BS,(GE)Z},

2We note two points here: (1) for the 120 sampled keywords, we con-
tinue to use the ranks according to the entire set of 1,200 keywords, and (2)
using keyword search volume directly instead of the rank yields qualita-
tively similar results. We use the rank of a keyword as the observed popu-
larity measure because this is a direct indicator of relative popularity.

3We do not have data on individual-level demographics (e.g., age,
income, sex).

3  BL,~N [B?,(GQ)Q} and B |
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where BS and PP are the respective segment-level means and
(og )2 and (oP)2 are the respective segment-level variances.
We note that for keyword k, except for the baseline parame-
ters (i.e. Bk s and Bk ), Which are segment specific, we
assume all parameters to be population specific to maintain
simplicity of interpretation of the results.

In summary, click behavior on the search results page is
governed by two components of the model: the overall
propensity to click and the likelihood to search for informa-
tion in the sponsored versus organic listings. Furthermore,
the model accounts for (1) observed heterogeneity in key-
words (through keyword popularity and other keyword
characteristics), (2) observed heterogeneity in consumers
(through characteristics of the search instances), and (3)
unobserved heterogeneity among consumers (through latent
segments).

ESTIMATION AND RESULTS
Estimation and Model Fit

We have a total of 1,631,336 search instances for the 120
keywords we consider. To allow for a shorter estimation
time, we randomly sample 20% of the consumer searches
from the sample; this 20% subsample contains 326,080
search instances. As Table A2 in Section II of the Web
Appendix shows, the values of key summary statistics
between the full data of the 120 chosen keywords and the
20% sample are very close.

We adopt a Bayesian approach and use the Markov chain
Monte Carlo (MCMC) method to estimate our proposed
model. Section III in the Web Appendix provides the details
of the MCMC procedure. We draw samples from the poste-
rior distribution of 40,000 iterations from two independent
MCMC chains following a burn-in of 40,000 iterations.

We estimate the model with different numbers of con-
sumer segments, ranging from one to six. We report the log-
marginal density (LMD) for the models with different num-
bers of consumer segments in Table 1, which shows that as
the number of consumer segments increases from one to
four, LMD increases significantly; after four segments,
however, LMD practically levels off. On examining the
mean absolute error (MAE) in predicted total number of
clicks for the models with four, five, and six segments, we
find that the MAE has the value of 1.28 for these three mod-
els. In other words, increasing the number of segments from
four to six leads to a very small increase in LMD and does
not improve MAE. We conclude that the model with four
segments is appropriate, and we therefore focus on this
model hereinafter. (The results with five or six segments are
qualitatively the same.)

As an additional measure of the accuracy of the model with
four segments, we calculate, for each keyword, the expected

Table 1
LMD FOR DIFFERENT NUMBERS OF LATENT SEGMENTS

Number of Segments LMD

1 -525,573.0
2 —494.724.7
3 -491,879.7
4 -491,099.1
5 —-490,650.8
6 —490,555.4
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number of organic and sponsored clicks over the data period
and compare them with the actual numbers of clicks. Across
the 120 keywords, mean absolute percentage errors weighted
by search volume are 2.33%, 1.08%, and 2.09% for organic,
sponsored, and total clicks, respectively. These statistics
provide strong evidence that the proposed model with four
segments performs well in capturing click behavior for both
organic and sponsored links at the keyword level.

