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Though research literature addresses a broad range of
advertising impact models, studies on the channel preferences of
online purchasers have received little attention, regarding both
multichannel settings and channel interplay in click sequences.
To provide advertisers a method for better evaluating customer
channel preference, this study investigates the path to purchase
by building on four multichannel clickstream data sets from three
industries, recorded with cookie-tracking technologies. Applying
a Cox model and clustering techniques supports delineation of
empirical generalizations and industry-specific findings on
channel exposure, including their antecedents and distinct
channel click sequences. Across data sets, online users show
idiosyncratic channel preferences for a limited set of one or two
channels rather than multiple online vehicles. Both channel
homogeneous click sequences and combinations of two channels
(including branded contacts) are effective as purchase predictors.
Our study also presents industry-specific results regarding the
influence of click sequences on purchase intent, thereby providing
insights for advertising research, particularly as are suited to
optimization of online advertising activities.

Online multichannel advertising refers to the practice of
simultaneously offering customers information, goods, services,
and support through a full range of synchronized channels.
Managing firm—customer interactions in the context of

Address correspondence to Ingo F. Becker, Swiss Federal Institute
of Technology in Zurich (ETH Zurich), Department of Management,
Technology, and Economics (D-MTEC), Weinbergstr. 56/58, 8092
Zurich, Switzerland. E-mail: ingofbecker@web.de

Ingo F. Becker (PhD, ETH Zurich) is associated with ETH Zurich,
D-MTEC, and chair of technology marketing, Zurich, Switzerland.

Marc Linzmajer (PhD, Zeppelin University) is a Postdoctoral
Researcher and Head of the Competence Centre E-Commerce at the
Institute of Retail Management, University of St. Gallen (IRM-HSG),
St. Gallen, Switzerland.

Florian von Wangenheim (PhD, Johannes Gutenberg University)
is a professor at ETH Zurich, D-MTEC, and chair of technology
marketing, Zurich, Switzerland.

integrated communication strategies and multichannel manage-
ment—which includes determining the channel exposures (e.g.,
search, display) that precede a conversion—has become a cor-
nerstone of online marketing strategy (Yadav and Pavlou 2014).
Thus, developing a deeper understanding of online channel pref-
erences, of the interplay of channels, and of the way that chan-
nels relate to customers’ (underlying) browsing intentions has
become increasingly important for managers and scholars alike.

Cross-channel research on direct marketing companies such
as retailers and brick-and-mortar stores suggests that cross-
channel advertising (including, for instance, online channels
such as search engines, and offline channels such as print,
radio, and television) constitutes synergetic cross-channel
effects (e.g., spillover effects) that increase advertising effec-
tiveness (Chang and Thorson 2004; Klapdor et al. 2015; Naik
and Raman 2003; Wiesel, Pauwels, and Arts 2011). Research
on offline and hybrid (i.e., online/offline) channels shows that
multiple channels are perceived to be more credible and to
increase processing motivation which, in turn, elevates brand
recognition and purchase intent (MaclInnis and Jaworski 1989).

However, it remains unclear whether the conclusions from
cross-channel research generalize to a pure online environment
(Li and Kannan 2014), which is typically classified along
numerous channels. Online customers who use various channels
while browsing (customers who prefer heterogeneous channels)
provoke more interchannel spillover. But are these customers
more likely to convert, thereby becoming more valuable than
online customers who stay predominantly within one channel
prior to purchase (i.e., customers who prefer homogeneous
channels)? Yet established cross-channel knowledge may not
apply, because in an offline or hybrid environment the media
vehicles often differ significantly in their appearance and sen-
sory stimuli (e.g., radio, print, television, laptop), while for
online settings the hardware transporting media messages is
more constant (e.g., the device’s display).
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Existing research on online advertising effectiveness illu-
minates a number of events involving singular channels
(Jerath, Ma, and Park 2014; Klapdor, von Wangenheim, and
Schumann 2014; Rutz, Trusov, and Bucklin 2011) and proves
that online channels affect one another (e.g., spillover
effects)—though mostly in two-dimensional channel condi-
tions (Rutz and Bucklin 2011; Yang and Ghose 2010). It fol-
lows that conclusions drawn from online research often refer
to selected channels (or a limited set of channels) and thus do
not provide a complete picture of the multichannel online
environment (Braun and Moe 2013; Rutz and Bucklin 2011;
Xu, Duan, and Whinston 2014).

In the more comparative context of a full set of online chan-
nels, less information is available on present and past channel
exposure, channel spillovers (heterogeneous channel interac-
tions), and channel carryovers (homogeneous channel interac-
tions), or the actual users’ channel preferences along the path
to purchase. To complement prior research in this multichan-
nel e-commerce context, we address three consecutive
research questions, focusing our interpretation on both gener-
alizable and industry-specific findings:

RQ1: What channel contacts—including present channel clicks
and past channel stock—indicate the formation of an online pur-
chase decision?

RQ2: In the journey to purchase, are the customer’s browsing pref-
erences more channel homogeneous or channel heterogeneous?

RQ3: What specific channel sequences manifested in users’ brows-
ing traits—across industries and in industry-specific contexts—pre-
dispose purchase intent?

For the first two research questions, we apply a Cox propor-
tional hazards model to analyze the full set of present and past
channel clicks. Furthermore, by using interaction -effects
between present and past exposures, we examine the moderating
role of prior homogeneous/heterogeneous channel exposure and
present channel browsing (clicking) behavior, and investigate
the link to customer conversions. For the third research question,
we apply multiple cluster analyses to uncover specific channel
click sequences consisting of up to four sequential clicks prior
to the Cox model. Implementing these click sequences for the
Cox model adds explanatory power to the explorative clustering
technique. Building on four large-scale clickstream data sets
from three different industries allows us to derive generalizable
and industry-specific empirical conclusions.

Our research contributes innovative understandings to the
literature of online advertising. First, we address channel
effectiveness in a multichannel online context (Fulgoni and
Morn 2009; Klapdor et al. 2015). Contrary to previous under-
standings of cross-channel preferences (Naik and Raman
2003; Tellis et al. 2005), our results (for all data sets) show
that customers in online environments who are likely to con-
vert use one preferred channel (or a limited set of channels
dominated by one specific channel). These results translate

into user channel preferences on the path to purchase that are
homogeneous rather than heterogeneous. Disentangling pres-
ent from (repeated) past clicks reveals that present clicks on
affiliates, branded paid and branded unpaid search, and social
media, as well as (repeated) past clicks on retargeting, are pos-
itively associated with conversion events across data sets.
Advertisers anticipating this behavior may create routes
toward more valuable user segments.

Second, we translate exposures into specific online channel
click sequences in a comparative, more complex manner
(Danaher and Dagger 2013; Hui, Fader, and Bradlow 2009),
leading to fine-grained, specific click patterns that support a
better understanding of channel effectiveness (Ghose and
Yang 2009; Rutz, Trusov, and Bucklin 2011). Across data sets
and for four online companies, we confirm our prior claim for
the consistent relevance of homogeneous channel sequences
that mirror channel user preferences, a claim that is also indi-
cated in multichannel relational communication (Godfrey,
Seiders, and Voss 2011). It is useful for advertisers and
retailers to recognize that the effect of homogeneous channel
preferences remains comparably stable when the length of the
analyzed click sequence is expanded up to four subsequent
clicks. In contrast, for travel-related online searches, the effec-
tiveness of specific channel homogeneous click sequences
declines. Across data sets, though only selectively, both chan-
nel homogeneous click sequences and their channel heteroge-
neous equivalents have a stronger effect on conversion events.
Still, the vast majority of these click sequences consist of no
more than two channels, expressing the tendency of users to
use a limited set of channels. While channel heterogeneous
click sequences (including branded contacts) apply consis-
tently across data sets, other contacts such as affiliates, refer-
rers, price comparisons, and retargeted advertisements appear
to be industry specific or driven by further underlying factors.

From a broader perspective, the more advanced understand-
ing of online channel click sequences that results from our
study generates meaningful insights into online user preferen-
ces, responding to calls for research that develops marketing
impact models to maximize advertising impact based on indi-
vidual-level customer path data (Hui, Fader, and Bradlow
2009). As well, our study reduces the gap between theory and
practice (Little 2004), and adds practical cross-industry gener-
alizations and industry-specific findings (Li and Kannan 2014).

