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I

n this paper, we develop an analytical approach to modeling consumer response to banner ad exposures at a sponsored content Web site that reveals signiﬁcant heterogeneity in
(unobservable) click proneness across consumers. The effect of repeated exposures to banner
ads is negative and nonlinear, and the differential effect of each successive ad exposure is
initially negative, though nonlinear, and levels off at higher levels of passive ad exposures.
Further, signiﬁcant correlations between session and consumer click proneness and banner
exposure sensitivity suggest gains from repeated banner exposures when consumers are less
click prone. For a particular number of sessions, more clicks are generated from consumers
who revisit over a longer period of time, than for those with the same number of sessions
in a relatively shorter timeframe. We also ﬁnd that consumers are equally likely to click on
banner ads placed early or late in navigation path and that exposures have a positive cumulative effect in inducing click-through in future sessions. Our results have implications for
online advertising response measurement and dynamic ad placement, and may help guide
advertising media placement decisions.
(Advertising and Media Research; Clickstream Data; Computer-Mediated Environments; Online
Consumer Behavior; Random-Coefﬁcient Models; Internet; World Wide Web)

1.

Introduction

Advertising sponsorship is an important revenue
model for ﬁrms doing business on the Internet. U.S.
Web advertising expenditures are expected to reach
$6.3 billion in 2003 (Jupiter Research 2003) and predicted to reach more than $14.8 billion by 2005, even
as they represent only a fraction (3.3%) of the total
$243 billion in advertising expenditures across traditional vehicles such as TV, print, and direct mail
(Jupiter Research 2003). Additionally, the share of Web
ad expenditures accounted for by mainstream advertisers is expected to increase from 31% in 2001 to 84%
in 2005 (eMarketer 2001).
Despite these positive indicators, declining clickthrough rates, confusion concerning appropriate
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advertising pricing models, and uncertainty regarding
whether traditional advertising metrics are appropriate for new media like the Internet, are contributing
to increasing skepticism regarding the value of advertising in this digital medium (Hoffman and Novak
2000). While Web sites still sell advertising using traditional CPM (cost-per-thousand) pricing, advertiser
insistence on performance-based pricing that links
consumer exposure to advertising with actual market response is forcing the emergence of hybrid pricing models that charge on the basis of click-through
in addition to mere exposure (Hoffman and Novak
2000).
The Internet is a unique marketing medium because
consumer response to online advertising, typically in
0732-2399/03/2204/0520
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the form of so-called “banner ads,” can readily be captured and modeled. When a consumer clicks on a banner ad, a click-through is recorded in the server access
log. Each time a consumer visits a Web page with
an inline ad, a “banner impression” or “ad view” is
recorded for the advertising sponsor. As in traditional
media, the number of impressions generated depends
on exposure to the surrounding editorial content and
is thus, in part, under the ﬁrm’s control. Banner ads
accounted for 52% of Web ad revenue in 2000 (eMarketer 2001).
However, consumers rarely click on banner ads.
Average click-through rates have declined dramatically since the late 1990s; currently, fewer than 3 out
of every 1,000 visitors to a Web site clicks on a banner ad (eMarketer 2001). Despite industry efforts to
improve online advertising effectiveness, plummeting
click-through rates remain a concern and are fueling industry speculation that clicks on banner ads
are entirely random and cannot be inﬂuenced by the
marketer (Bicknell 1999). Nevertheless, click-throughs
remain an important media pricing metric for the
Web.
Even though aggregate click rates are low, rigorous
examination of individual consumer click-through
behavior is important for several reasons. First,
click-throughs are a behavioral and therefore more
accountable measure of online advertising, especially
compared to mere exposure. Second, even though
click rates are low, the absolute number of ad exposures and subsequent click-throughs at high-trafﬁc
Web sites are still substantial. Thus, click-throughs
can be an important mechanism for driving trafﬁc
to advertiser Web sites. Finally, modeling the clickthrough allows us to address several fundamental
issues of both theoretical and practical importance
in the nascent area of online advertising response
measurement, including the number of times an ad
should be displayed, the cumulative and marginal
impact on click-through of repeated exposures, and
declining click-through rates.
We tackle these issues with an analytical approach
to modeling consumer response to banner ad exposures at a sponsored content Web site. Our modeling framework allows us to analyze variation in
click probability at each banner ad exposure occasion
Marketing Science/Vol. 22, No. 4, Fall 2003

and account for heterogeneity across consumers and
evolution in response across sessions for each individual consumer at the Web site.
Our paper makes two key contributions to the literature. First, we develop, estimate, and test an analytical model of consumer response to online advertising
in a dynamic framework. We note that empirical
analysis of behavioral outcomes at the microlevel of
each ad exposure occasion has not been investigated in
earlier research for any media, simply because the
data were not available. The random coefﬁcients logit
model with evolution that we specify allows for unobserved heterogeneity and evolution (or change) in
click proneness and in responses to banner ad exposures using information that can be obtained from
clickstream data. Second, our modeling effort reveals
important insights into online consumer behavior in
the context of response to Internet advertising that
can motivate additional research in this area and
impact managerial practice.
The rest of the paper is organized as follows. In
§2, we develop a set of testable effects of consumer
response to banner ads that follow from theory. We
develop our clickstream model in §3 and present
model results in §4. In §5, we discuss the implications
of our modeling effort for research and practice and
conclude with suggestions for future research.

2.

Theory

We seek to model advertising response in digital environments where consumers navigate through contentladen Web sites with embedded banner advertising.
The response variable of interest is whether or not
a consumer clicked on a banner ad while navigating
the Web site. Such navigations produce a clickstream
of responses that are highly amenable to modeling.
We build a multiperiod model that attempts to capture the differential effects of banner ad exposures on
click-through over time, both within a single session
and across multiple sessions. The key effects we test
in our model are introduced below.
2.1. Intrasession Exposure Effects
Prior research on repetition effects in advertising and
direct marketing suggest two different patterns of
521
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consumer response to repeated advertising exposures
within the same Web session. The ﬁrst pattern
posits that response probability decreases over time.
This common effect occurs when consecutive stimuli are independent and the probability of a positive
response is assumed to be the same across stimuli
(Buchanan and Morrison 1988). The second response
pattern holds that initial response probability may be
low, but increases with repetition to a maximum level
and then diminishes over subsequent repetitions.
Berlyne’s (1970) two-factor theory provides strong
support for this inverted-U relationship between the
number of ad exposures and responses. In traditional
media, this relationship is caused by two opposing
factors. In the initial wearin stage, increased response
opportunity with each additional ad exposure leads
to an increase in affect (Pechmann and Stewart 1989).
Subsequently, satiation (or tedium) leads to wearout,
when each additional ad exposure after wearin has a
signiﬁcant negative effect.
We theorize that wearout dominates in online
advertising environments so that for most consumers,
there are relatively strong diminishing returns to early
repeated exposures that taper off as exposures continue. The rationale for this follows from the fact that
the ﬁrst banner exposure provides sufﬁcient opportunity to elicit a response, similar to print advertising (Calder and Sternthal 1980). The Internet offers
consumers relatively more control over the communication and exchange process than has been the case
in traditional media environments like broadcast and
print. Consumers have both a broader and deeper
array of choices about how to receive and interact
with communications online (Ariely 2000, Hoffman
and Novak 1996, Peterman et al. 1999, Sohn and
Leckenby 2001). This direct control extends to control
over advertising response. Because consumers largely
control their exposure and response to online ads, it
follows that those consumers who are most likely to
attend and click will do so at the ﬁrst exposure itself.
Research on visual attention to repeated print ads
(Pieters et al. 1999) suggests that consumer control
over ad exposure allows them to adapt to advertising repetition by reducing exposure duration. The
amount of attention paid to the ad is likely to
decline after the ﬁrst exposure in a monotonically
522

decreasing fashion. This implies that the conditional
probability of a click following a string of “failed”
banner exposures will decline as the number of banner exposures increases.1 Industry research supports
this idea. Usability studies indicate that once consumers have attended to and recognized a banner
ad they learn to ignore it and become progressively insensitive to it (Benway 1998, Schroeder 1998).
Additionally, commercial studies of “banner burnout”
(DoubleClick 1996) show that the probability of click
is highest on the ﬁrst banner ad exposure during a
session and decreases thereafter, implying a decline in
click probability with each additional banner ad exposure. The DoubleClick study, invoked by some online
advertisers to reject exposure-based advertising pricing, reveals that beyond four banner ad exposures,
the probability of a click is zero.
Although we believe that Web wearout describes
the response function for most consumers, under
what conditions might we expect wearin to occur?
At any given banner exposure occasion, a consumer
who failed to click on the ad may have yet to notice
it due to “banner blindness” (Benway 1998) or may
have noticed the ad but declined to attend to it.
Commercial usability analysis (Schroeder 1998) and
academic studies (Briggs and Hollis 1997, Dreze and
Hussherr 2003) do show that most banner ads go
unnoticed, despite the use of attention-grabbing execution features. Further, unlike television ads, banner
ads occupy a relatively small portion of the consumer’s visual ﬁeld and can be easily missed even
if the consumer is interested in them. This suggests
that there may be some consumers for whom additional exposures may actually increase the probability of a more positive response. This is because each
additional banner ad exposure increases the probability the ad will be noticed and hence the probability it will ultimately be clicked on. However, these
gains in response probability from additional banner
1

