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Abstract

In this paper, we investigate three complementary measures of portal use: frequency of use, length of visits and
repeat use. To examine these three measures of use, we first classify the services provided by portals into three catego-
ries: search, information, and personal services. We argue that these three different functions affect portal use in differ-
ent ways. We primarily rely on the human computer interaction literature to develop our model of portal use. Our
analysis is based on Internet navigation data of 102 demographically diverse users over a period of one year for six
major portals. In total, we study 6321 distinct portal choices. Our results show strong repeat use for personal services
followed by information services and search function. Our findings show that cumulative dissatisfaction with search
results has a negative effect on future user choice decisions. Both information and personal services tend to extend
the length of portal visits. As expected, search services tend to reduce the time spent as users move on to the search
targets. But we also find that search function availability drives more traffic to portals than information or personal
services. Of the three services, personal services use shows maximum (week-to-week) stability, information services
use, on the other hand, shows least stability. Use of personal services leads to use of search and information services.
We also find that demographic characteristics play some role in portal use.
© 2004 Elsevier B.V. All rights reserved.

1. Introduction

Internet portals often act as gatekeepers to the
Internet. Users may begin their sessions on the
Internet by visiting a portal, and obtain informa-

* Corresponding author. Tel.: +412 268 1155.
E-mail addresses: rtelang@andrew.cmu.edu (R. Telang),
tridas@andrew.cmu.edu (T. Mukhopadhyay).

tion like news, weather or stock quotes. They
may move on to browse products, gather informa-
tion or even make purchases only after the Web
sites of interest have been located through the
search process [14]. Portals also provide many per-
sonal communication services in the form of
emails, message boards, etc. Moreover, most of
these services are offered to users free-of-cost. It
is no surprise then that portals are some of the
most visited sites on the Internet [16].
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Driving traffic to their sites and making users
stay for longer periods are important for portal
firms because Internet-based advertising is their
main source of revenue. | Generating repeat use
of their services is also critical because it allows
them to know their customers better and improve
their software design, update their information
and service offerings, etc. A repeat customer is
worth more to Yahoo! than a new one because re-
peated interactions with the portal provide Yahoo!
with a rich set of information about preferences
and purchase patterns at the individual level. Indi-
vidual-level data can then be used by Yahoo! di-
rectly or sold (or shared) with other companies
to tailor product offerings and even pricing plans
to identifiable and targetable consumers. It may
also allow a portal to convert the customer into
using several value-added subscription based
services.

It is therefore safe to assume that it is a com-
mon goal for Web portals to develop a loyal user
base that visits the site frequently, and spend suffi-
cient time per visit. Do they succeed in doing so?
What are the drivers of Web portal loyalty? What
are the determinants of the frequency or length of
portal visits? What roles do search, information or
personal services play in user behavior? Does user
behavior vary with demographic characteristics?
Answers to these questions will not only enhance
our knowledge of portal use, but also help under-
stand the development and maintenance of this
important class of software products.

While the portals are important players on the
Internet, there is not much scientific research on
different facets of their use. > We believe there
are two hurdles in conducting such research. First,
we have to rely on multiple disciplines to develop
testable hypotheses. For example, we must con-
sider the cognitive psychology and human compu-
ter interaction literature to understand the use

! The on-line ad revenues were close to US$6.5 billion in
2002 (Business Week, What’s New in Online Ads: Improve-
ment, October 31, 2002) and is expected to grow. Yahoo! earns
close to 65% of its total revenues (almost US$1 billion) from
ads alone.

2 The research related to portal use has been generally
confined to either technical domains or analytical models [3,17].

process. We have to borrow from the marketing
literature to analyze user loyalty to the portals.
Second, it is hard to obtain reliable and rich data
to empirically investigate the varied issues involved
in this research. In particular, we not only need de-
tailed use data of specific services (search, informa-
tion, email, etc.) at the individual user level for an
extended period of time (to track frequency and
loyalty of use), but we also require sensitive user
data to gauge the effects of demographic
differences.