CONCEPTUAL DEVELOPMENT

Conceptual Model

In recent years, analysis of clickstream data has advanced
significantly. These advances can be grouped into three broad
categories: (1) website use and navigation, (2) advertising on
the Internet, and (3) online shopping and e-commerce. There-
fore, many of the models have focused on whether a website
visitor will complete a transaction and on the factors that may
predict this conversion. By developing a literature review that
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details the impact of channel clicks and/or clickstreams on
customer conversions (Table 1), we identify two basic
research gaps. First, existing studies examine only a limited
range of channels, which prevents advertisers from effectively
allocating budget resources in the dynamic multichannel
online environment. Second, we were not able to locate gen-
eral results that address the impact of the entire clickstream on
conversion across industries.

To fill these gaps in the literature, we use an explorative
analysis approach. Based on the idea that time is a resource
and, as such, consumers must make decisions regarding their
use of time in the purchase of goods and services (LeClerc,
Schmitt, and Dubé 1995), we hypothesize that customers use
only a limited set of channel contacts on their path to pur-
chase—that when faced with endless opportunities to gather
information in the prepurchase phase, they can be impatient in
the online environment. To identify a general clickstream pat-
tern that better predicts customer conversions across indus-
tries, we applied the following conceptual model to all four
industries analyzed in our study.

We first developed a conceptual model of the relationship
between channel effects and conversions in order to analyze
bipolar user positions, showing channel homogeneous browsing
patterns on their path to purchase or channel heterogeneous
browsing patterns (Model 1: general channel effects). The main
model includes the effects of present and past channel exposures
(clicks), and the interaction effects between present and past
collective channel exposure (past stock). In addition, we added
a base model that excludes the interaction effects (Figure 1).

For Model 1, we implemented the effect of present firm—cus-
tomer contacts with the complete set of channels applied in our
data sets. Setting the foundation for subsequent analysis of inter-
action effects, we captured the effectiveness of present channel
contacts, also reflecting one-click journeys which do not include
interactions but which account for a substantial share of customer
journeys. Next, representing user browsing history, we captured
the number of past channel contacts (past channel stock), sepa-
rated into channel homogeneous variables and channel heteroge-
neous variables. Past channel exposure may affect future contacts
and journey outcomes (Klapdor et al. 2015), which advertisers
should take into account when they analyze current advertising
performance indicators (Li and Kannan 2014).

To provide more detailed results, we further conceptualized
specific channel effects, that is, the effect of specific channel
click sequences that take place in user journeys toward conver-
sion. As the number of potential channel click sequences
increases exponentially in accord with the number of channels
applied and the length of the click sequences modeled (the
curse of dimensionality; Bellman 1961), examining certain
effects (e.g., sequential click patterns) has inevitably required
simplification. Hence, we applied a set of cluster analyses to
uncover distinct browsing patterns within each data set. To
ensure both a high level of detail and an adequate sample size,
we implemented up to four sequential channel clicks within

our cluster analyses, enabling our consecutive model. Conse-
quently, in Model 2 we focused on specific channel sequences
distilled from the preceding cluster analyses, measuring the
effects of specific browsing patterns with two (Model 2a),
three (Model 2b), and four sequential clicks (Model 2c¢). To
alleviate potential multicollinearity, we refrained from model-
ing all effects within one model yet were able to retain unaf-
fected cross-industry comparisons (Figure 1).

In Model 1, with a focus on general channel preferences,
we implement interaction effects between present channel
exposure and past homogeneous (and heterogeneous) channel
exposure (past channel stock). While present channel effects
omit the user’s browsing history, aggregated past channel
effects remain independent from subsequent (present) channel
exposure. Thus, these interactions are well suited to extracting
the effects of present channel exposure and their antecedents.
The effects reflect the general user browsing pattern that cov-
ers the complete click history—for instance, to prefer channel
homogeneous browsing paths rather than those that are chan-
nel heterogeneous. However, the exact channel click sequence
remains hidden and, for instance, predominant channel homo-
geneous browsing paths may be interrupted be punctual clicks
on alternative channels. Model 2 thus complements Model 1
by consolidating up to four specific channel click sequences
into distinct variables, computing the effects of channel homo-
geneous as well as relevant channel heterogeneous click
sequences. Applying these models to four data sets, we aim to
identify cross-industry and industry-specific findings.

The Four Data Sets

We base our analyses on four sets of clickstream data—
records tracing the path individual users take while browsing the
Internet—that were provided by online advertisers. We also
worked in close cooperation with a multichannel tracking pro-
vider. Our technical data collection was based on cookie tracking,
which delineates individual devices to approximate individual
users. Cookie tracking serves as an invaluable input source for
advertisers, allowing them to compile records of individual
browsing histories, both from individual advertisers’ websites
and delivered by third-party advertising networks that track
browsing activity across websites. Despite its value, however,
tracking cookies has limitations. For instance, because cookie
data track at the device level, multidevice use by a single user, or
multiple users accessing one device, may be inaccurate. Users
who delete cookies present another distortion of reported data
(Flosi, Fulgoni, and Vollman 2013). Despite such limitations,
cookie-generated data remain a widely accepted standard for
industry and research (Tucker 2013).

Cookies provide specific useful information for our data sets.
We are able to document each visit to an advertiser’s website
with the origin of the click (either a direct type-in search using
the advertiser’s universal resource locator (URL) or a user click
on an advertising message), a time stamp accurate to the
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FIG. 1. Conceptual model of relationships between channels, channel

sequences, and conversions.

second, and a unique user identification (ID) associated with an
individual device. Particularly useful for our research are the
cookie data that indicate whether a site visit was followed by a
conversion event within 30 days, or whether it was a

nonconverting journey. We consolidated the data records for
each advertiser into one data set, maintaining unique user IDs
to allow for analysis at the most granular level.

We selected pure online players as data providers, facili-
tating exclusion of online/offline cross-channel effects.
These advertisers operate in three different industries,
namely, two online fashion stores (high priced and midle-
vel), one online luggage retailer, and one online travel
agency. Selecting fashion retailers with different price
ranges allows us to make within-industry comparisons yet
with different price sensitivity of users. The luggage
retailer complements retail-specific comparisons, whereas
results from the travel agency support analysis of differen-
ces and commonalities between retail and service compa-
nies. We further controlled for tracking errors, such as
double-counts of identical clicks, taking into account the
corresponding channel information and time stamp, as well
as nonhuman click behavior caused by web bots. Overall,
we excluded approximately 2.5% of all clicks. Table 2
presents a detailed overview of the data sets. Detailed defi-
nitions of the online channels appear in the appendix.

In our data sets, search engine advertising (SEA) signifies
paid ads on Google’s search engine, and search engine

TABLE 2
Descriptive Statistics of the Data Sets, Including Channels

Data Set 1 Data Set 2 Data Set 3 Data Set 4
Industry (Fashion, High Priced) (Fashion, Midlevel) (Retail Luggage) (Travel)
Number of different channels 11 11 10 9
Number of different channels analyzed 10 8 9 9
Number of journeys 1,184,582 862,114 405,343 600,872
Journey length in clicks 1.38 (1.88) 1.30 (1.23) 1.48 (1.28) 2.30 (5.20)
Number of different channels per journey 1.06 (0.32) 1.06 (0.27) 1.09 (0.33) 1.10 (0.33)
Number of conversions 10,153 16,201 8,117 9,861
Journey conversion rate 0.86% 1.88% 2.00% 1.64%
Number of clicks 1,635,724 1,122,838 601,417 1,380,190
Affiliate 754,355 2 1,699 36,487
Display 10 — — 787,743
Newsletter 79,453 12 8 17,204
Price comparison 2,205 — 15,003 90,302
Referrer 70,394 123,952 15,043 —
Retargeting 20,059 31 7,011 5,697
Paid search generic 120,542 119,374 442,617 287,346
Paid search branded 50,982 37,493 8,284 54,481
Unpaid search generic 123,850 330,081 62,179 73,492
Unpaid search branded 75,030 42,380 3,866 27,438
Direct type-in 338,844 213,053 45,707 —
Social media — 241,462 — —
Other — 14,998 — —

Note. Standard deviations are in parentheses. The different numbers of channels by advertiser are derived from the individual channel
propensity and the selection of each advertiser. Rare channels are removed from the models, as they are underrepresented and insignificant. DS
1 = display; DS 2 = affiliate, newsletter, retargeting; DS 3 = newsletter).
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optimization (SEO) refers to an unpaid organic search on Goo-
gle. Both appear in all four data sets and are separated into dif-
ferent channels for branded and generic search terms, because
they reflect different user browsing states (Rutz and Bucklin
2011). The frequency of channel exposure varies considerably
across the four data sets, alleviating endogeneity concerns. To
further rule out potential endogeneity, we ran models that
excluded retargeting and newsletter advertising, as these may
interrelate with previous contacts.