Note that a consumer may notice the banner ad and attend to
it but fail to click on it because of time pressure, lack of interest,
preoccupation with the content, or their desire to accomplish their
original navigation goals (Novak et al. 2000). In those cases, additional banner exposures during the session may or may not immediately increase the click probability.
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exposures would ultimately be expected to decrease
at higher levels of banner exposure.
The control over banner ad exposure and the presence of wearout means that, for most consumers,
we could reasonably expect declining click-through
probabilities over repeated banner ad repetitions that
would level off after a certain number of exposures.
Because repeated exposures to a banner ad are likely
to have a negative and nonlinear effect on click probability for a majority of consumers, the aggregate
response to the number of exposures within a given session is likely to be negative and nonlinear. Because click
behavior is primarily driven by immediate relevance,
the negative effect due to wearout is expected to dominate over any positive effects due to wearin.
2.1.1. Banner Location in Navigational Path.
Huberman et al. (1998) model Web browsers as constantly making judgments about the value of clicking on a hyperlink on the current page, based on
the value of that page and the uncertainty about the
value of the pages not yet seen. They ﬁnd that, in
the aggregate, consumers have a lower threshold for
uncertainty at the beginning of the navigation session, when they are more likely to click on hyperlinks
that deviate from their navigational path. As browsing depth increases, their threshold for uncertainty
increases and consumers are less likely to click on
hyperlinks unrelated to navigational goals. This ﬁnding suggests that, other things equal, banner ads displayed
earlier in the session will be more likely to be clicked on
than those consumers are exposed to later.
2.2.

Exposure Effects Across Sessions

2.2.1. Intersession Time. The more frequently
consumers visit a Web site, the more opportunities
exist for the online marketer to expose the consumer
to advertising messages and build commitment and
loyalty (Hanson 2000). On the Web, intersession time
(the length of time between a consumer’s visits to the
site) is somewhat analogous to store repatronage, but
besides measuring repeat visits also captures intervisit
duration.
Consumers who revisit after relatively short durations are likely to be more goal-oriented than consumers who revisit after relatively longer intervals
Marketing Science/Vol. 22, No. 4, Fall 2003

(Hoffman and Novak 1996), and arguably, more likely
to be familiar with the site organization, content,
and advertising. Such consumers are also more likely,
then, to be exposed to the same banner ads as in prior
session(s) and may be more likely to ignore those
ads.2 We would also expect these goal-directed consumers who return to the site relatively quickly will
be more likely to be in the wearout segment discussed
earlier (i.e., their click probabilities are decreasing).
On the other hand, consumers with longer intersessions times may be more likely to forget ads from
prior exposures, making it more likely that they will
attend and click on a present visit. These consumers
will be more likely to be in the wearin segment (i.e.,
their click probabilities are increasing). This argues that
longer intersession times on prior visits will lead to a
higher click probability in the current session.
2.2.2. Prior Session Exposures and Future Session
Clicks. If a consumer was exposed to, but did not
attend to, the banner ad in earlier sessions, the preattentive mere exposure effect suggests that at sufﬁciently high levels, these exposures are sufﬁcient to
generate a feeling of familiarity and expectation that
may be interpreted as a preference or curiosity for the
ad (Janiszewski 1993). This may stimulate attention
to the ad in subsequent exposures. Whether this will
lead to a click in a future session depends on consumer motivation. Higher levels of curiosity would
increase the probability that click will occur.
Some research suggests that if the banner ad is
repeatedly noticed (and attended) but not clicked on
in earlier sessions, recognition and awareness of the
ad stimulus and brand name is generated (Briggs and
Hollis 1997). On further exposures of the same ad,
if there is no additional information (or motivation)
for the consumer to consider, then over-exposure,
boredom, and tedium may occur, so clicks in future
sessions out of curiosity are less likely to occur. This
suggests that ads will beneﬁt more from repetition
when consumers do not attend in prior sessions.
Because many consumers fail to notice banner ads,
2
However, as one reviewer pointed out, it is also possible that frequent visitors’ relatively greater familiarity with the content means
they would be able to devote the cognitive resources attending to
the banner.
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this effect is expected to be pronounced, particularly
across sessions. Within a session, it is reasonable
to assume that some consumers will be motivated
by immediate relevance. However, this becomes less
likely across multiple sessions. In other words, across
sessions, we expect the positive wearin effect to dominate over the negative wearout. Note also that the
wearout effect occurs under relatively short timeframes, while wearin occurs under longer timeframes.
If wearout happens, it happens quickly—typically
within a single session. Thus, we expect that the probability of a click-through in a given session will increase
the more banner ad exposures there have been in prior
sessions.3

more likely to click on hyperlinks in general during
initial visits, becoming less exploratory the more they
visit, and hence less click prone as the number of
visits to the site increases. This observation is also
consistent with Huberman et al.’s (1998) result within
a session.
Over time, of course, banner ad sensitivity (i.e., the
impact of each additional banner ad exposure during
the session on click probability) is expected to decline
for all consumers. However, wearout is expected to
be fastest for repeat visitors compared to new visitors.
That is, we expect click probability to decline as the number
of sessions increases.

2.2.3. Time Since Last Click in Prior Sessions.
If a consumer clicks on a banner ad, is there
value in exposing her to the banner ad again in
future sessions? Prior to the ﬁrst click, a consumer
may be uncertain of the usefulness or entertainment
value of clicking on the ad. Once a consumer has
clicked, however, some curiosity and uncertainty have
been reduced. If click behavior is driven largely by
curiosity, then we might expect clicks in prior sessions
to be negatively related to clicks in future sessions.
However, we assume consumers are motivated to
attend to and click on ads and that they are aware
that online ad content, especially compared to broadcast and print ads, is dynamic, and extensive, often
requiring multiple viewings to fully consume.
Over time, recall of the click experience diminishes.
Additionally, there may be a renewed interest in the
ad content as sessions pass. Thus, given a click in a
prior session, the longer the time interval since the last
click, the more likely there will be a click on the ad in the
current session.

3.

Modeling the Clickstream

2.2.4. Repeat Visits. Individual consumer navigational behavior and click response across sessions
evolves over time. Consumers behave more ritualistically initially but become more goal-oriented as
they gain more experience online (Novak et al. 2000,
Schroeder 1998). This suggests that consumers will be

3.1. The Data
This study uses consumer clickstream data from a
high-trafﬁc sponsored content (or “e-zine”) Web site4
from January 1, 1995 to August 14, 1995.5 These
enhanced clickstream data have ad exposure information (banner ads and clicks) for sponsor ads that were
served from the content site server. From January 1,
1995 to August 13, 1995, the Web site required
mandatory registration to enter the site. Demographic
information was collected the ﬁrst time a consumer
registered at the site and selected a user name/id
and a password to be used for future visits to the
site. Once registered, the visitor simply logged in for
future visits. Demographic information that could be
merged with the respondents’ clickstream data was
not available.
We model ad exposure data for consumers during the mandatory registration period because it is
not possible to track and measure consumer exposure to advertising across visits accurately in the
voluntary registration period. Only one banner ad
was displayed on each page, the best possible situation for an online advertiser. Banner ads were
either “hard-coded” or rotated in a predetermined frequency. Because banner delivery was not “smart” or
interactive (i.e., served according to the customer’s

3

4

This assumes a linear form for cumulative banner ad exposures
in prior sessions. Treating this variable as a quadratic term added
no explanatory power.
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Undisclosed at the request of the sponsoring Web site.