In this paper, we investigate three complemen-
tary measures of portal use: frequency of use,
length of visits and repeat use. To examine these
three measures of use, we first classify the services
provided by portals into three categories: search
services, information services, and personal services.
We argue that these three different functions affect
portal use in different ways. We also investigate the
impact of demographic characteristics and control
for exposure to banner ads that may lead a user to
a particular portal. Finally, we consider user dis-
satisfaction with portal use. In particular, we ob-
serve whether users go to a portal to search for
some information, and switch to another portal
to continue the same search. We posit that the
cumulative dissatisfaction of this nature weakens
user loyalty.

Our analysis is based on the Internet navigation
data of 102 demographically diverse users over a
period of one year for six major portals. In total,
we study 6,321 distinct portal choices. Our results
show strong repeat use for personal services, fol-
lowed by information services and the search func-
tion. We also find that Yahoo! and Excite have the
strongest loyal base amongst the portals in our
study. Our findings show that dissatisfaction with
search results has a negative effect on future user
choice decisions. Both information and personal
services tend to extend the length of portal visits.
We find that while the use of search services re-
duces the time spent by users on portals, search
services are the key drivers of portal traffic. Of
the three services, personal services use shows
maximum (week-to-week) stability. Information
services use, on the other hand, shows the least sta-
bility. Use of personal service also induces the use
of the information and search services.
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Demographic characteristics play some role in
portal use. For example, high-income users tend
to be more loyal, spend less time per visit, and
their use of the search function is more stable.
Gender differences show up in information and
search services use; men tend to use more of these
services compared to women. The use of portal
services by adults and kids exhibits no difference.
Finally, race differences also occur in portal use.
While white users tend to be more loyal, they tend
to use information and search functions less. But
demographics have little impact on the frequency
of personal services use.

The rest of this paper is organized as follows. In
the next section, we discuss the prior research. In
Section 3, we present the conceptual model under-
lying our analysis. Section 4 outlines the model
estimation methods, while Section 5 describes the
data collection procedures. Section 6 details the re-
sults of our estimation. Finally, Section 7 con-
cludes our paper with some implications of our
research and points to directions for future
research.

2. Prior research

We rely on the cognitive psychology and human
computer interaction (HCI) literature along with
marketing literature to understand the drivers of
Web portal use. People may repeatedly use a spe-
cific portal because of knowledge gained about
the portal through usage experience. Users must
spend time in learning to use a variety of search
and other value-added features that impose
switching costs. The literature in HCI and cogni-
tive psychology has shown that there is considera-
ble exploratory learning involved in using
computer interfaces [6]. Users often develop men-
tal models about the system and then attempt to
apply these models to increase task efficiency
[22]. For example, anecdotal evidence suggests
that as people get used to a general “look and feel”
on the Web, comprehension time reduces, and the
ability to process information substantially in-
creases [2]. Repeated interactions with the portal
can lead to a comfort level with it and induce re-
peat use.

The marketing literature has also demonstrated
that brand loyalty induces repeat use. A common
explanation for brand loyalty is “inertia”. Shugan
[21] conjectures that this type of routinization re-
duces the “cost of thinking” and leads to repeat
purchases. Another related explanation concerns
consumer uncertainty about other brands. Eco-
nomic costs arise from the possibility that the
newly-purchased brand is not of expected quality,
and therefore not worth the price paid for the item.
Potential psychological costs include the discom-
fort associated with using an item that does not
perform up to expectations (e.g., eating a poor
tasting cereal).

However, there are two reasons that can weaken
this switching cost. First, learning can be transfer-
able, thus making it easy for the user to switch. Sec-
ond, the search results may not be satisfactory or
incomprehensive, leading the user to switch to
other portals.

Portal companies also attempt to lock in users
by adding new features to their products to en-
hance not only repeat use, but also the frequency
and length of use. Yahoo!, for one, spends close
15% of its annual budget on product develop-
ment [1]. Even Google, after years of sticking to
a simple search offering, is moving to offer free
email. Offering value-added features in software
is not a new idea. Nault and Dexter [19] show
how value-added features enable the software
firms to charge a premium. Brynjolfsson et al.
[5] study the spreadsheet features by employing
hedonic price analysis. Portals typically include
value-added features such as personalized news,
email, and chat rooms. Studying the effects of
portal features is particularly interesting because
we believe that different features impose different
switching costs, and affect the type of use in dif-
ferent ways.