MODEL DEVELOPMENT

General Model Formulation

The aim of our customer channel preference analyses is two-
fold. First, we focus on general channel effects on conversion
events, including individual channel clicks and channel interac-
tions, to examine the effects of homogeneous/heterogeneous
channel usage along the full journey (Model 1). Second, we
deepen our general analysis of homogeneous/heterogeneous
channel preferences by investigating distinct effects of specific
channel click sequences on conversion events (Model 2).

To account for right-censoring and to reflect the sequential
nature of the path data, we applied a Cox proportional hazards
model (Cox 1972). The dependent variable is time ¢ leading up
to the occurrence of a binary event (here, a purchase event).
The model formula describes the hazard at time ¢ as the product
of two quantities—first, the baseline hazard, h, (#), which
defines the hazard per time unit ¢ at the baseline of the covari-
ates and, second, the exponential expression e to the linear sum
of B;X;, with the sum over p predictor X covariates, which
defines the responsive effect of the predictor covariates on the
hazard. The covariates are modeled time independently, as our
tests suggest the proportional hazards assumption holds. Being
unaware of the particular form of the underlying hazard, we
applied a semiparametric Cox model (Cox 1972), which derives
the hazard as multiplicative replica directly from the data,
increasing flexibility. The Cox model #; (¢, X) is defined as

P
hi (t,X)=ho (£)x exp Zs,x,,-), (1)
e

with X = (X, X», . .. X,,) predictor variables for customer i. Fol-
lowing prior research to untangle data to the most disaggregated
units (Tellis and Franses 2006), we based our models on individ-
ual customer journeys and we aggregate the time ¢ over days
(Lambrecht and Tucker 2013).

Modeling General Channel Contacts (Model 1)
Main effects. Although we consistently apply a Cox pro-
portional hazards model to investigate channel effects, the

preparation and setup of Model 1 and Model 2 follow specific
features. Consequently, the vector of covariates in our base
Model 1 for user i is specified as follows:

»
exp ( Z BX’/) =exp(BXii +BX+ - -+ + BXj + PPastX;
i=1

+ BPastXj; + - - - + BPastXj; + BChannelX;,
+ BChannelXj; + - - - + BChannelXj;). (2)

While the baseline hazard hq () captures the time effect,
aggregated over days, the vector of covariates captures the
effect of present channel exposures, past homogeneous
channel exposures, and past heterogeneous (multi)channel
exposures. In particular, X;; signifies present clicks on a
specific channel j. Furthermore, PastX;; corresponds to the
total number of clicks on channel j before each present
click, thus collecting preceding homogeneous channel
exposures (i.e., idiosyncratic channel preferences). Simi-
larly, ChannelX;, captures the number of different channels
the user is exposed to before each present click, excluding
the channel of the present click. In other words, the covari-
ate ChannelX;; captures the number of heterogeneous
(multi)channel occurrences prior to a click on channel j—
apart from channel j—and thus excluding homogeneous
channel exposures. An important feature of this definition
is that we model past channel exposures by their exact
occurrence, including past exposures both before and on
the same day, a method unique to our study, as prior
research includes only exposures prior to the corresponding
day (e.g., Lambrecht and Tucker 2013).

Interaction effects. To better understand user channel
preferences, we extend the base model by adding interaction
effects. While the base model includes predictors for present
and past channel exposures, the vector of covariates in the
main Model 1 further captures interaction effects between
present channel exposures and accumulated past channel expo-
sures—including both preceding homogeneous and heteroge-
neous channel contacts. In this way we measure the effects of
idiosyncratic and multichannel user preferences on their path
to purchase:

P
exp (ZBXij> =exp(BX;, + --- T BXj+BPastX;, + - -

=
+ BPaStXij + BChannelX;; + - --

+ BChannelXj; + BX;; x BPastXj + - -

+ BXjj x BPastX;; + BXj
x BChannelX;; + - -+ + BX;; x BChannelXj).

3
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Modeling Specific Channel Sequences (Model 2)

Defining the covariates. A related challenge to investigat-
ing channel preferences is associated with the rise of channel
diversity and journey length, which further provokes a phe-
nomenon known as the “curse of dimensionality” (Bellman
1961). To encounter this phenomenon, we proposed cluster
analysis as the data-mining technique to uncover relevant vari-
ables prior to application of the Cox model. For each data set,
we conducted four cluster analyses, building on the full sample
by including one-click journeys, as well as reducing samples
that comprise journeys with at least two, three, and four clicks.
Thereby, we ensured that we would identify relevant click pat-
terns that encompass more than one click. To determine the
number of clusters, we relied on the variance ratio criterion
(VRC) (Calinski and Harabasz 1974), as it is considered one
of the best-suited criteria (Milligan and Cooper 1985). Accord-
ingly, we computed the VRC for a range of cluster solutions
that leverage the w statistic to identify the cluster number that
best fits the data (Mooi and Sarstedt 2011). For each data set
and cluster analysis, we compared cluster solutions ranging
(Hubert and Arabie 1985) from two to 25 clusters to identify
the most adequate number of clusters. To ensure consistency,
we harmonized the number of cluster solutions for each sam-
ple that was suitable across all data sets. To form distinct clus-
ters, we applied widely accepted K-means clustering
initialized with centroids derived from Ward’s (1963) hierar-
chical clustering approach, using squared Euclidean distances
(Hubert and Arabie 1985; Steinley and Brusco 2007). Finally,
we translated the retrieved cluster centers into sequential click
patterns that may serve as focused input variables in our conse-
cutive Cox models on the effects of specific channel click pat-
terns. Thus, we approached the dichotomy between the curse
of dimensionality (Bellman 1961) and distilling relevant pat-
terns within the richness of data.

Preparing the model. Building on the cluster analyses, we
developed individual models to investigate specific click pat-
terns, including two (Model 2a), three (Model 2b), and four
sequential clicks (Model 2c). As click patterns consisting of
two consecutive clicks may overlap click patterns of, for
instance, three clicks, to rule out (multi)collinearity we
refrained from implementing all covariates into one model. In
addition to channel heterogeneous click sequences, channel
homogeneous click sequences appear to be prevalent across
all data sets and clustering approaches, specifying the vector
of covariates for user i as follows (Model 2a):

P
exp (Z B)(ij> =exp (BXii — Xi) + -+ +B(Xj; — Xj)

=1

+BXia — Xip) + - +BXii — Xij)). D)

The covariates measure two different types of effects cover-
ing homogeneous and heterogeneous click sequences.

Specifically, (X;; — X;;) measures the effect of channel homoge-
neous click sequences for user 7 and channel j, while (X;; — X))
measures the effect of channel heterogeneous click sequences
for user i and channels i and j. It is noteworthy that the latter
effect correctly reflects the chronological order of each click
sequence and applies only for covariates derived by the cluster
analyses. Model 2b and Model 2c are specified analogously,
reflecting click sequences of three and four clicks.

ESTIMATION RESULTS

We concentrate our interpretation on main Model 1, as it
also covers interaction effects as well as all variants of Model
2. The interpretation is contextual; the data sets do not include
information on users who did not interact with the focal
advertiser’s website. Accordingly, a negative coefficient does
not necessarily imply that the corresponding clicking behavior
of a user represents a lower purchase propensity than someone
who never visited the website. Also, the magnitude of a partic-
ular effect is not fully comparable between data sets, as all
data sets are unique insofar as they may comprise different
channels, channel fractions, and creative content. Yet the mag-
nitude of effects within each model provides a clear direction
of the click behavior indicating purchase intent.