5

See Sen et al. (1998) for an extensive discussion of data available
from server access logs.
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response history), levels of banner ad exposure were
exogenously determined.
Several technical characteristics of clickstream data
restrict the modeling scope.6 First, accurate demographics are difﬁcult to obtain, due to consumer
reluctance to provide this information in new online
environments (Hoffman et al. 1999). Second, ad execution details for banner ads or active ad pages are
rarely collected on an ongoing basis, if at all, owing to
the intense challenges facing online businesses operating 24 hours a day, 7 days a week, 365 days a year.
Third, because site-centric clickstream data do not
contain information on the consumer’s activities at
external sites (unless the sites are part of an advertising network like DoubleClick), consumer actions after
a banner ad click cannot be easily tracked. Finally,
banner ad exposures and clicks may not be available
for all advertisers at the site because some may be
served from the advertiser’s Web site server as we
discuss below. To make our problem tractable, and
because of these data limitations, we leave for future
research events that occur subsequent to a click.
3.1.1. Selection of Sponsors. There were a total
of 3810 Web pages at the Web site; 3046 (79.95%)
were editorial pages with no ads (or pure editorial
pages), 307 (8.06%) were editorial pages with banner ads, and 48 (1.26%) were active ad pages.7 While
this site had 42 advertisers, only 2 advertisers (two
high-technology ﬁrms, identiﬁed as sponsors #15 and
#34) ran banners that had no any major executional
changes or promotional contests during the study
period and had banner and active ad pages on the
publisher’s Web server. The details of ad placements
and exposures generated for these two sponsors are
provided in Table 1. Total banner exposures were
signiﬁcantly higher for sponsor #15, despite fewer
banner ages. This was most likely due to that sponsor’s banner ad placement on entry or gateway pages
that had relatively higher trafﬁc than the placement
pages for sponsor #34.
6
Note that some of these issues may be alleviated by more controlled data collection in experimental laboratory environments
(e.g., Lynch and Ariely 2000) or in direct marketing contexts with
large-scale customer databases (e.g., Chen and Iyer 2002).
7

The remaining 10.73% of pages (409 pages) were Web site
management pages.
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Table 1

Ad Placement and Exposure Details for Sponsors with Fixed
Banner Ads

Advertiser ⇒
Number of banner pages
Banner exposures in mandatory registration period
Clicks in mandatory registration period
Overall share of banner ad exposures at Web Site
Overall share of clicks at Web Site

#15
2
1,208,707
19,070
6.87%
2.85%

#34
6
86,251
1,083
1.41%
2.71%

3.1.2. Selection of Consumers. A total of 21783
unique registered users visited the Web site from January 1, 1995 to August 14, 1995. The daily total of
nonunique registered visitors ranged from 14025 (on
4/26/95) to 42942 (on 7/27/95), with a daily average of 21850 (mode = 28664). See Chatterjee (1998)
for further distributional details. A sample of registered consumers was selected according to the following criteria: (1) consumers must have been exposed to
banner ads either for advertiser #15 or #34 on more
than three sessions during the mandatory registration period 5326; and (2) visited the site during the
calibration and prediction period 3611. This selection rule yielded 3611 consumers with 843565 Web
page accesses (34683 banner exposure occasions)
during the seven-month mandatory registration study
period. Navigational activity was tracked over 227
days (01.08.95–07.14.95) for model estimation and
over 29 days (07.15.95–08.13.95) to test predictive
ability.
Preliminary analyses (details in Chatterjee 1998)
indicated a highly heterogeneous consumer population, so for example, although most consumers who
clicked on a banner ad did so early (within the
ﬁrst three exposures), others did not click following
as many as 67 banner exposures. Some consumers
clicked on their ﬁrst session at the site, while others
clicked for the ﬁrst time after as many as 59 sessions.
This suggested that the average click rate probability would not be adequate to describe consumer
response.
3.2.

Modeling Click-Through

3.2.1. The Setup. We model the probability that
consumer i s ﬁrst click-through during session s will
525
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occur at the oth occasion during that session.8 We
assume that the ith consumer i = 1     I is exposed
to a banner ad at occasions o = 1     Os , which
occur at the sth s = 1     Si  session at the site.
For notational convenience we do not include subscripts to indicate consumer and session for occasion,
and consumer for session: ois i and si . The number of
banner exposure occasions Os will differ for sessions
Si for each consumer and will also differ across the
I consumers. The number of, and spacing between,
sessions to the site Si is expected to differ across the I
consumers.
The basis of our model is an unobservable, latent
variable Click∗iso , which can be interpreted as an index
representing consumer i’s desire or intention to click
when exposed to a banner ad for a sponsor at occasion o during session s. In practice, the value of Click∗iso
is empirically unobservable; however, we observe its
dichotomous realization Clickiso , the click outcome
variable for customer i, as follows:



1 if consumer i clicks at
occasion o during session s
Click iso =
(1)


0 otherwise
The observed dependent variables Click iso =
Click is1      Click isos  indicate whether consumer i
clicked at occasion o Click iso = 1 or not Click iso = 0.
We develop our model for a single banner ad on each
page. Under the model assumptions, for consumer
i during occasion o in session s, the click/no
click outcomes follow a Bernoulli distribution with
parameter iso :
Click iso 

iso

∼ Bernoulli

iso 

(2)

8
Alternatively, we could model the number of banner ad exposures
required to generate a click as following a Poisson distribution,
with individual Poisson parameters following a gamma distribution across consumers. Because the number of clicks is much fewer
compared to no clicks, and the effects of banner exposures during a session and in prior sessions can be difﬁcult to separate, we
rejected that approach. Further, it is well documented in the statistical literature that in rare events data, bias in rates calculated
using Poisson distribution (versus logistic distribution) can be substantially meaningful with sample sizes in the thousands and in a
predictable direction: estimated event rates are too small (King and
Zeng 2000).
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where iso = PrClick iso = 1 is the probability that the
ith consumer clicks after the oth banner exposure
in the sth session given that the consumer has not
clicked in the prior o − 1 banner exposure occasions
in the session. The click outcome is observed after the
banner ad exposure occurs. Thus, Equation (2) predicts the probability that a click response will occur
after a consumer is exposed to a banner ad. Click iso is
a function of variables that varies across banner exposure occasions, sessions, and consumers.
Using a logistic parameterization for the hazard
rate, we express the probability that consumer i will
click on the banner on a given exposure occasion o in
the session conditional on not having yet clicked as
iso

= Pr Click iso  Click iso−1      Click is1 = 0 Xiso  Yis
= Logitai +   Xiso +  Yis +  Zi + iso 

(3)

Equation (3) thus refers to the probability of the ﬁrst
click in the session and not to subsequent clicks in the
same session and includes the following terms:
(i) A consumer-speciﬁc constant, ai , the intercept term
that affects clicking propensity due to unobserved
individual characteristics;
(ii) Variables varying within and across sessions and
across consumers. Xiso represents K × 1 measurements
of observed variables that vary over banner exposure
occasions within the sth session of consumer i;9
(iii) Variables varying across sessions and consumers.
Yis is the vector of session-speciﬁc variables, i.e., values of variables that vary across sessions for each consumer i;10
(iv) Variables varying across consumers. Zi is the vector of consumer-speciﬁc variables, i.e., those variables
that describe consumer i and remain constant across
sessions for each consumer.
In the model,   ,  , and  consist of vectors of
coefﬁcients associated with the respective explanatory
9

Banneriso , number of banner exposure occasions so far in the session; Pagesiso , number of pages accessed so far in the session;
Advertiseriso , dummy variable for advertiser. We pool data for two
sponsors. See Appendix A.
10

ISTis , intersession duration at session s; TBanneris , cumulative
banner exposures since ﬁrst-ever visit to the site; TLClickiso , time
since last click in prior sessions (since we are modeling the ﬁrst
click in a session).
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variables. The error term iso is distributed Type I
extreme value across consumers, leading to a binary
logit model. For more than one banner ad on each
page, Equation (3) would be replaced by a multinomial logit formulation. The unit of measurement is
banner ad exposure occasion: Each consumer enters
the sample when ﬁrst exposed to a banner ad for the
sponsor and remains in the sample until a banner
click or a session exit. Consumers who never clickthrough are included in the likelihood function, but
observations that occur after the ﬁrst click-through are
excluded in the likelihood function.
3.2.2. Consumer Heterogeneity as Click Proneness. Because online advertising can adapt to respond to an individual consumer’s behavior, there is
an unprecedented opportunity to segment and target
consumers at an individual level. Consumer heterogeneity in banner ad responsiveness arises because
of differences in innate tendency to click on ads or
“click-proneness” (Briggs and Hollis 1997), as well as
from differences in involvement across product categories/brands. In either case, an important issue is
whether responsiveness is so heterogeneous that estimates of sensitivities are biased if heterogeneity is
ignored.
Different approaches have been discussed in the literature to account for consumer level heterogeneity
(Allenby and Rossi 1999). We consider the concept
of unobserved heterogeneity, in which individuals
may differ in terms of some unmeasured variables
that affect the click or no click outcome. Inclusion of
individual-speciﬁc variables in Zi can capture part of
this variation, but it is almost impossible to identify
all of the variables affecting response of an individual at any banner exposure occasion. For instance,
information on a consumer’s demographics, modem
speed, Internet access fees, and online experience
could all play a role in affecting ad clicking behavior.
Because demographic and related consumer-speciﬁc
information is not readily accessible from clickstream data, we do not specify any consumer-level
covariates in our model. Consequently, in this paper
we do not separately estimate ai (consumer-speciﬁc
intercept) from  Zi (consumer-speciﬁc variables).
Instead, following Jones and Landwehr (1988), we
collect all the consumer-speciﬁc inﬂuences into a
Marketing Science/Vol. 22, No. 4, Fall 2003

single heterogeneity parameter that we term intrinsic
click-proneness, i = ai +  Zi .
Substituting the variables that can be obtained from
the clickstream data under consideration in Equation (3) we have a model capturing intraindividual
change in click probability,
Pr Click iso = 1  Click iso−1      Click is1 = 0