Finally, we briefly note prior work on computer
and Internet use. Kraut et al. [14] reported that
demographic characteristics such as age, gender
and race play an important role in Internet use.
In another study, Kraut et al. [15] found that fe-
males used email more than males, but they used
the Web less than males. An important public pol-
icy debate centers on the role of race and income
in Internet access and use [11,12]. Given the
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importance of demographic characteristics, we in-
clude them in our models of portal use.

3. Model foundations

The Web, for the first time, enabled companies
to develop software to be made available to the
masses at no cost. Foremost among this new class
of software is Web portals. A fundamental re-
search question for the electronic commerce do-
main concerns the efficacy of both the process
and outcome of software development. Our inter-
est in this research involves the outcome measure-
ment. Indeed, software outcome can be measured
analogously in various ways such as extent of
use, user satisfaction, business process improve-
ment, etc. [§]. In the context of Web portals, we
specifically focus on the first metric: extent of
use. We demonstrate that a meaningful study of
portal use should meet three conditions. First, a
single metric of use is not sufficient. Second, por-
tals do not provide a homogenous set of services;
rather, their services belong to multiple classes.
Third, we must use multiple literatures to under-
stand the use of different classes of services availa-
ble at Web Portals.

3.1. Measures of portal use

We recognize that the success of complex soft-
ware products like Web portals ultimately de-
pends on their ability to generate more revenue
than costs. It is quite clear that portal use consti-
tutes a necessary condition for this success. Our
focus on portal use thus constitutes an important
research question on its own merit. However, the
selection of metrics of use in this context should
take into account the dominant business model
of the Web portals. Given that most portal serv-
ices are given away for free, and users have access
to multiple providers, we believe that a successful
portal would require a loyal base of users who
repeatedly come back to the same portal on a fre-
quent basis for extended periods of use. We,
therefore, use three complimentary measures of
portal use that mirror the business goals of
Web portals:

3.1.1. Repeat use

No portal can be financially viable without a
significant fraction of its users coming back to
the site repeatedly. Repeat users not only reduce
the marketing costs of user acquisition, they also
enable the company to understand user behavior,
and accordingly change the offerings, and discover
new service or business opportunities. However,
repeat use or loyalty to a Web portal is not a cer-
tainty. ® Users have many choices. They typically
do not have to pay for portal services, nor do they
incur much switching costs in going to a different
portal. In this context, how much repeat use do
we actually see for portal use?

3.1.2. Stickiness

Portal site operators should not simply be satis-
fied with frequent repeat users; they also want the
users to spend more time per visit. We use the
length of use or stickiness to measure this behav-
ior. Ironically, while some portal services may in-
crease stickiness, others may do just the opposite.
Thus, for example, effective search services may
actually reduce stickiness, but improve frequency
of use.

3.1.3. Frequency of use

Repeat use in itself does not spell portal success;
users must return to the site frequently to increase
the viability of the portal business model. Why will
users come to the portal site frequently? Will they
come back for search, information or email? Will
the use of one type of service (e.g., search) induce
the user to try another service (e.g., information)?
Will different user types (male vs. female, for
example) exhibit different propensity to return to
the site frequently?

3.2. Classification of portal services

We have made repeated references to the differ-
ent types of services provided by portal sites. In
classifying portal services we make use of two cri-
teria. First, the development and maintenance of

* We will continue to use the term loyalty and repeat use
interchangeably.



R. Telang, T. Mukhopadhyay | Electronic Commerce Research and Applications 4 (2005) 4965 53

different service types should require different
methods, and thus lead to different cost structures.
Second, users derive different utilities from the
services, and therefore exhibit distinct usage pat-
terns. In addition, the propensity for switching
may also vary across the services. For example,
while switching may be relatively easy for search
tasks, the use of information and personal services
may raise barriers to switching. We divide portal
services into three categories.