Effects of General Channel Contacts (Model 1)

Present channel effects. The effects of website visits are
consistently positive across data sets, from present website vis-
its, through affiliates, social media, branded paid and branded
unpaid search, and direct type-ins. In contrast, the effects of
both present clicks on display advertisements and referrers
tend to be negative. For the remaining channels—newsletters,
price comparisons, retargeting, generic paid and generic
unpaid search—the picture is not clear-cut across data sets
(Table 3).

Affiliates serve as a gateway to a website. Because users
already anticipate where they are being transferred, users who
have a definite idea about their purchase intent confront the
potential to be encouraged to use an affiliate contact on their
path to purchase (DS 1: Affiliate b = 0.061, p < .01; DS 3:
Affiliate b = 0.285, p < .01; DS 4: Affiliate b = 0.200, p <
.01). In social media, for instance, the user who is redirected to
an advertiser’s offering must leave the current activity. How-
ever, if a user decides to leave a current web location to follow
an advertisement, the ad must have raised strong interest or
indicated a useful response to a need, indicating that social
media clicks may be a relevant source for anticipating conver-
sion events (DS 2: Social b = 0.092, p < .01). Direct type-ins,
in contrast, involve only those users who are already aware of
the existence of a corresponding website and who, at least in
part, know what that website offers. Thus, more directed (navi-
gational) users may apply such a channel (DS 1: Typeln b =
0.126, p < .01; DS 2: Typeln b = 0.061, p < .1). The same
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logic may hold for branded search, including paid search (e.g.,
DS 1: SEAbranded b = 0.244, p < .01; DS 2: SEAbranded
b = 0.462, p < .01) and unpaid search at a somewhat lower
magnitude (e.g., DS 1: SEObranded b = 0.133, p < .01; DS 2:
SEObranded b = 0.252, p < .01). Interestingly, different rules
seem to apply for a generic search. In our data sets, generic
search clicks show mostly positive effects for online retailers
(e.g., DS 1: SEAgeneric b = 0.299, p < .01; DS 2: SEOgeneric
b = 0.215, p < .01), but they reveal negative effects for the
travel website (DS 4: SEOgeneric b = —0.353, p < .01). Prior
research on paid search concludes that generic paid search has
higher apparent costs compared to branded paid search,
thereby creating spillovers to subsequent branded search
(Jansen, Sobel, and Zhang 2011; Rutz and Bucklin 2011).
While our results indicate congruence with the first claim, in
Model 1 we do not specifically focus on interactions between
generic and branded search, which may further enhance the
advertising value of a generic search. Notwithstanding these
interactions, a branded search is more directed (navigational),
while a generic search is broader (informational), also indicat-
ing a different user state within the purchase deliberation pro-
cess (Jansen, Sobel, and Zhang 2011; Klapdor et al. 2015). A
newsletter indicates positive effects for fashion retail yet nega-
tive effects for travel (DS 1: Newsletter » = 0.090, p < .01;
DS 4: Newsletter b = —0.091, p < .05). This deviation may be
explained by the dissimilar nature of the two product catego-
ries. While fashion newsletters may attract users to take advan-
tage of a time-limited offering (e.g., sale, discount campaign),
the acceptance of a travel offering requires more complex pre-
conditions, for example, leaving work for a holiday period, or
group decision making. Therefore, users reacting to newslet-
ters may simply be curious when viewing the offering or its
price, not knowing their actual ability to accept a special offer.
A similar explanation may apply for a retargeted display.
While a retargeted display may reawaken interest in retail
products, travel products are subject to more external influen-
ces (DS 1: Retargeting b = 0.148, p < .01; DS 3: Retargeting
b = 0.157, p < .05; DS 4: Newsletter b = —0.182, p < .1).
Moreover, the coefficients for price comparison websites show
deviating signs (DS 1: PriceComparison b = —1.651, p < .01;
DS 2: PriceComparison b = 0.156, p < .01; DS 4: PriceCom-
parison b = 0.036, p < .05). Accordingly, price competitive-
ness and degree of product commoditization may influence
user choice (Mehta, Rajiv, and Srinivasan 2003). With regard
to negative effects, display advertising, as it is initiated by the
advertiser, may increase user awareness or interest (Chatterjee,
Hoffman, and Novak 2003) or may affect changes in future
purchase intent (Braun and Moe 2013; Fulgoni and Morn
2009). In the relative context of our study, however, and with
regard to immediate effects, our results suggest that display
advertising is negatively associated with purchase propensity
(DS 4: Display b = —3.426, p < .01). Still, display exhibits
positive effects—on search, for instance—Ileading to an over-
all increase of return on investment (ROI) (Kireyev, Pauwels,

and Gupta 2013). That is why display advertising may be
worth investing in for the longer term, as its effects may last
for a comparatively longer period (Breuer, Brettel, and Enge-
len 2011). Referral campaigns comprise the second consis-
tently negative channel effect across data sets (DS 2: Referrer
b= —-0.196, p < .05; DS 3: Referrer b = —1.06, p < .05). The
relationship between the referrers and the referred user is
closer than in affiliate marketing, in the sense that the referrer
website is not necessarily compensated in a remuneration
model. Thus, because it is not part of the referrer’s business
model, the desire to refer a customer to a web shop may be
less pronounced.

Past channel effects. Next, we concentrate on the repeated
use of particular channels during the browsing history. The
past use of retargeting shows positive effects on conversions,
while branded search as well as direct type-ins are negatively
associated with conversions. The remaining channels show
results that are more diverse across the data sets.

With regard to retargeting, the coefficients reveal a slightly
positive effect (DS 4: PastRetargeting b = 0.059, p < .1),
which is especially interesting for advertisers who are con-
cerned about frequency capping in the context of retargeted
display advertisements. Thus, higher repetition rates of retar-
geted banners may reactivate users on their path to purchase.
In contrast, for search, branded search especially (both paid
and unpaid)—a repeated use of branded keywords—indicates
that users are either indecisive or, over time, are losing their
purchase interest in a specific product offered by a web shop
(e.g., DS 1: PastSEAbranded b = —0.156, p < .01; DS 2: Past-
SEAbranded b = —0.065, p < .01; DS 3: PastSEAbranded
b = —0.590, p < .01; DS 4: PastSEAbranded b = —0.181,
p < .01). Direct type-ins show similar browsing and purchas-
ing patterns (DS 1: Typeln b = —0.083, p < .01; DS 2: Typeln
b = —-0.092, p < .01; DS 3: Typeln b = —0.123, p < .05).
Both branded search and direct type-ins are perceived to be
navigational channels with a higher degree of contextual
matching, indicating that the user already has a (pre)defined
idea of what to expect (Broder 2002). As present contacts via
the corresponding channels positively influence the time to
conversion, and numerous past equivalent contacts are nega-
tive, the user decides to conclude with a purchase event in the
short term (after the contact point) or, alternatively, may be
unlikely to purchase at all. The results for generic search (paid
and unpaid) are mixed and depend on the data set (e.g., DS 2:
PastSEAgeneric b = —0.235, p < .01; DS 3: PastSEAgeneric
b = 0.110, p < .01; DS 4: PastSEAgeneric b = 0.139, p <
.01). These contacts indicate the informational nature of the
browsing stage, which, in some cases, may indicate informa-
tion acquisition and, in consequence, may still result in pur-
chase transactions (e.g., DS 2: PastSEOgeneric b = 0.051, p <
.01). Although the negative effects slightly outweigh the posi-
tive, affiliates, the effects of referrers, price comparison, and
newsletter should be specifically analyzed for each advertiser.
Hereby, repeated contacts seem to indicate interest, though do
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not necessarily direct users toward purchase events. For
instance, a customer who frequently uses an affiliate seems
indecisive; otherwise, a purchase transaction will instead fol-
low on short response (DS 1: PastAffiliate b = 0.083, p < .01;
DS 3: PastAffiliate b = —0.485, p < .01; DS 4: PastAffiliate
b=-0.449,p < .01; e.g., DS 3: Affiliate b = 0.285, p < .01).

Across data sets, the results for past repeated contacts are
more ambiguous, as the results for present contacts limit gen-
eralized recommendations and increase the necessity for ana-
lyzing these effects on a case-by-case level. Their joint
consideration may help in defining rules for frequency capping
in real-time bidding applications.