= 1 + expis + is1 Banneriso + is1 Banner2is
+ is2 Pagesiso + is3 Advertiseriso + 1i IST is
+ 2i TBanneris + 3i TLClick iso + iso 

−1

(4)

with variables Banneriso , the number of banner exposure occasions so far in the session, Pagesiso , the number of pages accessed so far, Advertiseriso , a dummy
variable indicating advertiser, ISTis , the intersession
duration at session s, TBanneris , the cumulative banner exposures since the ﬁrst-ever visit to the site, and
TLClickiso the time since the last click in prior sessions
(see also Footnotes 6 and 7). Variable operationalizations are fully described in Figure 1 and §3.3.1 below.
We note from Equation (4) that the parameters
in  , and  are consumer speciﬁc. Given enough
observations for each consumer in each session, we
could consistently estimate these parameters. However, in practice, there is not an adequate number
of observations for each consumer to accomplish this
task. We capture different levels of heterogeneity in
click response across consumers and evolution of
response (or learning behavior) across sessions by
allowing the coefﬁcients in  and  to evolve across
sessions for a given individual and vary across consumers. Because there are multiple banner exposure
occasions for the same consumer and in each session, the variance in the unobserved customer-speciﬁc
parameters induces a nonzero correlation in withinconsumer outcomes.
We specify that the parameter coefﬁcients for intrinsic click-proneness is , response to banner ad expo
sures is1  is1 , pages browsed is2 , and advertiser is3 
in Equation (4) are drawn from a random distribu¯  .
tion, i.e., is ∼ N is  
¯   and is ∼ N is  
The mean gives us the average response of the
explanatory variable, while the standard deviation
will give us a measure of the heterogeneity in
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the response coefﬁcient. We expect the random
components of the explanatory variables to covary.
This assumption strikes a middle ground between
estimating a unique set of parameter coefﬁcients for
each consumer and assuming that all consumers are
the same, and it is the assumption behind random
parameters logit. Furthermore, as the consumer revisits and gains experience with the website, responses
to the same variables are expected to change over sessions. The corresponding parameters in Equation 4
are underlined with two lines.
3.2.3. Deriving the Model. To capture the evolving nature of the coefﬁcients across sessions for each
consumer similar to growth models in the statistics
literature (Bryk et al. 1996),
is = 0 + 1 Sessioni + is0 
is1 =  10 +  11 Sessioni + is1 








is1 =  1 0 +  1 1 Sessioni + is1 

(5)

is2 =  20 +  21 Sessioni + is2 
is3 =  30 +  31 Sessioni + is3 


In Equation (5), the coefﬁcients 1 ,  11 ,  1 1 ,  21 ,
and  31 capture the evolution of response parameters
across sessions.
Coefﬁcients (in ) of session-invariant variables in
Equation (4) vary randomly across consumers, with
density fi  , where  are the true parameters of
the distribution. We use a random effects speciﬁcation to characterize the population in terms of the
distribution of coefﬁcients. As above, we expect the
random components of session-invariant parameters
to covary, independent of session-varying parameters. Further, because there are multiple sessions for
the same consumer, the variance in the unobserved
customer-speciﬁc parameters induces a nonzero correlation in within-consumer outcomes. We specify
that parameter coefﬁcients as
1i = 1 + i1 

2i = 2 + i2 

3i = 3 + i3  (6)

Substituting Equations (5) and (6) into Equation (4),
and rearranging, we have
Pr Click iso = 1  Click iso−1      Click is1 = 0
528

= 1 + exp0 + 1 Sessionis +  10 +  11 Sessionis 




· Banneriso +  1 0 +  1 1 Sessionis Banner2iso
+  20 +  21 Sessionis Pagesiso +  30 +  31 Sessionis 
· Advertiseriso + 1 IST is + 2 TBanneris
+ 3 TClick iso + iso + i0 + i1 Banneriso


+ i1 Banner2iso + i2 Pagesiso + i3 Advertiseriso
+ i1 IST is + i2 TBanneris + i3 TLClick iso %

−1



(7)

In general, modeling with randomly varying coefﬁcients allows us to separate within-session, withinindividual (or across session), and between-individual
variation. The  and  terms in Equation (7) are
not directly observed and enter into the unobserved
portion of the utility in the equation, allowing the
unobserved portion of the utility to be correlated
across occasions for the same consumer. This correlation allows random parameters logit to avoid the IIA
problem. The inclusion of error terms in the Equation (5) makes Equation (7) difﬁcult to estimate. If the
 and  terms were excluded, this becomes a ﬁxed
effects model and speciﬁcation is through interaction
terms. Unfortunately, that also implies a deterministic
relationship between click probability and the inﬂuence of ad exposure variables. The statistical estimator must estimate a model with mixed-level errors,
a random speciﬁcation of coefﬁcients, and a binary
dependent variable. Details of model estimation can
be found in Appendix B.
3.2.4. Benchmark Models. We estimate and contrast this model with three alternative models with
simpler heterogeneity structures by specifying that
the coefﬁcients in , , and  remain constant or vary
across consumers for a given individual.
Alternative Model 1 (logistic model with nonrandomly
varying coefﬁcients across session and no heterogeneity):
We start with a restricted model in which all heterogeneity has been eliminated by restricting all
coefﬁcients in Equation (4), to nonrandomly vary
across sessions only, i.e., i = 0 + 1 Sessioni , i =
 0 +  1 Sessioni , and i =  in Equation (4) for all
consumers i. Hence, we retain all applicable interaction terms with Sessionis for comparison purposes
Marketing Science/Vol. 22, No. 4, Fall 2003
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but do not allow for heterogeneity across consumers. Estimation reduces to the standard binary
logit model using maximum likelihood and is equivalent to assuming that all consumers have similar
response coefﬁcients across sessions. Substituting in
Equation (7) we have



+  20 +  21 Sessionis Pagesiso +  30 +  31 Sessionis 



· Banneriso +  1 0 +  1 1 Sessionis Banner2iso
+  20 +  21 Sessionis Pagesiso +  30 +  31 Sessionis 


(8)

Alternative Model 2 (intercept-speciﬁc heterogeneity or
linear probability model with random intercepts): Here
we restrict the heterogeneity of coefﬁcients to the
intercept term, intrinsic click-proneness, is only.
Chintagunta et al. (1991) notes that incorporating intercept heterogeneity improves model ﬁt and
explanatory power. We let consumers differ in their
idiosyncratic click-proneness by specifying the intercept term as the sum of an unobserved component 0 ,
which represents the average click-proneness across
all consumers; 1 which represents the change in
click-proneness in each session; and a random component is0 , which represents stochastic deviation in an
individual’s click-proneness in each session relative to
the population mean.
is = 0 + 1 Sessionis + is0 

(9)

The response parameters ik =  k remain invariant across consumers. In contrast to the standard
logit in Alternative Model 1, the stochastic portion of the model is0 + iso is in general correlated
across banner exposure outcomes and across sessions
for an individual because of the common inﬂuence
of is0 . Heterogeneity across consumers is captured
by the probability distribution of the random variables expis0 . To maximize the likelihood function
we specify a normal distribution for f is0 . While
this intercept-speciﬁc heterogeneity model contains
just two sources of uncertainty, the error  and random effect is0 our proposed model has eight represented by terms in , , and . The random
Marketing Science/Vol. 22, No. 4, Fall 2003

· Advertiseriso + 1 IST is + 2 TBanneris
+ 3 TLClick iso + iso + i0 %

· Advertiseriso + 1 IST is + 2 TBanneris
−1



· Banneriso +  1 0 +  1 1 Sessionis Banner2iso

= 1 + exp0 + 1 Sessionis +  10 +  11 Sessionis 

+ 3 TLClick iso + iso %

Pr Click iso = 1  Click iso−1      Click is1 = 0
= 1 + exp0 + 1 Sessionis +  10 +  11 Sessionis 

Pr Click iso = 1  Click iso−1      Click is1 = 0


effect indicates that there is additional variation in
individual click-proneness beyond that explained by
evolution in response across sessions. The equivalent
speciﬁcation for Equation (7) will be

−1



(10)

Alternative Model 3 (random effects model with
consumer-speciﬁc heterogeneity but no evolution across
sessions): We develop a random effects speciﬁcation without considering across-session evolution.
We treat all coefﬁcients in Equation (4) as random
over individuals. We assume that coefﬁcients are distributed multivariate normal
is =  + is0 

isk =  k + isk 

(11)

i  is % ∼ MVN s  '%
with unknown means , , and variance-covariance
matrix  2 ', where the error variance  2 is constant across individuals. We allow the variance of
the distributions for each intercept and parameter
of the explanatory variables to be different. Thus,
the parameters for consumer i vary from the mean
through the random additive components i and isk .
This model is a special case of our proposed model
in that, for a given consumer, the parameters remain
constant across sessions. Note that the mean of the
random components other than zero is not identiﬁed, and we expect the random components of the
explanatory variables to covary. The random effects
model corresponding to Alternative 3 is speciﬁed by
setting terms with variable Sessionis in Equation (7)
to 0:
Pr Click iso = 1  Click iso−1      Click is1 = 0


= 1 + exp0 +  10 Banneriso +  1 0 Banner2iso
+  20 Pagesiso +  30 Advertiseriso + 1 IST is
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+ 2 TBanneris + 3 TLClick iso + iso + i0

consumer are shaded. Figure 1 shows clearly the complexities involved in constructing variables for clickstream modeling.