3.2.1. Personal services

These features generally require registration via
entry of a username and password to access the
services. They also let users customize their inter-
actions with the site. All the portals we examined
offer personalized services for emails, chat rooms,
bulletin boards, messaging services, and personal-
ized home pages, etc. In addition to meeting the
aforementioned conditions, all of these features
have interfaces of their own. For example, when
a user accesses Yahoo! mail, she gets a completely
different interface from the original portal
interface.

3.2.2. Information services

As the name suggests, portals provide informa-
tion services to users through these features. News,
weather, and sports are some of the examples of
information services. Generally, users can access
these services directly from the portal, without
entering any username and password. For exam-
ple, users can often access current news by clicking
the appropriate link on the portal site.

3.2.3. Search services

The emergence of the Web as the favorite desti-
nation for users to find information for practically
anything has made the search function an indis-
pensable tool for portals to lure users to their sites.
The sheer size of the Web and its rapid growth
make the search function a daunting task. At the
same time, users demand quality results. To satisfy
user requirements, portals follow a variety of strat-
egies. While some provide homegrown solutions,
others rely on outside solutions.

Next, we present our conceptual model of por-
tal use in Fig. 1. This model has three components.

The first model examines the effect of repeat use,
demographics and other variables on portal
choice, and is discussed in Section 3.1. The second
model on stickiness concerns the length of user vis-
its, and is described in Section 3.2. The last model
examines the frequency of portal use, and is ex-
plained in Section 3.3. Each of these models is esti-
mated at the aggregate portal Ilevel and
disaggregated task level.

3.3. Model of repeat use *

One might argue that users need not show re-
peat use to any portal because they can easily
switch to a competing portal without incurring
any costs. In popular terms, another portal is only
a mouse click away. However, as we saw in the
previous section, there are many reasons for the
users to keep choosing same portal including iner-
tia, habit formation, and observable cumulative
experience with the portal and switching costs. A
positive experience with a portal might lead to re-
peated use even though other portals are available.
To understand the repeat use of portals, we must
consider two main drivers — user learning and user
satisfaction.

The GOMS (goals, operators, methods and
selection rules) Model [18] has been widely applied
to quantify learning and transfer of learning.
According to this model, a task can be decom-
posed into perceptual, cognitive, and motor activ-
ities. Perceptual activities include reading
information and locating an icon; cognitive activi-
ties include remembering mapping instructions
and icons, formulating goals, and developing an
action plan. Motor activities include moving the
mouse and clicking. Based on this theory, similar
tasks make learning easily transferable and have
lower switching costs. For the purpose of simple
search tasks, all portals are quite similar in their

4 Note that the measure Repeat Use is first created from the
choice of portals by an individual. An individual selects one of
the six portals at every visit. It is then regressed on the future
choices to test whether it plays a significant role. Repeat Use
therefore, appears as an independent variable in Fig. 1. Thus,
the model of Repeat Use, in principle, is a multinomial choice
model.
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Independent Variables

Control Variables

Dependent Variables

Portal Intercepts

Portal Choice

Demographics

Repeat use

Banners ads

Dissatisfaction

e Aggregate
e Task level

Portal Stickiness
e Aggregate
o Task level

Frequency
e Aggregate
e Task level

Lag and Trend

Fig. 1. A model of portal choice and stickiness.

designs. The search feature (which involves a text
box and a search button) is easily visible, and easy
to locate on the popular portals. All require the
user to enter the search term(s) and click the
“search” button. Clearly, this task is quite similar
across portals in terms of perceptual, cognitive,
and motor activities.

While learning information services features is
cognitively simple as it merely involves looking
up the feature and clicking it, it is perceptually dif-
ficult to transfer. Size, location, color, and presen-
tation have significant impact on the perceptual
ability of the user [7]. Similarly, time to identify
and locate information is reduced significantly
with familiarity [13]. Since portals display a great
deal of information, it is difficult to locate the de-
sired feature on different portals, if not to know
whether they offer the feature at all! With repeated
use, users not only become efficient, but also deve-
lop reasonable expectations about the results.
They may find it easier to use the familiar features,
which may lead to higher switching costs and
hence more repeat use.