Homogeneous and heterogeneous channel interactions. Prior
offline and hybrid research has proved that multiple channels
prompt sales synergies (e.g., Chang and Thorson 2004). Extend-
ing this effect to an online context, we analyze whether users
exhibit dedicated homogeneous or heterogeneous channel
preferences.

Our study results reveal a surprisingly clear picture across
all data sets. The effects of interchannel, homogeneous spill-
overs become mostly significant and positive (e.g., DS 1:
SEAbranded x PastSEAbranded » = 0.135, p < .01; DS 2:
SEAgeneric x PastSEAgeneric b = 0.347, p < .01; DS 3:
Typeln x PastTypeln b = 0.138, p < .01; DS 4: Affiliate x
PastAffiliate b = 0.374, p < .01). The heterogeneous channel
interaction effects that have prior multichannel exposure
become mostly significant and negative (e.g., DS 1:
SEAbranded x PastChannelsNoSEAbranded b = —0.284,
p < .01; DS 2: SEAgeneric x PastChannelsNoSEAgeneric
b= —-0.403, p < .01; DS 3: Typeln x PastChannelsNoTypeln
b= —0.431, p < .01; DS 4: Affiliate x PastChannelsNoAffili-
ate b = —0.060, p < .05). In other words, users seem to prefer
online channels on their path to purchase. Multiple channel
exposures, manifested in heterogeneous channel utilization,
are perceived as interruptive, and thus are associated with a
lower relative purchase propensity (Xia and Sudharshan 2002).

Although our findings suggest idiosyncratic channel prefer-
ences, on a more detailed level punctual exceptions may apply.
With regard to homogeneous channel interactions, the coeffi-
cients for affiliates (DS 1: Affiliate x PastAffiliate
b = —0.069, p < .01), price comparison (DS 4: PriceCompari-
son x PastPriceComparison b = —0.129, p < .01), generic
paid search (DS 4: SEAgeneric x PastSEAgeneric
b = —0.086, p < .01), and generic unpaid search (DS 2: SEO-
generic x PastSEOgeneric b = —0.017, p < .10) become sig-
nificant and show a (slightly) negative sign. From the
perspective of present and past click exposure equivalents, all
these negative effects are associated with significant and posi-
tive effects (e.g., DS 1: Affiliate » = 0.061, p < .01; DS 1:
PastAffiliate b = 0.083, p < .01). Obviously, these channels
may exhibit negative repetitive effects. Yet these effects are
statistically positive indicators, particularly if they are treated
as decoupled from their channel pendants (present exposure)
or if their channel descendant is left undefined (past exposure).

These results demonstrate that findings in advertising effec-
tiveness research may not necessarily be generalized from a
single data set. With regard to heterogeneous channel prefer-
ences, our four data sets show two interesting exceptions. First,
the interaction between present affiliate clicks and the number
of prior channels shows a significant and positive coefficient
(DS 1: Affiliate x PastChannelsNoAffiliate b = 0.267, p <
.01). In some cases the affiliate seems to be fertilized by the
use of diverse channels. Given that affiliates may include
review or coupon websites, users who include affiliates may
be more advanced in Internet channel usage (Lambrecht and
Tucker 2013). They may, therefore, use multiple channels to
seek specific deals, culminating in an affiliate visit before con-
cluding a purchase event. Second, with regard to the travel
company, display advertising is stimulated by prior multichan-
nel use (DS 4: Display x PastChannelsNoDisplay b = 0.670,
p < .01). From our previous analysis, we know that present
and cumulated past display exposure measured in isolation
shows negative effects. In contrast to other channels, a display
may not exhibit a self-amplifying effect through repeated use.
Instead, display users who (actively) visit a corresponding
website via multifaceted paths appear to be more responsive to
firm-initiated media, such as display advertising (Shankar and
Malthouse 2007). The direction of the interchannel stimulation
is remarkable, as prior research suggests that display may fuel
indirect effects such as brand awareness and direct purchase
intent (Qiu and Malthouse 2009). Prior research has also
shown synergetic effects, such that display may raise search
conversion and related metrics (Kireyev, Pauwels, and Gupta
2013). While we may not refute the existence of these effects,
we demonstrate counterdirectional effects, from multiple
channel exposures, toward display. As both exceptional effects
occur within one unique data set, we may not generalize these
findings but instead recommend an analytical evaluation on a
case-by-case foundation.

Effects of Specific Channel Sequences (Model 2)

While Model 1 covers present channel clicks and reveals
that users who are prone to convert show idiosyncratic channel
preferences rather than multichannel preferences throughout
the full journey, it may not completely capture the exact
sequential nature of browsing patterns, as—based on Model
1—a user predominantly browsing via one channel may still
have clicked on more than one channel on the path to pur-
chase. To verify our first findings and to further elucidate exact
browsing patterns, we turn to Model 2, which is delineated into
three models to investigate click sequences of two clicks
(Model 2a; see Table 4), three clicks (Model 2b; see Table 5),
and four clicks (Model 2c; see Table 6).

Cluster analysis. In addition to identifying relevant input
variables for Model 2, a glance at uncovered browsing pattern
shows at least three interesting insights (see Table 7 to Table
22 in the appendix section). First, looking at cluster solutions
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TABLE 4
TABLE 4. Estimation Results: Full Table on Browsing Patterns With Two Clicks (Model 2a)
Data Set 1 Data Set 2 Data Set 3 Data Set 4

(Fashion High Priced) (Fashion Midlevel) (Retail Luggage) (Travel)
Variable B B B B
Affiliate—Affiliate 0.053"" 1.065" 0.182""
Display—Display
Newsletter—Newsletter 0.107"" 0.367""
PriceComp—PriceComp 0.265"" 0.108""
Referrer—Referrer 0.291 0.346 0.561""
Retargeting—Retargeting 0.155™" 0.150™ 0.149™
SEAGeneric-SEAGeneric 0.236" 0.188"" 0.132"" 0.188""
SEABrand—SEABrand 0.139™" 0.345™"" 0.504™" 0.347°"
SEOGeneric-SEOGeneric —0.354"" 0.259™"" 0.167°" 0.126™
SEOBrand-SEOBrand 0.1217 0.125™" 0.299"" 0.207""
Social-Social 0.136™"
Typeln-Typeln 0.239"" 0.167°" 0.520"""
PriceComp-Retargeting 1.809" 0.231 1.261°"
PriceComp—SEAGeneric 0.078 —0.167 0.875""
Referrer—SEAGeneric 0.164 0.438 ™ 0.270
Referrer—SEABrand 1.2417 1.160°" 1.830"
Referrer—SEOBrand 0.887"" 0.531" 1.649""
SEABrand-SEAGeneric 0.326™ 0.726"" 1.149" 0.288"
SEABrand-SEOBrand 0.242" 0.418"" 0.388" 0.112
SEAGeneric—Display
SEAGeneric—PriceComp 2.676"" 0.224 —0.501"
SEAGeneric—Retargeting 07117 0.4617" 0.521
SEAGeneric-SEOGeneric 0.152 0.287"" 0.084 0.451""
SEAGeneric-Typeln 0.622"" 1.0237" 1.448""
SEOBrand-SEABrand 0.616"" 0413 0.739"" 0.639"
SEOGeneric-SEAGeneric 0.198 0.440"" —0.057 0.195
SEOGeneric—SEOBrand 0.682"" 0.845™" 1.895" 0.773""
Typeln-SEAGeneric 0.247°" 0.453"" 0.574""
TypeIn—-SEOGeneric 0.184 0.475"" —0.284
N 1,184,582 862,114 405,343 600,873
Observations 1,398,267 964,836 461,108 792,345
Time at risk 1,863,964 1,306,432 655,963 1,171,897
Log likelihood —112,666.5 —181,493.4 —93.816.5 —115,963.9
AIC 225,383.0 363,024.8 187,683.1 231,967.9
BIC 225,686.7 363,248.6 187,959.1 232,199.5
R? (D) 0.132 0.139 0.189 0.405
R? (PH) 0.043 0.045 0.101 0.297

Note. Display was omitted.
*p < .10; **p < .05; ***p < .01.