1

+ i1 Banneriso + i Banner2iso + i2 Pagesiso
+ i3 Advertiseriso + i1 IST is + i2 TBanneris
+ i3 TLClick iso %

−1



3.3.1. Variable Measurement. We construct the
explanatory variables as follows. Banneriso is the number of times consumer i has been exposed to an
advertiser’s banner ad in session s so far (i.e., until
occasion o). We include a quadratic term of banner
ad exposures Banneriso 2 to test for the curvilinear
effect of repeated banner ad exposures. The number
of pages already browsed during the session Pagesiso
is the total number of pages browsed at the site
(including pages that did not have banner ads) during
the session till o. We capture any systematic differ-

(12)

3.3. Model Speciﬁcation
The key time-dependent events for our individualoccasion-level model are diagrammed schematically
in Figure 1. The ﬁgure shows consumer behavior at
the website, in terms of page hits ( page with no ad,
⌧ page with ad) and banner clicks (). Consumers
are separated by vertical lines and sessions for each
Figure 1

Schematic Diagram of the Key-Time-Dependent Events for Clickstream Modeling

Event

 _   _  _     __ _  _    _      _   _   _     _ _ 

Time

t11

t12

Indices:
Customer i=

t211

t21

t21

1

Session s=

t2 t221

t223 t23 t131 t23

t232 t2 t241

2

1

2

1

Occasions o=

1

2

3

11

2

3

Dependent
Variable:
Clickiso

0

0

0

00

0

1

Explanatory
Variables:
Banneriso

1

2

3

11

2

3

TLClickiso

0

0

0

00

0

0

Pagesiso

1

4

6

30

2

5

TBannersis

0

0

0

30

0

ISTis

0

0

0

(t12-t11) 0

FSessis

1

1

1

01

2

3

4

1

2

1

2

1$

0

0

0

0

1

-

1

2

1

2

1

t221- t21
9

1

t131-t21

1

5

2

7

1

0

4

4

6

6

8

0

t22-t211 t22-t211

1

0

0

0

0

Clickis(o-1)
*

1

0

Note.  : Editorial page with no sponsor ad; ⌧: page with banner ad; : banner ad was clicked; $: second click in the session excluded from our model.
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ences in click probabilities across the two advertisers
or brands by a dummy variable Advertiseriso =1 for
advertiser #15, 0 otherwise).
The session-speciﬁc variables corresponding to time
since last click in prior sessions TLClick iso , intersession time IST is , number of times the consumer
has visited the site Sessionis  and cumulative banner
exposures in prior sessions TBanneris  are measured
for each session and remain the same for all banner
exposure occasions in a session. The time since last
click in prior sessions TLClick iso is the logarithm of
time since last click in previous sessions at the site.
If the consumer clicked more than once in a session,
then the last click could potentially be in the current session. Because we are modeling ﬁrst click in
a session, TLClick iso is always from the prior session
and greater than 0 if the consumer has ever clicked,
by deﬁnition. Figure 1 shows that if the consumer
never clicked on an ad, TLClick iso is set to zero. This
does not represent the true time since last click, but it
does serve to eliminate this term from Equation (7).
TLClick iso is the time since the last of the multiple
clicks in the prior session. For example, TLClick iso for

Table 2

the ﬁrst banner ad exposure occasion in session 2 for
consumer 2 is t221 − t21 .
The number of times a consumer visited the site,
including those visits where there was no exposure
to banners for the advertiser Sessionis  and the cumulative number of banner exposures in prior sessions
TBanneris  is measured since the time the consumer
ﬁrst registered at the site till the occasion under consideration from registration records. These can be calculated a priori from consumer registration records
and clickstream history at the site.

4.

Results

Descriptive statistics for the explanatory variables are
in Table 2. Because click occurrences are rare events,
pooling the data offers distinct advantages over modeling each sponsor separately. We tested for overall
homogeneity of both sponsors and concluded that
pooling was appropriate. The details are provided in
Appendix A.
We ﬁrst tested to see if the data supported specifying the explanatory variables as random. Preliminary

Descriptive Statistics

Variables

Sponsor #15

Sponsor #34

Pooled Data

493 763
[1–90]
365 454
[1–132]
232 181
[0–5.63]

353 119
[1–15]
217 583
[1–84]
075 146
[0–0.69]

3.66 (6.9)
[1–90]
3.22 (5.01)
[1–132]
1.90 (1.86)
[0–5.63]

8511 9666
[3.03–1,615]
2005 334
[0–281]
1551

8803 10824
[3.15–1,454]
1743 3084
[0–173]
348

85.69 (99.07)
[3.03–1,615]
19.54 (33.01)
[0–281]
11.17

Occasion-Varying
Average number of banner exposures in
session s until o: Banner iso
Pages browsed so far in session: Pages iso
Time since last click (logarithm hour):
TLClick iso
Session-Varying
Average intersession time (minutes)
AIST is
Number of cumulative banner exposures
in prior sessions: TBanner is
Percentage of clicks in ﬁrst session
Other Information
Number of clicks
Number of banner exposure occasions
Number of sessions with banner exposures

1,107
23,974
4,704

624
10,709
3,629

1,731
34,683
8,333

Note. Standard deviation is in parentheses ( ); range is in square brackets [ ].
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estimation of reliabilities indicated that the random effects of quadratic term of banner exposure
Banneriso 2 and advertiser Advertiseriso  across consumers are not signiﬁcant; hence we treat them
as ﬁxed effects. Similarly, analyses of the reliability variance estimates suggests that random effects
of session-level variables time since last click in
prior sessions TLClick iso  and total banner exposure
TBanneris  in Equation (7) should be constrained to
zero, hence these variables are also speciﬁed as ﬁxed
effects. Hence Equation (4) can now be respeciﬁed as

mance of the proposed models. By adding heterogeneity and evolution in the intercept, the log-likelihood
increases by over 20% in Alternative Model 1. The
advantages of accounting for heterogeneity only in the
intercept and slope parameters in Alternative Model
2 and heterogeneity and evolution in the slope and
intercept coefﬁcients in our proposed model are highlighted by the signiﬁcant improvement in ﬁt.
We also report the Akaike Information Criterion
(AIC = −LL + k). The advantage of BIC over AIC
is that it penalizes for an increase in the number
of parameters and sample size. After accounting for
the increased number of parameters via the BIC
(Bayesian Information Criterion; deﬁned as −LL +
05k logN , where k is the number of parameters,
N is sample size, and LL is the log-likelihood),
our proposed model incorporating heterogeneity and
evolution across sessions in the intercept and slope
parameters is the preferred speciﬁcation.
Because the behavior we are trying to predict is
relatively rare (the base probability of outcome is
very low), we also calculated another measure of predictive ﬁt as described in Morrison (1969). We rank
ordered the 11,619 observations in the holdout sample in decreasing order of their predicted probabilities
and classiﬁed the ﬁrst 561 as clicks (the total number
of clicks observed in the holdout sample). We also

Pr Click iso = 1  Click iso−1      Click is1 = 0


= 1 + expis + is1 Banneriso + is1 Banner2is
+ is2 Pagesiso + is3 Advertiseriso + 1i IST is
+ 2i TBanneris + 3i TLClick iso + iso 

−1



(13)

4.1. Model Fit
Table 3 reports the ﬁt statistics for the four models. We used the log likelihood, deﬁned as (¯ 2 = 1 −
L − k/L0, where L is the log-likelihood of the model
being estimated, and L0 is the log-likelihood of the
model with only the intercept term, thus adjusting
for the number of parameters in each model (BenAkiva and Lerman 1985) to compare predictive perforTable 3

Prediction Success Table for Click Outcomes
Predicted Outcomes
Proposed Model

Alternative 1

Alternative 2

Alternative 3

Observed Choice

Click

No Click

Click

No Click

Click

No Click

Click

No Click

Click (561)
No click (11,058)
Total (11,619)
Hit rate

232
64
316
41

329
10994
11303
994

14
221
235
24

517
10837
11354
954

136
272
408
242

425
10785
11210
962

187
139
296
333

374
10919
11357
987

Total hit rate
Success index
Log-likelihood

96
0.279
−132457

93
0.170
−142478

94
0.213
−138014

95.5
0.256
−135987

Fit Statistics for Calibration Sample
Log likelihood
AIC
BIC
¯ 2
No. of parameters estimated