Results

We organize the reporting of our results and the associ-
ated insights about user click behavior into three main parts.
We report all parameter estimates in Table 2

Characteristics of segments. As discussed previously, we
obtain four latent segments. We first examine the keyword—
segment-specific intercepts for click propen51ty The
population-level mean estimates, denoted by [35, se{l,2,
3,4} are —.128, 478, 1.227, and 2.124, respectively; these
correspond to .88, 1.61 , 3.41 ,and 8.36 average clicks per
search for Segments 1, 2, 3, and 4, respectively. Keeping the
same order of segments, the population-level mean esti-
mates for the keyword—segment-specific intercepts for the
propensity to click sponsored links, denoted by B2, s € {1, 2,
3,4} ,are -3.574,-3.362,-1.660, and —2.346, respectively;
these correspond to sponsored click probabilities of 2.73%,
3.35%, 15.98%, and 8.74% for Segments 1, 2, 3, and 4,
respectively. These estimates imply the following: First, the
average number of clicks after a keyword search is quite
small,# and the share of sponsored clicks is also quite small
(the weighted averages across segments being 1.44 and
3.67%, respectively). Second, in the ordering we impose,
for higher-numbered segments (i.c., Segments 3 and 4, com-
pared with Segments 1 and 2), consumers are inclined to
click more links per search and also to click sponsored links
with higher probability. These results indicate that Seg-
ments 1 and 2 are lower-involvement segments, and Seg-
ments 3 and 4 are higher-involvement segments. We note
that the behavioral differences among the segments are sig-
nificant—a consumer in Segment 4 clicks almost ten times
more than a consumer in Segment 1 after a search and is
more than three times as likely to click a sponsored link.

Next, on the basis of inferred search instance member-
ships, we find that Segments 1,2, 3, and 4 have relative sizes
of 49.11%, 44.96%,4.20%, and 1.73%, respectively (i.e.,
49.11% of all keyword searches fall in Segment 1, 44.96%
of all searches fall in Segment 2, and so on). In other words,
lower-numbered segments are larger than higher-numbered
segments. Furthermore, search instances for individual key-
words are not distributed across segments in proportion to
overall segment sizes. Indeed, less popular (i.e., lower
search volume) keywords in general have a larger portion of
their searches by consumers from higher-numbered seg-
ments compared with more popular keywords. This can be
observed from Table 3, in which we report the average per-
centage of consumers from each segment for the top 30
most popular keywords, the next 30 most popular key-
words, and so on in our 120-keyword data set. We find that
as the keyword ranks increase (i.e., as the keywords become

4This result resonates with the results of Johnson et al. (2004), who
report that the amount of online search conducted by consumers across
websites is quite limited.
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Table 2
PARAMETER ESTIMATES
A: Parameters Describing Latent Segments
Segment 1 Segment 2 Segment 3 Segment 4
_2‘ —.128 (=267, 013) A78 (338, .623) 1227 (1.105, 1.341) 2.124  (1.996, 2.248)
(_02‘)2 529 (393, .699) 383 (287, 513) 260 (182, .361) 414 (298, .559)
P -3.574 (-3.884, -3.297) -3.362 (-3.755, —2.998) -1.660 (-1.978, —1.369) —2.346 (-2.547, -2.139)
(ob)2 1.714 (1.135, 2.685) 3216 (2316, 4.333) 2.176 (1494, 3.033) 946 (641, 1.329)
B: Coefficients for Keyword-Level Covariates
Bhop 012 (003, .020)
BPop 299 (095, 425)
Retailery, Brand,, Lengthy,
% —.168 (=233, -.069) -044 (=150, .027) 035 (=012, .087)
% 178 (=243, .556) -170 (=497, .037) -009 (-.147, .107)
C: Coefficients for Search-Level Covariates
Num_Sponsored; Weekend,;
Bl -018 (=029, -.007) -007 (=016, .001)
i 413 (360, 463) -007 (-.048, .038)

Notes: Values in parentheses are the 95% credible intervals.

Table 3
SEGMENT PROPORTIONS FOR KEYWORDS (GROUPED BY
KEYWORD POPULARITY RANK)

Keyword Rank  Segment 1 Segment 2 Segment 3 Segment 4
1-30 56.22% 37.85% 3.81% 2.11%
31-60 54.61% 3322% 9.26% 291%
61-90 56.12% 28.32% 11.54% 401%
91-120 49.54% 29.46% 14.98% 6.02%

less popular), the proportions of Segment 1 and Segment 2
decrease while the proportions of Segment 3 and Segment 4
increase. We observe a clear pattern indicating that Seg-
ments 1 and 2—the low-involvement segments—have a
larger proportion of keywords with higher search volume
than Segments 3 and 4 —the high-involvement segments.
Consequently, more popular keywords have fewer clicks
per search and a larger proportion of clicks on the organic
listing in comparison with less popular keywords.