based on full data sets (i.e., also including journeys with one
click) reveals that a substantial number of browsing patterns
are rather short, consisting of one or two clicks only, which
emphasizes the need for advertisers to take single (present)
clicks or short click sequences into account when optimizing
their advertising activities. Furthermore, when the click

patterns consist of more than one click, most of the identified
user browsing traits are channel homogeneous, embracing our
prior findings. Third, looking at samples that include journeys
with two or more clicks, the majority of browsing patterns
comprise only one or two different channels. Thus, users do
not focus on one channel, but rather a limited set of one or two
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TABLE 5

Estimation Results: Full Table on Browsing Patterns With Three Clicks (Model 2b)

Data Set 1 Data Set 2 Data Set 3 Data Set 4
(Fashion High Priced)  (Fashion Midlevel) (Retail Luggage) (Travel)

Variable B B B B
Affiliate—Affiliate—Affiliate 0.010 1.188" 0.172""
Display—Display—Display
Newsletter—Newsletter—Newsletter 0.099™"" 0.391"""
PriceComp—PriceComp—PriceComp 0.241°" 0.100"""
Referrer—Referrer—Referrer 0.206 0.228" 0.437"
Retargeting—Retargeting—Retargeting 0.084 0.145 0.140°
SEAGeneric-SEAGeneric—SEAGeneric 0.217"" 0.157°" 0.084"" 0.140™"
SEABrand-SEABrand—SEABrand 0.115"" 02217 0.483" 0.326""
SEOGeneric—-SEOGeneric—-SEOGeneric -0.216" 0.250"" 0.153" 0.295"
SEOBrand—SEOBrand-SEOBrand 0.106™" 0.037 0.300""" 0.266""
Social-Social-Social 0.120"
Typeln-Typeln—Typeln 0.177°" 0.017 0.456"""
Affiliate-TypeIn-Typeln 0.734™ 23347
Newsletter—Typeln-Typeln 0.432""
PriceComp-SEAGeneric—SEAGeneric —0.010 0.696""
Referrer—Affiliate—Affiliate 0.819"
SEABrand-Typeln-Typeln 0.651"" 0.325 1.582""
SEAGeneric—PriceComp-PriceComp —0.093 0.677"
SEAGeneric—Retargeting—Retargeting 0.962"" —0.328 1.755"
SEAGeneric—SEAGeneric—PriceComp 3.557° 0.572" —0.150
SEAGeneric-SEAGeneric—Retargeting 0.936" 0.803"" —0.083
SEAGeneric-SEAGeneric—-SEABrand 0.778"" 0.843" 1.648" 1.341°
SEAGeneric-SEAGeneric—-SEOGeneric 0.409 0.531" 0.385" 0.884™"
SEAGeneric-SEAGeneric-Typeln 0.412° 0971 1718
SEAGeneric-SEOGeneric—SEAGeneric 0.861"" —0.138 —0.332 0.880""
SEAGeneric-SEOGeneric—SEOGeneric —0.403 0.286 0.321" 0.339
SEAGeneric-Social-Social 0.699""
SEAGeneric-Typeln-Typeln 0.489" 0467 1.266""
SEOBrand-Typeln-Typeln 0.738" 07827 0.428
SEOGeneric—SEAGeneric—SEOGeneric 0.285 0.634™ —0.128 —0.182
SEOGeneric—SEOBrand—SEOBrand 0.795"" 0.993™" 2.988""" 1.134™
SEOGeneric-SEOGeneric-SEAGeneric —0.664 0.550"" 0.077 0.730"""
SEOGeneric—Social-Social 0.789""
SEOGeneric-Typeln-Typeln 0.354 0465 0.525
Typeln-Affiliate—Affiliate 1.285™" 0.219
Typeln—Referrer—Affiliate 1.514™
Typeln—Retargeting—Retargeting 0.483" 22017
TypeIn—SEAGeneric—SEAGeneric 0.072 0.624™" 0.405"
TypeIn—-SEOGeneric—-SEOGeneric 0.260 0.357" —0.559
Typeln—Social-Social 0.903""
N 1,184,582 862,114 405,343 600,873
Observations 1,398,267 964,836 461,108 792,345
Time at risk 1,863,964 1,306,432 655,963 1,171,897
Log likelihood —112,827.1 —181,731.4 —94,082.3 —116,809.8
AIC 225,718.2 363,510.9 188,226.6 233,659.6

(Continued on next page)
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TABLE 5
Estimation Results: Full Table on Browsing Patterns With Three Clicks (Model 2b) (Continued)
Data Set 1 Data Set 2 Data Set 3 Data Set 4
(Fashion High Priced)  (Fashion Midlevel) (Retail Luggage) (Travel)
Variable B B B B
BIC 226,107.0 363,793.6 188,568.9 233,891.2
R? (D) 0.057 0.076 0.138 0.357
R? (PH) 0.024 0.028 0.062 0.206
Note. Display was omitted.
*p < .10; #*p < .05; ***p < .01.
TABLE 6
Estimation Results: Full Table on Browsing Patterns With Four Clicks (Model 2c)
Data Set 1 Data Set 2 Data Set 3 Data Set 4
(Fashion High Priced) (Fashion Midlevel) (Retail Luggage) (Travel)
Variable B B B B
Affiliate—Affiliate—Affiliate—Affiliate —0.003 11517 0.158"
Display—Display—Display—Display
Newsletter—Newsletter—Newsletter—Newsletter 0.088""" 04127
PriceComp—PriceComp-PriceComp—PriceComp 0.266""" 0.091""
Referrer—Referrer—Referrer—Referrer 0.165 —0.159 0.437""
Retargeting—Retargeting—Retargeting—Retargeting 0.104 0.085 0.154"
SEAGeneric-SEAGeneric-SEAGeneric— 0.221" 0.089 0.068"" 0.158""
SEAGeneric
SEABrand-SEABrand—-SEABrand—-SEABrand 0.080""" 0.146"" 0.438"" 03117
SEOGeneric-SEOGeneric—-SEOGeneric— —0.313" 0.237"" 0.053 0.286"""
SEOGeneric
SEOBrand-SEOBrand—-SEOBrand—-SEOBrand 0.1117 —0.048 0.199 0298
Social-Social-Social-Social 0.109""
Typeln-Typeln-Typeln-Typeln 0.129:f* —0.114"" 0.365"""
Affiliate-Typeln-Typeln-Typeln 0.626""" 1.639""
Newsletter—Newsletter—Newsletter—Typeln 0.757"""
PriceComp—PriceComp-PriceComp—SEAGeneric —1.266 1.262""
Referrer—Social-Social-Social 0.956""
SEAGeneric-Affiliate—Affiliate—Affiliate 1.481°" 2.018™" 2.087°"
SEAGeneric—Affiliate—Affiliate-Typeln 2.582"
SEABrand-SEOBrand-SEOBrand—-SEABrand 0.532" —0.482 2209 1.489""
SEABrand-SEOBrand—-SEOBrand—-SEOBrand 0.8477 0.898" 25837 0.644™
SEABrand-Typeln-Typeln-Typeln 0.582"" 0.916™" 2.699"""
SEAGeneric-PriceComp—PriceComp-SEAGeneric —0.438 1.632""
SEAGeneric-Referrer—SEAGeneric—-SEAGeneric 2.199™
SEAGeneric—Retargeting—Retargeting—Retargeting 1.133 0.124 2.8827"
SEAGeneric-SEABrand-SEABrand—SEABrand 0.125 0.085 0.840" 0.872""
SEAGeneric-SEAGeneric—SEAGeneric—PriceComp 0.677" 0.028
SEAGeneric-SEAGeneric—-SEAGeneric—Retargeting 1.612" 0.388 1.401
SEAGeneric-SEAGeneric-SEAGeneric—-SEABrand 0.109 1.094" 1.546"" 17717