−39,166.4
39,184.4
3920745
0.36
18

−436789
436899
4370399
0.28
11

−411397
411517
4116707
0.32
12

−400165
400305
4004843
0.34
14
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report success indices for each of the models. While
the alternative models also have high hit rates, this
prediction accuracy should be interpreted with caution (because it is driven by disproportionately higher
numbers of no click outcomes), given that only 2.4%,
24.2%, and 28% of clicks are correctly predicted. The
proposed model actually does far better in predicting
clicks (41%), the gain being primarily due to incorporating correlated random effects and evolution across
sessions.
Note that from a managerial standpoint, a simple linear additive model will correctly predict the
average click rate, though this predictive accuracy
will come at the expense of diagnostic ability.11
Because click-throughs on banner ads are extremely
rare events, with a large number of nonevents (i.e.,
no clicks) and very few events (i.e., clicks), it is well
known that logistic regression models can sharply
underestimate the probability of occurrence of events
(e.g., see King and Zeng 2000).
Table 4 reports the analyses of consumers’ click
decisions using Equations (7), (8), (10), and (12) modiﬁed according to respeciﬁcations in Equation (13).
Parameter estimates and standard deviations (in
parentheses) are reported for variables signiﬁcant
in at least one model. The parameter estimates
of the proposed model are signiﬁcant and in the
expected direction. Similar patterns obtain for the
alternate models, though differing parameter magnitudes would lead to different managerial conclusions.
4.2. Model Implications
In this section, we discuss our speciﬁc ﬁndings.
Within a session, we expected a negative and nonlinear effect on click probability due to wearout; we also
theorized that earlier ads would have a higher probability of being clicked on than ads exposed later.
Across sessions, we expected that longer intersession times in prior sessions and more banner exposures in prior sessions, and more time since the last
click in prior sessions would lead to higher click
probabilities in the current session. Additionally, we
expected that click probability would decline as the
total number of sessions increased. We also discuss
11

We thank the AE for suggesting this.
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our results for consumer heterogeneity in terms of
click-proneness.
4.2.1. Intrasession Effects. Both the variable banner ad exposures Banneriso and its quadratic term
Banneriso 2 have a signiﬁcant effect on probability of
ﬁrst click in a session in all of the model speciﬁcations. However, Table 4 shows that the coefﬁcient
of linear effect of banner exposures is negative and
signiﬁcantly larger than the positive quadratic term
leading to a negative and nonlinear impact on click
probability, as expected. Most consumers click on the
ﬁrst exposure to the banner ad in a session. If a consumer does not click on the ﬁrst banner ad exposure,
additional banner exposures in the session have lower
probabilities of generating clicks initially, but this negative effect levels off at very high levels of banner
ad exposure. This indicates that the marginal effect of
banner ad exposures on click probability is negative
at an increasing rate until the tenth banner exposure
in the session and decreasing thereafter.
In aggregate, the elasticity function reaches its minimum at 11 exposures, increasing thereafter indicating
there might be incremental gain in displaying banner
ads for the sponsor more than 11 times during a session. In our study, consumers were exposed to more
than 11 banner ad exposures in 21.5% of all sessions.
Each additional banner ad exposure decreases the
click probability by a factor of 0.672 (on a base probability of 0.043) until 11 exposures and increases thereafter, within the range of our empirical data. Note that
banner exposure coefﬁcient is a random effect that
changes from session to session for each consumer
(however, the quadratic coefﬁcient does not, the data
support its speciﬁcation as a ﬁxed effect). The statistical signiﬁcance of the variance of the banner exposure
coefﬁcient Var 10  = 1082 indicates that consumers
are, as we theorized, heterogeneous in their response
to banner ad exposures.
The mean of number of pages browsed in the session s till banner exposure occasion o was not significantly different from zero at 90% conﬁdence  20 =
−0013; however, the standard deviation of the coefﬁcient Var 20  = 1094 is signiﬁcant and fairly large.
This suggests that number of pages browsed affects
the click decision, with some consumers preferring to
click early during the session and others clicking late
533

CHATTERJEE, HOFFMAN, AND NOVAK
Implications for Web-Based Advertising Efforts

Table 4

Probability of First Click in a Session: Regression Coefﬁcients

Models:

Proposed Model

Alternative 1

Alternative 2

Alternative 3

Evolution across sessions:

Yes

None

Intercept only

None

Heterogeneity speciﬁcation:

Intercept and slope

None

Intercept only

Intercept and slope

0
Click-proneness intercept

−4123
0379

−4016
0381

−4623
0470

−4003
0454

Banneriso
Banner ad exposures present session

−0402
0071

−0378
0074

−0266
0069

−0307
0104

0018
0009

0016
0001

0014
0004

00006
0004

−0013
0086

−0040
0016

−0007
0016

−0011
0013

ISTis
Intersession time till session s

0131
0073

0113
0033

0276
0040

0035
0037

TBannerIs−1
Cumulative banner ad exposures
in prior sessions

0052
0002

0033
0002

0024
0003

0032
0002

TLClickiso
Time since last click

0391
0039

0377
0021

0318
0021

0316
0021

Sessionis
Number of sessions at site

−0006
0002

0020
0007

0018
0005

—

Banneriso ∗ Sessionis

−0021
0009

−0014
0006

−0013
0005

—

Pagesiso ∗ Sessionis

0014
0016

−0112
0019

−0114
0017

—

Advertiseriso

0002
0005

0019
0119

0045
0097

0003
0106

737
0609

—

694
0283

387
0922

10

1082
0180

—

—

2965
0313

20

1094
0011

—

—

0149
0015



−2107
0342

—

—

−499
0547

20



0017
0034

—

—

0111
0049



−0311
0074

—

—

−0062
0100

Variables

(Banneriso 2
Quadratic effect of present
session banner exposures
Pagesiso
Number of pages browsed

Variance of random effect intercepts
0

Cov0 
Cov

10



Cov0 
1

10

20

2014
0037

Notes. Data was pooled for both sponsors. The log-likelihood value for the model with only intercepts was −6083591. The normalization in the estimation
was with respect to advertiser #34. Boldface type indicates that probability exceeds 090 that coefﬁcient is > or <0, as indicated by the sign of coefﬁcient.
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in the session. The mean is not signiﬁcantly different from zero because the different behaviors tend to
cancel each other out in the population.
4.2.2. Intersession Effects. The positive coefﬁcient of intersession time 1 = 0131 on click probability indicates that for each consumer, click probability increases with increasing duration between
visits, as expected. The large, statistically signiﬁcant
variance Var1  = 2014 suggests time between visits signiﬁcantly impacts click behavior on ads and
that consumers differ with respect to repeat site visit
behavior. In general, new visitors and less frequent
visitors are more likely to click on ads than more regular visitors. Between-session variation is large, most
likely because consumers differ in their goals and orientation for visiting a site and contextual factors such
as time pressure, also differ on each visit.
Also as expected, the effect of cumulative banner
exposures in prior sessions has a small positive, but
signiﬁcant, effect on click probability. Each additional
banner ad exposure increases the click probability in
future sessions by a factor of 1.003.
Consumers who clicked on a banner ad at least
once in prior sessions had a signiﬁcantly higher
propensity to click after exposure to the banner ad,
compared to those who never clicked (2is = 0391,
Table 4). Additionally, consumers who have already
clicked in earlier sessions are more likely to click in
future sessions as time since last click increases, as
expected. For each additional day since the last click,
the predicted click probability increases by a factor
of 1.497 (on a base probability of 0.041, ignoring the
effect of other variables).
We ﬁnd that, overall, click probability decreases
with increasing visits to the site (Table 4, 1 = −0006).
This negative repeat visit effect was expected due
to increases in experience and consumer learning.
However, split-sample results (not reported here
in the interests of space) indicate this may not
always be true. Click-through rates may increase with
familiarity.12
4.2.3. Click-Proneness. The click-proneness intercept 0 = −4123 (Table 4, second row) suggests a
12

We thank the AE for pointing this out.
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click probability of 0.039, after all other explanatory variables are set to zero, i.e., when click
probabilities depend solely on intrinsic characteristics of consumers. As the click-proneness intercept
becomes increasingly negative, the consumer click
probability decreases. The large variance of the
click-proneness intercept indicates signiﬁcant dispersion in click-proneness across consumers.
The correlations among variables speciﬁed as random effects across consumers (see Table 4) has important implications. Across consumers, the estimated
correlation between banner exposure coefﬁcient and
the click-proneness coefﬁcient Cor0   10  = −074
is signiﬁcant, providing evidence that response to
each additional banner ad exposure varies with
innate click-proneness of the consumer. Banner ads
wear out faster for consumers with a higher clickproneness coefﬁcient. The small but signiﬁcant negative correlation between click-proneness and number
of pages browsed so far Cor0   20  = −0109 indicates that consumer with higher click-proneness coefﬁcient browse through fewer pages than those with
lower click-proneness coefﬁcient.

5.