It is widely accepted in marketing that consumers move
toward a purchase through a hierarchical sequence of events,
captured by a “purchase funnel” model (Howard and Sheth
1969) —for example, the Awareness-Interest-Desire-Action
(or AIDA) model. Notably, the consumer segments we iden-
tify correspond to a purchase funnel model—consumers are
in different stages of involvement, and the segments repre-
senting higher involvement are smaller than segments rep-
resenting lower involvement.

Effect of popularity. From the posterior means of Bi;op
and BPop, we find that more popular keywords receive
fewer clicks per search and receive a smaller fraction of
clicks on sponsored links, an effect that is in agreement
with, but in addition to, the analysis discussed previously.
To further understand the effect of popularity, we also esti-
mated the model with only one segment (i.e., we do not
allow for consumer heterogeneity through latent segments).

As Table 1 reveals, the LMD of the one-segment model is
significantly worse than that of models with two or more
segments. This shows that allowing for multiple consumer
segments is indeed crucial for understanding consumers’
click behavior. More importantly, in the one-segment
model, compared with the four-segment model, both B%OP
and Bpop have values that are considerably larger and have
the same signs (i.e., both effects are in the same direction
but are stronger). (In the model with one segment, [3}13013 has
the value .053 with a 95% credible interval of [.019, .097],
and Bpop has the value .606 with a 95% credible interval of
[.506, .719].) This finding leads to a noteworthy conclusion:
a large part of the impact of keyword popularity occurs
through consumer selection into different segments. In other
words, the finding that inclusion of multiple segments
weakens the direct impact of popularity indicates that the
effect of popularity on click behavior occurs through the
different stages of involvement of consumers.

Effect of covariates in X, and Z;. In examining the other
parameters for observed heterogeneity, we find that the
covariates Retailer,, Brandy, and Length, largely have no
impact on either the overall click propensity after a search
or the propensity to click a sponsored link. The only excep-
tion is that the click propensity is lower if the searched key-
word contains retailer-specific information. Turning to the
search instance—specific covariates, we find that the number
of sponsored links displayed at the time of search is posi-
tively correlated with the propensity to click sponsored
links. This may be due to an agglomeration effect (i.e., more
sponsored links draw greater attention from the user). We
also find that a weekend search is not different from a week-
day search in terms of either the overall click propensity or
the propensity to click sponsored links.

Comparison with Previous Literature

Existing articles that study the impact of observed key-
word characteristics on click behavior (e.g., Agarwal,
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Hosanagar, and Smith 2011, 2012; Ghose and Yang 2009;
Rutz and Bucklin 2011; Rutz, Bucklin, and Sonnier 2012;
Rutz and Trusov 2011; Rutz, Trusov, and Bucklin 2011;
Yang and Ghose 2010) have found that search phrases that
(1) include a retailer name or a brand name and (2) are
longer have higher click-through rates on sponsored links.
(We note that these articles do not view popularity as a
covariate.) Notably, we do not find strong effects of
observed keyword characteristics on either the overall click
propensity or the propensity to click sponsored versus
organic links. However, we do find a strong effect of key-
word popularity (i.e., the relative search volume) on both
the overall click propensity and the propensity to click
sponsored versus organic links. In our data, the correlation
between keyword search volumes and presence of a retailer
name in the keyword is .182, the correlation between key-
word search volume and presence of a brand name in the
keyword is .169, and the correlation between keyword
search volume and length of the keyword is .003; all these
correlations are weak. In this light, our results indicate that
keyword popularity is an important characteristic that deter-
mines click behavior after a keyword search and that, in
general, this characteristic is different from the observed
keyword characteristics mentioned previously.>

CONCLUSIONS AND DISCUSSION

In this article, we study consumers’ click behavior on the
organic and sponsored results presented to them after a key-
word search on an Internet search engine. We analyze a
unique data set obtained from a Korean search engine for
more than 1.5 million keyword searches of 120 different
keywords over the span of one month.