Finally, the personal services require the users
to learn many rules (high cognitive load). For

example, to use email, not only does a user have
to locate and click it, but she also has to go to a
different interface, and learn many rules about
composing and sending the message. If the user
switches to a different portal, she will have to learn
many new rules. There is also a significant set-up
cost when signing up for these features in terms
of selecting an id, password, and enter some per-
sonal information. In addition, switching to a dif-
ferent email would also require the user to
communicate the new id to her acquaintances. In
sum, the switching cost for personal services is
much higher. We, therefore, expect that personal-
ized features will lead to higher repeat use. Thus,
we hypothesize:

H1. (Personal service hypothesis). We expect
repeat use will be a significant predictor of future
choice and personal service use will generate the
strongest repeat use.

While learning imposes switching cost, desire
for comprehensive and complete search results
may encourage users to switch to other portals.
It has been well documented that search engines
run the queries on a local database that contains
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only a fraction of documents available on the
Web. Moreover, the engines run different algo-
rithms for ranking the documents leading to vastly
different results for similar search queries [4].
Therefore, users may not be totally satisfied with
the results of one engine and may switch to an-
other engine immediately to start the search proc-
ess anew. Unlike other traditional goods, our
server records of portal use can detect this phe-
nomenon of immediate switching with a high de-
gree of confidence. Whenever a user switches to
another portal and continues the process with a
similar search term, it suggests that the user was
not entirely satisfied with the previous results.
We argue that this user experience may lower her
quality perception of the portal, and adversely af-
fect the future user of the portal.

Choice sequence in Fig. 2 explains the concept
of cumulative experience. The user has chosen se-
ven portals in four search sessions. In the first
search session, the user visits Yahoo!, performs a
search and quits. Next time, she again starts her
search session with Yahoo!, but switches to Excite
to continue the same search. We conjecture that
this immediate switching occurs due to unsatisfac-
tory results from Yahoo! Here, Excite represents
“intra-session switching” as it occurs during the
same search session. The user visits Lycos for her
third search session and finally, in the fourth
search session, she starts with Excite and switches
to Altavista to continue the same search. She is
dissatisfied again with the Altavista results and
switches to HotBot to continue the search (another
example of “intra-session switching”).

Search Session Portal Choice No.

1 ___ Yahoo 1

2 +——  Yahoo \ 2

Excite 3

3 [ Lycos 4

4 ——  Excite 5
AltaVista 6

HotBot 7

Fig. 2. Choice sequence for a user.

We argue that intra-session switching reflects
the user’s reaction to the quality of search results
and affects her future use of the portal. We use
the term cumulative negative experience (CNE) to
capture the effect of dissatisfaction on future
choices. This is the proportion of times the user
made an intra-session switch away from an engine
to the total number of times she used the same en-
gine. In Fig. 2, the user chose Yahoo! twice (choice
1 and 2) and switched away once (choice 3). There-
fore for a future choice (e.g., choice 4), CNE is
equal to half for Yahoo!. It is clear that CNE for
Yahoo! may change over time. We find that such
intra-session switching occurs 22% of time for
Infoseek and 15% for Yahoo!

H2. (Search dissatisfaction hypothesis). Higher
dissatisfaction with search results, lowers the
future use of the portal.

There is one more aspect of the user environ-
ment, namely advertising exposure, that may also
affect the choice of a portal. We consider only
exposure to online advertisements, generally
known as banner advertisements [11,12]. Although
the click-through rates are low, given the preva-
lence of advertising on the Internet, we have in-
cluded these banner ad exposures in our choice
model. We record whether the page visited imme-
diately preceding a portal choice contained an
advertisement for that portal. If it did, we consider
the user to have been exposed to an advertisement.
We believe advertisements that are seen immedi-
ately prior to the choice can have a positive impact
on choice. We also include the demographic varia-
bles for the choice model. Finally, portal intercepts
in Fig. 1 controls for portal-specific characteristics
not included otherwise in our model.

3.4. Model of stickiness

The model of stickiness is based on user’s will-
ingness to spend time on the portal once the choice
of the portal has been made. We expect the drivers
of the stickiness model to be similar to those of
the choice model discussed above. For example,
higher repeat use is likely to increase stickiness
but increased dissatisfaction is likely to have the
opposite effect. Since the time spent on a portal
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is conditional on the choice decision, the banner
ad is not a relevant here. We also include the por-
tal specific dummies to control for different por-
tals. Finally, we include the demographic
variables for the stickiness model.