Discussion

In this paper, we modeled the clickstream of consumer responses to banner ads at an advertisersupported Web site with mandatory visitor registration. Our parsimonious, yet ﬂexible modeling
approach allows us to decompose the variability in
consumers’ binary click responses over time and
demonstrate that the conditional probability of a
click response is heterogeneous across consumers and
varies across sessions for each consumer. Within a
session, we found a negative and nonlinear effect
on click probability due to wearout, and that earlier ads had a higher probability of being clicked on
than ads exposed later. Across sessions, we found that
longer intersession times in prior sessions, more banner exposures in prior sessions, and more time since
the last click in prior sessions led to higher click probabilities in the current session. We also found that
click probability declined as the total number of sessions increased.
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5.1.

Consumer Identiﬁcation and the
“Cookie” Problem
The lack of complete consumer identiﬁcation in clickstream data poses a challenge that many advertisersupported Web sites address by implementing
identiﬁcation procedures involving “cookies” (small
ﬁles stored on the consumer’s hard disk that allow the
client-side browser to be tagged with a unique identiﬁer) or voluntary registration. While we use clickstream data collected at a Web site with a mandatory
registration policy over a sufﬁciently long period of
time, most Web sites are reluctant to require mandatory registration. However, because cookies operate
implicitly, most consumers are not aware13 that virtually all commercial Web sites use cookies to track
visitor behavior.
As a modeling solution, the use of cookies to
track consumer behavior across sessions is problematic. Many consumers access the Web using multiple
browsers on multiple computers (e.g., home, school,
ofﬁce, friend’s house, library, and so on). Additionally, a single computer (e.g., at home) may have
multiple users, and each time a computer accesses
the Internet through an Internet service provider,
dynamic addressing assures that each session is
assigned a different IP address. Thus, using only
cookies, it becomes very difﬁcult to assign a particular consumer to a particular session, let alone link
sessions together. One popular technique captures the
consumer’s name at some point through registration
or purchase and subsequently uses this information
to identify the individual and attempt to link sessions,
for example by displaying something like, “Welcome
back, Jane Doe. If you are not Jane Doe, then please
log in here.” Yet clearly, cookies do not allow the
modeler to exploit similarities in click behavior across
sessions for each consumer and further restrict heterogeneity at the level of each consumer session. This
13

Experienced online consumers are aware that they can change
the default settings of cookie preferences on their browsers to disable cookies if they so desire. In that case, using cookies becomes
explicit. However, most advertiser-supported commercial Web sites
deny access to browsers that have disabled cookies, so in practice,
the consumer has no choice but to allow cookies if Web site entry
is desired.
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therefore has the potential to create biased estimates
of response parameters.
Our research highlights the importance of explicit
consumer identiﬁcation procedures to enhance the
value of clickstream data. Intersession click behavior
was an important component of our model across all
segments for ads of both sponsors in this study and
employed to capture heterogeneity across consumers
and model click propensity. Without such identiﬁcation, the modeling effort will necessarily be limited to
cross-sectional effects and may lead to considerably
weaker performance in terms of predictive ability.
Although clickstream data undoubtedly represent a
powerful new source of behavioral insight for marketing scientists, the clickstream data we analyze in
this paper limit our modeling effort in a number of
ways. First, we must be cautious generalizing from
just two sponsors. Second, our data preclude determination of whether previous clicks on any ads in prior
sessions, compared to the identical or even similar
ads in prior sessions, increases the click rate in the
current session. Third, the availability of banner ad
exposures and click data on all advertisements at the
site would have permitted estimation of overall clickproneness for each consumer at the site, thus allowing the site to identify consumers who click more
on ads in general. Fourth, data on individual banner executions, ad/content congruence and content
refreshment rates would possibly yield richer insights
regarding observed wearout effects. Finally, post-click
response data, not available for this study, would also
have been useful. Nevertheless, we have obtained a
number of interesting theoretical results with important implications for online advertising practice.
5.2. Key Managerial Implications
In stark contrast with broadcast media, online marketers are able to use sophisticated technologies such
as smart ad delivery and tracking on rich clickstream
databases to ﬁt models similar to the ones developed here. Such individual-level models can thus help
marketers develop more effective online advertising
strategies.
Our results tend to show that the more clickprone consumers experience faster wearout to banner ads and browse through fewer pages than less
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click-prone consumers. The marketing implications
are simple but important. There will be greater gains
in repeating banner ads for consumers (1) who have
low click-proneness coefﬁcients (low click probability) in a given session and (2) who in general do
not click much on average. Because additional banner
ad exposures in prior sessions appear to increase the
probability of a click in future sessions, there may be
beneﬁt to exposing consumers to banner ads even if
they do not click on them during the current session.
However, these gains will likely accrue only with
repeat visits the site. Hence, while repeating banner
ads in the short run (within a session) may lead to
tedium effects that decrease beyond a threshold level
of exposure, over the long run (across future sessions)
repetition may increase click probability.
The level of banner ad exposure that leads to these
gains varies across sessions for each consumer and
across consumers. It appears that gains from repetition accrue earlier (and hence more) in sessions
where consumers click more on banner ads in general.
Click behavior in prior sessions predicts click behavior in the future with more clicks occurring when consumers are exposed to the banner ads again after a
relatively long interval. Banner advertising exposures
in prior sessions impacts banner exposure wearout in
future sessions. Finally, we found that an increase in
visit frequency appears to be associated with lower
click probability in general. However, this implies that
declining click-proneness across sessions at the site
can be mitigated if consumers visit the site less frequently, or if the revisit is cycle is longer. Also note
that our split-sample results indicated that an increase
in visit frequency may not always be associated with
lower click probability. Future modeling efforts will
be necessary to examine and build on these results.
Our results also have relevance for two important issues in the online advertising industry:
(1) declining click rates and (2) exposure-based versus
performance-based pricing models.
In the long run, as the Web matures as a commercial medium, the results that more banner exposures
in prior sessions led to higher click probabilities in the
current session implies that the proportion of clickthroughs generated through repetitions will increase.
Because higher levels of banner exposures will be
Marketing Science/Vol. 22, No. 4, Fall 2003

required to generate these gains, we believe click
rates will continue to decline over time—a natural
consequence as consumers gain experience using the
medium and become more selective in how they allocate their cognitive resources and time online. Generating excessive number of exposures in each session
may not be an option for some sites that attract goaldirected consumers and where consumers browse
through few pages and then jump to other sites. In
those cases, embedding ads within relevant content
and using executions that arouse curiosity could be
the key to inducing clicks.
Because clicks are most likely to occur during initial banner ad exposures, and consumers become less
click-prone as they become more familiar with the
site over time, our ﬁndings help support the current industry practice of higher prices for banners
placed on entry and popular pages. Our research also
suggests a theoretical and empirical basis to support
impression-based pricing. Theoretically, our model
suggests that banner exposures that do not immediately lead to a click may still lead to enduring communication outcomes. Empirically, we show that banner
ad exposures in prior sessions have a signiﬁcant positive effect on click probability in future sessions.
Further, in situations where banner ads are placed
across a network of sites, it is possible that banner
ad exposures generated at one site may lead to clicks
elsewhere. Under performance-based pricing models,
Web sites that generate the cumulative effect—but
not the click—are penalized. So it is not surprising
that hybrid pricing models combining exposure and
performance are becoming increasingly important in
practice.
It is important to keep in mind that our model was
built to predict click behavior over a relatively short
period of time (i.e., less than a year), so this must
be considered when evaluating its ability to explain
the variance in future click-through rates over longer
horizons.
The dynamic nature of the Internet market suggests
that the model may have some difﬁculty predicting
long-term trends in click behavior ﬁve or more years
later. Modeling challenges in this arena include the
continual innovation of new ad forms, a constantly
changing landscape of Web sites that sell advertising
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space, and changes in consumer response that are not
based on consumer reaction to online advertising.
Thus, future modeling efforts may wish to take
these effects into account as they attempt to capture long-term trends in click-through rates. Likely
model variable candidates include terms that capture
long-term changes in the structure of the online
advertising market, such as the number and type of
advertiser-supported Web sites, number and type of
ad forms (including emerging alternatives to banner
ads), and consumer behavior variables.
5.3. Concluding Remark
Our research marks one of the ﬁrst attempts to
model click outcomes from advertising exposure data,
but click behavior is just one measure of advertising effectiveness. Increasingly, online advertisers are
ultimately interested in responses subsequent to the
click, such as purchase. The ﬁrst challenge for modeling such effects lies in more strategic data collection. Data
linking advertising exposure and subsequent market responses can only be collected through advertising networks and collaborative marketing alliances
between sites and advertisers.
While privacy concerns and regulatory threats loom
large (Tedeschi 2000), coming broadband access and
improved measurement technology will soon make it
possible to model the entire hierarchy of effects from
advertising exposure and information search across
several sites to product trial and purchase across several product categories. Availability of actual content consumption data will also make it possible to
develop targeted ad delivery methods at the level of
a paragraph on a Web page and enable the development of consumer proﬁles that tie content preferences
directly to online purchase behavior. The availability
of rich multisite consumer identiﬁed clickstream data
will lead to more sophisticated modeling of consumer
online behavior and more effective online marketing
strategies.
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Appendix A: Pooling Tests of Data