Our novel empirical finding is that the total clicks and the
proportion of sponsored clicks after a keyword search is
greater for less popular keywords. Furthermore, we find that
users can be grouped into latent segments of low-involvement
and high-involvement consumers, in which the latter has more
clicks per search and a larger fraction of sponsored clicks
than the former. Segments representing low-involvement
consumers are composed of those who typically search for
more popular keywords, and vice versa.

Previous studies have typically used observed keyword
characteristics (e.g., the presence of a retailer name or a
brand name in the search phrase, the length of the search
phrase). In contrast, popularity is a fundamentally different
type of keyword characteristic in that it cannot be deter-
mined by inspecting the keyword itself (because it depends
on how many search engine users searched the focal key-
word relative to other keywords).6

The result that consumers searching for more popular
keywords focus relatively more on the organic results

5Although it would be reasonable to argue that consumers search less
often for longer search phrases or those that contain the name of a retailer
or brand, this does not imply that all keywords that are searched less have
one or more of the aforementioned observed characteristics.

6It can be argued that the popularity of a keyword is a latent construct,
rather than one that can be calculated directly from the observed keyword
search volume (as we have done in our analysis). The observed number of
searches for the keyword would then be determined on the basis of this
latent construct, with some stochasticity in the outcome. In Section IV in
the Web Appendix, we develop a model to estimate the latent popularity
score for a keyword and find that the results on the effect of popularity on
click behavior are qualitatively the same.
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whereas consumers searching for less popular keywords
focus relatively more on sponsored results suggests that
advertisers might want to focus their sponsored search
advertising efforts on less popular keywords and focus their
search engine optimization efforts on more popular key-
words. In addition, the insights that we uncover into con-
sumers’ click behavior can also help search engines design
better responses to consumer queries and, therefore, better
serve both search engine users and advertisers.

Further research can build on our findings by replicating
our analysis on similar data sets obtained from other
sources, which might lead to empirical generalizations
regarding postsearch consumer click activity. Future studies
can also address certain shortcomings of our research. First,
consumers’ click behavior depends on the relevance of the
results presented to the keyword searched. Given our data,
we are unable to address this aspect. Richer data are needed
to explicitly incorporate relevance into the model; for exam-
ple, we may need data on the identities of all firms that are
displayed in the organic and sponsored lists, the ad copy
used, the landing pages that the user is directed to, and so
on. Second, we show that keyword popularity is an impor-
tant indicator of searchers’ click tendencies, and we argue
that consumers in the segments we identify occupy different
stages of involvement with respect to the relevant search, on
the basis of their click behavior. However, we stop short of
making causality arguments. Further research could control
for stages of consumer involvement more carefully by run-
ning experiments, possibly in the manner of Lambrecht,
Seim, and Tucker (2011) and Lambrecht and Tucker (2013),
to infer causality. Further research could also account for
possible endogeneity issues. For example, if advertisers
anticipate that less popular keywords are more conducive to
sponsored search advertising, they may place their adver-
tisements accordingly. Third, future studies could conduct a
deeper analysis of the process through which consumers
decide on the keywords to search in the different stages over
time. For this analysis, a richer longitudinal data set of
search behavior at the individual consumer level may be
required. Fourth, the relative popularity of keywords will
change over time. It would be useful to obtain temporal data
to study the length of time for which keyword popularity is
stable and how this varies across keywords. We hope that
our study can motivate further research in these directions.
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