We argue that the type of task again plays a
critical role here. Search tasks are goal-directed
and can be accomplished quickly. Once the results
are returned the users can quickly navigate to the
referred sites. Therefore, we expect to observe a
low level of stickiness for search tasks. On the
other hand, the information service task is more
browsing-oriented (for example, reading news or
getting a weather report) and requires a long
amount of time to be spent. Moreover, often users
may choose some information services for leisure.
For example, playing games or reading horoscopes
requires user to spend a fair amount of time on the
portal for these activities. Personal services also
fall into a similar category. Participating in a mes-
sage board, or writing and composing an email are
time-consuming activities that may necessitate
more time to be spent on the portals. Therefore:

H3. (Task type hypothesis). Type of task will play
a crucial role in determining the stickiness of the
portal. Search task will generate the least stickiness
but personal and information service use should
increase it.

We analyze this model in two steps. First, we
examine stickiness at the portal level as a whole
and then, we disaggregate across the three tasks:
search, information and personal services.

3.5. Model of use frequency

The goal of the frequency model is to under-
stand how frequent and stable portal use is over
time. To accomplish this goal, we measure fre-
quency as a count of the number of visits to all
portals each week. Unlike the two previous mod-
els, we include time-specific drivers to explain the
stability of portal use. Two specific drivers of this
model are lag and trend as shown in Fig. 1. The
lag variable captures the effect of prior use (previ-
ous week) on current use. The trend variable, on
the other hand, examines how frequency of use
changes over time. We also include repeat use

and demographics as possible drivers. We expect
repeat use to positively affect the frequency of
use. Since CNE is specific to individual portals
while our frequency measure is the aggregate
weekly count, we do not include CNE in our fre-
quency model.

As in the previous models, we disaggregate the
frequency of use at the task level. This permits us
to examine the stability as well as frequency of use
for each task. We expect that the use of personal
services will exhibit the highest stability. For
example, we expect users to visit their mailboxes
at regular intervals. However, their use of the
search function will depend on their need for
information, and can be uneven. Interestingly,
the use of the search function can be more fre-
quent, but less stable. Similarly, their use of infor-
mation services may be subject to time
availability, and may exhibit fluctuations. The
task level model also allows us to investigate
how the use of one service may lead to the use
of the other two services. For example, we exam-
ine if the use of search function increases the use
of information services.

H4. (Frequency of use hypothesis). We expect
search services to be used more frequently but
the use personal services should be more stable.

4. Model estimation

This section is divided into three subsections.
Section 4.1 describes the model for repeat use. Sec-
tion 4.2 describes the model for stickiness. Before
we proceed, we first provide Table 1 which sum-
marizes the independent and dependent variables
of each model.

4.1. Repeat use model

The model for repeat use is basically a choice
model. We first construct a measure for repeat
use from the choices made by a user and estimate
its impact on the subsequent choices of the portal.
We test whether the parameter for repeat use is
statistically significant. We use the commonly used
multinomial logit for estimating the choice model.
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Table 1
Independent and dependent variables in each model

Dependent variable

Independent variables

1. Choice model
Estimated using multinomial Choice variable (1 for the portal
logit visited, 0 for others)

For the task level model

2. Stickiness model

Estimated using fixed effect Number of minutes spent on a
OLS portal

For the task level model

3. Frequency model

Estimated using negative Count of number of visits to all
binomial regression (NBD) portal in a week

For the task level (separate Count of number of visits to all
regression for each task) portals in a week for each task.

Repeat use (RU), advertisement (Ad), cumulative negative
experience (CNE), demographic variables (Demo), five
portal level dummies

We create three RU variables for each task, RU_S (for
search), RU_I (for information) and RU_PS (for Personal)

Repeat use (RU), cumulative negative experience (CNE),
demographic variables (Demo), six portal level dummies
We create three dummies variables (one for each task) and
S (for search), I (for information) and PS (for personal)

Repeat use (RU), trend (T), previous week’s count
(Count_Lag), demographic variables (Demo)

We add three lag variables, one for each task. Lag_S (Lag
of search task), Lag_I (Lag of Information ask), Lag_PS
(Lag of Personal task)

(See Ben Akiva 1989 for details.) But before that,
we first outline our measure for repeat use.