(Continued on next page)
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TABLE 6
Estimation Results: Full Table on Browsing Patterns With Four Clicks (Model 2c) (Continued)
Data Set 1 Data Set 2 Data Set 3 Data Set 4
(Fashion High Priced) (Fashion Midlevel) (Retail Luggage) (Travel)
Variable B B B B
SEAGeneric-SEAGeneric-SEAGeneric-Typeln 0.445 1.643"" 2.059"
SEAGeneric-SEAGeneric-SEOGeneric— —0.419 0.197 1.881°"
SEOGeneric
SEAGeneric—SEOBrand—SEOBrand—SEOBrand 0.452 1.197" 0.693 1.390""
SEAGeneric-SEOGeneric—SEA Generic— 0.200 0.188 0.302 1.275™"
SEAGeneric
SEAGeneric-SEOGeneric—-SEOGeneric— 0.899" 0.230 0.859™"  —0.502
SEOGeneric
SEAGeneric—Social-Social-Social 0.707""
SEAGeneric-Typeln-Typeln-Typeln 0.416" 0.225 17177
SEOGeneric—Affiliate—Affiliate—Affiliate 1.528" 3.612"" 3.930""
SEOGeneric—SEAGeneric—-SEOGeneric— 1.251" —0.602 0.859"
SEOGeneric
SEOGeneric—-SEOBrand—-SEOGeneric—SEOGeneric 0.896"" —0.255 1.583"
SEOGeneric—-SEOGeneric—-SEOGeneric— —1.090 0.634™ 0.443" 1.0137"
SEAGeneric
SEOGeneric-SEOGeneric—SEOGeneric—SEOBrand 0.470 1.169" 1.639 1.709"
SEOGeneric-SEOGeneric-SEOGeneric-Typeln —-1.035 1.329"" 1.012
SEOGeneric—Social-Social-Social 0.720™""
SEOGeneric-Typeln-Typeln-Typeln —0.057 0.364"" 0.678
Social-Social-Social-SEAGeneric 0.946""
Social-Social-Social-SEOGeneric 0.782""
Social-Social-Social-Typeln 0.775"""
Social-Typeln-Typeln-Typeln 0.533""
Typeln-Affiliate—Affiliate—Affiliate 1.846"" 0.082
Typeln-Affiliate—Affiliate—Typeln 0.199 2.445™
Typeln—Retargeting—Retargeting—Retargeting 0.103 s 1.5937"
Typeln—Social-Social-Social 0475
N 1,184,582 862,114 405,343 600,873
Observations 1,398,267 964,836 461,108 792,345
Time at risk 1,863,964 1,306,432 655,963 1,171,897
Log likelihood —112,901.1 —181,785.5 —94246.3 —117,232.4
AIC 225,868.1 363,637.0 188,566.7  234,518.8
BIC 226,269.1 364,025.7 188,975.2  234,831.6
R? (D) 0.016 0.028 0.105 0.319
R? (PH) 0.027 0.023 0.038 0.158

Note. Display was omitted.
*p < .10; ¥¥p < .05; ***p < .01.

channels tends to dominate their browsing traits. Due to the
explorative nature of cluster analysis, these results do not serve
to foresee conversion events.

Specific channel homogeneous effects (Model 2). Looking
at the channel homogeneous click sequences, with the excep-
tion of one covariate (e.g., Model 2a, DS 1: SEOgeneric—
SEOgeneric b = —0.354, p < .01), all significant effects show
positive signs embracing our prior findings (e.g., Model 2a,

DS 3: Referrer—Referrer b = 0.561, p < .01). However, the
magnitude of these effects, consistently across data sets, is sur-
passed by specific channel heterogeneous browsing patterns
for each data set and model (e.g., Model 2a, DS 3: Referrer—
SEAbranded b = 1.830, p < .01). Reflecting the exact sequen-
tial order of click patterns adds another level of detail, also
reflecting the interplay of channels. Though these findings
apply across industries, the comparison of channel
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homogeneous sequences of different length shows interesting
dissimilarities. For the two fashion retailers, when comparing
click sequences of two or more clicks the relative magnitude
of the channel homogeneous effects appears stable in the con-
text of their channel heterogeneous pendants. But the magni-
tude of these effects diminishes in the context of channel
heterogeneous effects for the travel company. In other words,
sequences of the identical channel seem less favorable for
attracting customers to travel products. These variations may
be moderated by the customer’s price sensitivity and the com-
plexity of the corresponding product category (Mehta, Rajiv,
and Srinivasan 2003).

Turning to channel-related effects discloses further indus-
try-specific and cross-industrial aspects, which remain compa-
rably stable for channel homogeneous click sequences of from
two to four clicks. For travel, sequences of newsletter, as well
as branded paid and branded unpaid search, show strong posi-
tive effects toward conversion events (e.g., Model 2a, DS 4:
Newsletter—Newsletter b = 0.367, p < .01; SEAbranded—
SEAbranded b = 0.347, p < .01). While branded search con-
tacts also express strong positive effects for retailers, it is nota-
ble that direct type-in, referrers, affiliates, and partly generic
search sequential contacts become advantageous predictors for
conversion events—which also mirrors our prior findings in
Model 1. Particularly, affiliates and referrers for the luggage
retailer, and referrers for one fashion retailer, indicate positive
effects (Model 2a, DS2: Referrer—Referrer b = 0.346, p < .01;
DS3: Referrer—Referrer b = 0.561, p < .01; Affiliate—Affiliate
b = 1.065, p < .01). Thus, for luggage products and midlevel
fashion, both affiliates and referrers may serve as relevant
gateways for catalyzing purchase events. The explanation may
route back to the question of whether these channels initialize
purchase paths or finalize purchase transactions, as they often
include coupons that allow affiliate websites to “free-ride” on
previous contacts, at least when leveraged by more advanced
online users (Berman 2016). For higher-priced fashion prod-
ucts, both direct type-in and generic paid search represent the
most promising channel homogeneous click sequences (Model
2a, DS1: Typeln-Typeln b = 0.239, p < .01), potentially
because more exclusive online stores may have invested more
resources into their brand recognition. This makes branded
searches less relevant, as their customer base may directly
route to their website using the corresponding URL. Notably,
these findings remain stable across click sequences of different
length.

Specific channel heterogeneous effects. Before interpret-
ing the effects of channel heterogeneous click sequences, a
remarkable finding is that, independent from the length of the
analyzed click sequence, the majority of browsing patterns
cover only two different channels, strengthening our prior
findings that user preferences are channel homogeneous rather
than channel heterogeneous. Yet the interplay between two
channels reveals amplifying effects that surpass the effect of
pure channel homogeneous sequences.

Across all data sets and lengths of click sequences, branded
exposures, including search as well as direct type-ins, play a
pivotal role in preparing purchase transactions (Model 2a,
DS1: Referrer—SEAbranded b = 1.241, p < .01; DS2: Refer-
rer—SEAbranded b = 1.160, p < .01; DS3: SEOgeneric—SEO-
branded b = 1.895, p < .01; DS4: Referrer—SEAbranded b =
0.773, p < .01). However, branded contacts are most effective
if preceded by other channels, such as referrers or generic
search contacts (Yang and Ghose 2010), deepening our prior
findings on search for Model 1. The positive effect levels off
for sequences of sole branded customer interactions, likely
because the transition from generic to branded contacts
expresses progression along the path to purchase. This may be
driven by the differing nature of apparent cost of generic and
branded search contacts that generate positive spillovers to
(subsequent) branded search contacts.

In addition, for online retailers, click sequences including
referrers and, across all data sets, click sequences including
affiliates, show strong positive effects on purchase propensity.
While referrer contacts tend to be situated at the beginning or
in the middle of click sequences, affiliates terminate click
sequences (e.g., DS1, Model 2b: Typeln—Referrer—Affiliate
b = 1.541, p < .05; Model 2c: SEAgeneric—Affiliate—Affili-
ate—Affiliate b = 1.481, p < .01). This supports the initial idea
that affiliates may serve to finalize purchase events, in part, at
the cost of potential advertiser revenues, as affiliates regularly
include discounts (Berman 2016). Along these lines, affiliate
contacts emerge in click sequences consisting of three or more
clicks and play only a subordinate role in shorter click pat-
terns. Thus, affiliates may still be necessary to successfully
convince undecided users with longer journeys to purchase at
the corresponding store—users that may procrastinate their
purchase or be lost otherwise (Amir and Ariely 2001).