Because clicks on banner ads represent rare events, we tested for
homogeneity to determine if pooling the data across the two sponsors would be appropriate. Pooling offers the major opportunity to
gain degrees of freedom and improve reliability of estimates, but is
appropriate only if the homogeneity hypothesis can be accepted.
We tested the equality of intercepts and slopes (overall homogeneity) for both sponsors on the basis of a comparison of the sum
of the error sums of squares from the separate regressions with the
error sum of squares of the pooled estimates using iterative generalized least squares procedure proposed by Gatignon and Reibstein
(1986). The results appear in the following table. RSS2 +RSS1 −Rw =
181, whereas critical - 2 with 18 df at  = 005 is 19.67. The test
of equality of coefﬁcients using the difference of residual sums of
squares with 18 df indicates that the hypothesis of equal coefﬁcients is not rejected. Therefore, pooling data for the two sponsors
is appropriate.
Iteratively Reweighted Least Square Logit Results (Homogeneity
Tests)
Group
Unrestricted
Sponsor #15
Sponsor #34

RSS

MSE

df

N

668558
314647

2789
2941

23,956
10,691

23,974
10,709

983205
Completely restricted

983386

34,647
283

34,665

34,683

2
df =K

The homogeneity test statistic is RSS2 + RSS1 − Rw ∼ , where:
RSS1 = Error sums of squares obtained from the regression for
sponsor #15
RSS2 = Error sums of squares obtained from regression for sponsor #34
RSSW = Error sums of squares obtained from the pooled regression
K = number of parameters estimated (K = 18 in this research).
The - 2 test has k degrees of freedom.

Appendix B: Model Estimation

We specify a random effects estimator to model click outcomes
at each banner exposure and as a function of covariates capturing browsing behavior at each exposure occasion, session,
and individual’s activity at the Web site. The outcome variable, whether a consumer i clicked on a banner ad on exposure
occasion ois in session si , is a Bernoulli event. Equations (4)–(7)
specify a random-effects model to capture heterogeneity across
consumers and change in response parameters across sessions
while accounting for correlation in successive measures of click
response variables. Because random effects are speciﬁed at two
levels—systematic response heterogeneity (variation in response
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coefﬁcients across sessions) and random response heterogeneity
(variation across consumers)—the random-parameters logit simulator by Train (1995) and Revelt and Train (1998) cannot be used.
Such models have been extensively studied in the multilevel modeling literature. Both likelihood approaches (MQL and
PQL: marginal and penalized quasi-likelihood) and Bayesian
methods (empirical or MCMC estimations using adaptive hybrid
Metropolis-Gibbs sampling) have been suggested for estimating
models with Bernoulli outcomes and nested or hierarchical random
effects (see Rodriguez and Goldman 1995 for a detailed review).
As Browne and Draper (2003) recommend in their comparison of
Bayesian and likelihood methods for ﬁtting random-effects logistic
regression models, we use MLE for its computational speed during
the model exploration phase and Bayesian estimation using MCMC
to produce ﬁnal publishable results with an appropriate diffuse
prior.
For ease of exposition we respecify the random-effects logistic
regression Equation (7) as
iso

0

= f  + Xiso + Yis + is + I %
= 1 + exp− 0 + Xiso + Yis + is + I %−1 

(A.1)

where is ∼ N 0 2  and I ∼ N 0 2  and the variables Xiso and Yis
are composite scales with the model containing many variables that
vary across banner exposure occasions in a session and those that
vary across sessions. Note that the random effects of within session
variables and random effects of across session variables are correlated; however, we assume no correlations between random effects
of within and across-session variables.

Maximum Likelihood Estimation Approaches
The conditional likelihood function has the binomial form
Clickiso
I 

iso
1 − iso 
L      =
i=1 1 − iso

To specify a Bayesian model, priors need to be placed on the macro
parameters. Without strong intuition about the macro parameters,
the priors are assumed diffuse. The particular structure is

 2
is IID
 0
ui =
∼ N2 0 Vu  Vu =

(A.4)
i
0 2
The particular structure for the prior is


7 =
∼ MVN  0 '7 


'
(A.2)

f Ht+1  = f Ht  + Xiso ˆt+1 − ˆt f  Ht  + Yij ˆ t+1 − ˆ t f  Ht 
(A.3)

where f  H  = f H  1 + expH  −1  f  H  = f  H  1 − expH  1 +
expH  −1 . The term on the right-hand side of (A.3) updates the
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Bayesian Approaches

−1
7

To obtain the unconditional likelihood we need to multiply Equation (A.2) by the density of the random effects and integrate them
out. However, this is intractable. Quasi-likelihood solutions address
this by linearizing the exponential function in Equation (A.1) via a
Taylor-series expansion so that it assumes the form of a standard
normal model and then apply quasi-likelihood estimation using the
binomial distribution assumption (details in Goldstein 1995).
We use a ﬁrst-order Taylor expansion for the ﬁxed part about
the current estimates. For the second-order expansion for the random part we expand about zero, and we show below how this is
modiﬁed to obtain improved estimates. We obtain at the t + 1th
iteration of the iterative generalized least squares (IGLS) algorithm
(Goldstein 1995)

+ is f  Ht  + is2 f  Ht /2

ﬁxed part of the model and is equivalent to the standard iteratively
reweighted least squares algorithm, which leads to MLE. The third
and ﬁfth term on the right-hand side of Equation (A.3) leads to
ﬁrst order adjustment (Goldstein 1995). Because (A.3) is essentially
a linear model, procedures for linear hierarchical models can be
used.
If Ht = Xiso ˆt + Yis ˆ t it uses only the ﬁxed part predictor for
the Taylor expansion and is referred to as MQL (Breslow and
Clayton 1993). However, Ht = Xiso ˆt + Yis ˆ t + ˆis + ˆ s uses the Taylor
expansion about the current estimated residuals, or posterior means
of random effect and is referred to as penalized quasi-likelihood
(PQL) (Breslow and Clayton 1993). While the PQL estimates are less
biased compared to MQL due to their higher order of expansion,
they lead to substantial downward bias when random effects are
large. For this reason PQL estimates are used to generate starting
values for the Bayesian estimation.

=

0001

0

0

0

0001

0

0

0

0001

(A.5)

We use - −2 9  2  and - −2 9  2  priors for random-effects variances 2 and 2 , respectively. The inclusion of these priors in Equation (7) leads to the full posteriors of f Clickiso    is  I  as in
Browne and Draper (2003) which we omit expressing in its entirety
here because of its length.
This distribution does not lend itself easily to direct sampling. We use the Metropolis-Gibbs approach implemented in the
software package MlwiN in which Gibbs sampling is used for
variances and random-walk Metropolis sampling with Gaussian
proposal distributions is employed for ﬁxed effects and residuals.
We use scaled versions of the estimated covariance matrices from
PQL estimates to set the initial values of the proposal distribution
variances.
We deﬁne : as the vector of all unknowns      Vu 
where each element of : is one of the elements of the unknown vectors. The joint posterior for : given the data and priors is the product of the conditional density of each of the elements of :, given the
true value of every other element of : (which are unknown). We
construct a Markov chain whose stationary distribution is equivalent to the posterior distribution of :. Let :ni represent the ith
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iteration of unknown n, where the vector  0 is the starting value
of the chain. The chain then iterates in the following manner by
drawing successively from the distributions.
In step 1, ﬁxed effect coefﬁcients  is updated using the randomwalk Metropolis as follows: For l = 0     m and with −m signifying the  vector without component m
mt = m∗

with probability min 1

9t−1
m

=

∗
m
t−1
m

p  c   −m 
p

 c   −m 

and
p m  c   −m

−Clickiso 
Clickiso −1
∝
1 + e−Xiso
1 + eXiso


(A.6)

iso

In step 2, Metropolis-updates the across-session residuals is : for
s = 1     si and i = 1     I
with probability min 1

t−1

= is

pis∗  C   2 
t−1

pis

 C  2 

otherwise

where
t−1

is∗ ∼ N is
and

2

 2is




pis  c   2  ∝ −1 exp − is2
2




−Xiso −Clickiso
Xiso Clickiso −1
·

1+e
1+e
iso

(A.7)
In step 3, a Metropolis update of across-consumer residuals I


pi∗  C   2 
t
i = i∗ with probability min 1
t−1
pi
 C   2 
t−1

= i

otherwise,

where
t−1

i∗ ∼ N i
and

 3i2 




pi  c   2  ∝ −1 exp − i 2
2



Clickiso −1
−Clickiso
·
1 + e−Xiso
1 + eXiso

iso

(A.8)

In step 4, Gibbs update of across-session variance 2
2   ∼ V −1
where NJ =

540

K

I + 9 1  2  2 
 9 s +  
2
2
i

where I is the number of consumers in the sample. We derive the
speciﬁcation of the variances 1m  2is , and 13i , of the proposal distributions from the PQL estimates.
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