Other relevant channels in channel heterogeneous click
sequences are price comparison websites, as well as retargeted
display banners. Interestingly, these findings seem to be asso-
ciated with the (relative) price points of the corresponding
offerings rather than with the respective industry. Two-click
sequences, including price comparisons, represent the stron-
gest positive effect for the high-priced fashion retailer, as well
as for the travel website (Model 2a, DS1: SEAgeneric—Price-
Comparison b = 1.809, p = .10; DS4: PriceComparison—
Retargeting b = 1.261, p = .05). Looking at longer click
sequences, price comparison contacts remain among the stron-
gest positive predictors for the first fashion retailer and the
travel company, and they gain importance for the luggage
company (e.g., Model 2a, DS1: SEAgeneric—SEAgeneric—Pri-
ceComparison b = 3.557, p = .01; DS3: SEAgeneric—-SEAge-
neric—PriceComparison b = 0.572, p = .05). Thus, price
comparisons seem less dependent on the product category than
on the actual price level of the offering and, in consequence,
on the price sensitivity of potential customers (Mehta, Rajiv,
and Srinivasan 2003). Expectedly, the importance of retar-
geted display advertisements for anticipating conversion
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events grows with the length of click sequences, and is typi-
cally anteceded by other contacts, such as search for the fash-
ion and travel companies or direct type-in for the luggage
retailer.

As final channel, the interpretation of social media contacts
reveals interesting usage patterns, although social media con-
tacts occur only within one data set. First, social media con-
tacts become relevant in longer click sequences that entail
more than two clicks, and they are especially suitable as pre-
dictors whenever paired with other channels. While the posi-
tive effect of stand-alone social media sequences is limited,
sequences dominated by social media contacts yet enriched by
single clicks on other channels (e.g., search, referrers, or direct
type-ins) become comparably strong (e.g., Model 2c, DS2:
Social-Social-Social-SEAgeneric b = 0.946, p = .01). Con-
sequently, users who react more than once to a distinct social
media campaign seem to represent a promising customer
group that should be taken into account by advertisers, espe-
cially those outside the sphere of social media.

DISCUSSION

This study develops a model for analyzing online journey
data that aims to illuminate user channel preferences in a mul-
tichannel online environment and for focusing on user click
patterns—both general channel contacts (Model 1) and spe-
cific channel click sequences (Model 2) across multiple indus-
tries. Most important, our research adds to advertising theory
and practice in numerous ways.

First, we link user channel preferences and purchase deci-
sion making by analyzing present channel preferences and
past channel stock and by introducing interactions between
present and past channel exposures (Model 1). Across all data
sets, we find that in a pure online environment users com-
monly select their preferred channels on the path to purchase:
Present clicks on affiliates, branded paid and branded unpaid
search, and social media, as well as (repeated) past clicks on
retargeting, are positively associated with conversion events.
Other channels are industry specific, or are affected by various
underlying effects, such as price comparison websites that
may be subject to price competitiveness or the degree of prod-
uct commoditization. Combining past channel exposure with
present clicks clearly establishes that customers who are prone
to convert use a limited set, rather than a multitude, of chan-
nels. Notably, then, customer journeys that entail repeated use
of a limited set of channels present a direct opportunity for
developing successful online advertising strategies. In con-
trast, user journeys dominated by multichannel exposures are
ineffective, contradicting studies that present the common
view of multichannel exposures being effective (e.g., Chang
and Thorson 2004). These conclusions add to prior multichan-
nel research (Naik and Raman 2003; Tellis et al. 2005),
extending established knowledge on synergetic channel effects
(Li and Kannan 2014).

We also identify new insights on specific channel click
sequences that reflect the exact browsing patterns of users who
entail up to four subsequent clicks (Model 2). Our study veri-
fies the consistent relevance of homogeneous channel sequen-
ces across data sets derived from our previous Model 1,
thereby mirroring channel user preferences—a consistent rele-
vance that is also shown in multichannel relational communi-
cation (Godfrey, Seiders, and Voss 2011). It is worthwhile for
online advertisers to note that the effect of channel homoge-
neous click sequences remains relatively stable when extend-
ing the length of the click sequences (from two to four clicks)
for retail (and especially for fashion retail), though the positive
effect levels off for travel. The different outcomes for travel
may link to the complexity of travel products, which often
require more complex browsing paths to finalize purchase
decisions. In addition to the relevance of idiosyncratic channel
preferences, we reveal that click sequences of up to four clicks
that also include two channels tend to surpass the effects of
pure channel homogeneous click sequences of the same
length. Importantly, these click sequences seldom include
more than two channels, confirming our previous claim
regarding the effectiveness of limited channel use by potential
customers. Across industries, we find that click sequences,
including branded contacts such as search or direct type-in, are
positively related to conversions. Retailer click sequences,
including affiliates and referrers, show strong positive effects
on conversions. However, referrer appears to indicate initial-
ized browsing sequences, while affiliate is seen when users are
prone to conclude a purchase decision. This distinction may
arise because affiliate websites often include coupons to cata-
lyze purchase decisions, though at the expense of potential
revenues (Berman 2016). In contrast, our results show that
price comparison is less industry specific and is associated
with user price sensitivity (Mehta, Rajiv, and Srinivasan
2003), such that effects for the high-priced fashion retailer
appear similar to the effects for the travel company. Thus, our
study deepens research on the introduction of holistic market-
ing impact models that build on individual-level customer
path data (Hui, Fader, and Bradlow 2009).

Third, our research also links theory to practice—focusing
on theoretical approaches to advertising effectiveness and to
clickstream analysis (Little 2004; Yadav and Pavlou 2014).
The opportunity to derive practical generalizations and indus-
try-specific conclusions in our study arose from our investiga-
tion of four real-world data sets from three industries that
comprise the complete range of channels that can be applied
(Li and Kannan 2014). Results from our application of cluster
analysis confirm that users who are likely to purchase do,
indeed, prefer a limited set of channels rather than myriad
online vehicles. These findings contain valuable implications
for practitioners in shaping their online strategies. The general-
ized findings may translate directly into concrete advertising
applications. Industry-specific insights provide advertisers
with methods for tracking the browsing histories of individual
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users and applying those observations to online strategies.
Another aspect of our study that extends to practice is our
focus on retargeting techniques—both in the context of meth-
odology and of the study results. Approximating our approach
to conversion likelihood and individual customer value is
applicable, particularly, in developing strategies for real-time
bidding. Furthermore, our insights not only are relevant for tar-
geting current customers but also are effectively applied to
new users identified from their web browsing. Appropriate
retargeting and budget allocation aimed toward well-selected
channels have been shown to improve advertising effective-
ness (Lambrecht and Tucker 2013; Tucker 2013). These exam-
ples illustrate that a range of insights derived from our results
can be used to improve advertising effectiveness.

LIMITATIONS AND OUTLOOK

Our research is subject to several limitations that may serve
to stimulate future research. One area that deserves further
investigation is related to cookie-tracking technology, and spe-
cifically to tracking limitations that result from cookie deletion
or multidevice usage. Although cookie tracking remains an
industry standard for clickstream analyses (Tucker 2013), new
tracking technologies may mitigate tracking limitations, but
the same new technology calls for new research. Furthermore,
our data sets comprise clickstreams that omit impression data
so that we do not track effects for users who only view an
advertisement. Studies that involve impressions as well as
clicks (e.g., in a two-stage model) could be a useful extension
of the present study.

Moreover, while our analysis of real-world field data meas-
ures direct customer—advertiser interactions, user motivation
and (potential) psychological mechanisms remain masked.
The data thus enable us to measure correlation, which is incon-
gruent with causality. Another useful avenue for future
research is continuing our research on the association of pur-
chase inclination and channel/channel category exposure by
developing substantive field experiments (ideally in combina-
tion with survey-based studies).

Although we applied a set of cluster analyses to thor-
oughly mine all data sets for hidden browsing paths, it is
possible that we missed relevant patterns. We note that
limiting channel combinations was the appropriate choice
for our study, as a fully comprehensive analysis that
included all possible channel combinations would have cre-
ated an unwieldy framework from which to create our
models. However, practical future studies on the interplay
of channels in multichannel settings might confront the
potential complexities by selecting an investigatory model
that can support a more complex number of variables to
extend our originating research. Therefore, a data-driven
approach to clustering online channels—ideal in this era of
big data—may further enhance the predictive power for
innovative online strategies.

SUPPLEMENTAL DATA

Supplemental data for this article can be accessed at
www.tandfonline.com/ujoa.
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