By definition, repeat use is the use of same por-
tal over time. While many different measures are
possible, we use an exponentially weighted average
of all previous use. > (See [10]; for details.) There-
fore, we write repeat use as

RUj, = aR U1y + (1 — ) dig(r-1)» (1)

where o is the carry-over constant; diy — 1) =1, if
the user i selects portal k at time r—1 and 0
otherwise.

Since the multinomial choice model is specified
via random utility, we specify the utility of a portal
as

Ui = Viee + &,
where the deterministic component of utility is
Vie = Box + BiRUa + BrAdis + B3CNEg,

+ f,Demo; * RUy,, (2)

where fo is the portal type dummy for portal £,
RUy, is the repeat use level of user i for portal k

> This means that most recent past choices affect the current
choices more than the distant past choices. Therefore, this
measure fits well with the learning mechanism we propose.

at time ¢, Ady, = 1 if user i was exposed to an on-
line ad for portal k at time ¢ and 0 otherwise;
CNEj, is the proportion of time user i switched
away from portal k& until time ¢, and Demo; is
the demographic characteristics of user 7.

Note that we use interaction of demographics
with repeat use. There are two reasons for mode-
ling demographics in this way. First, we want to
investigate which demographic characteristic
leads to higher repeat use. Second, since demo-
graphics are independent of the six portals, they
cannot be estimated separately. We estimate the
parameter f§ associated with each variable. Note
that we can not identify all six portal dummies
in a logit model. Therefore, we normalize the
“Altavista” dummy to zero and estimate the
other five. To estimate the carry-over constant o
in our repeat use formulation and the loyalty
coefficient | in Eq. (2) we use the technique spec-
ified by [9].

To understand the impact of three tasks, we
estimate another model at a task level. We create
the loyalty variable, as in Eq. (1), but now it is
specific to the each task. Therefore, the repeat
use is split into: RU_Sj,, RU_Iy, RU_PSy,,
where (S, I and PS) indicate that the repeat use
measure is for the specific task at portal k, by user
i, at time t.
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4.2. Stickiness model

Once the choice of the portals has been made,
the users decide to spend time on the portal, dem-
onstrating what we have called stickiness. Sticki-
ness is measured in the number of minutes
spent on the portal. We use fixed effect OLS
regression for estimation. As Fig. 1 indicates,
there are three major independent variables
affecting the level of stickiness of a portal.
Therefore,

Stickiness;x = By + B1RUix + B,CNE
+ BDemo, + g, G)

where foy is the portal type dummy for portal k.
The rest of the variables have same interpretation
as in Eq. (2).

For estimating the model, we use the log trans-
formation of stickiness as it fits the model better.
Moreover, instead of estimating the model for
each portal, we pool the data. Since we pool the
data, we can now estimate six separate dummies,
without the constant of the regression included.
The for dummies indicate the portal type and we
have six portals in our study.

To estimate the stickiness model at the task
level, we add the additional task level dummies
(S, I, and PS) in the stickiness model. The
dummies S, I, and PS are ‘1’ if a search task
or an information task or a personal task,
respectively, was performed at the portal and
‘0" otherwise.

4.3. Frequency model

For the frequency model, we calculate the num-
ber of times a user visited all portals within a week.
Since frequency is represented by count data
(which can never be less than zero), using OLS
would bias our estimates. Therefore, we use the
negative binomial regression instead of using sim-
ple regression. The model to estimate in frequency
data is

Count, = 8, + f;RU, + B,Trend, + fydemo
+ f,Count_Lag, | +«. (4)

Note that Trend represents week number and
Lag corresponds to the frequency of the previous
week. Since RU is also aggregated at weekly level,
we take the maximum of RU generated for each
portal during the week. Finally, to estimate the fre-
quency model at the task level, we run three sepa-
rate regressions for each task, search services,
information services and personal services. Moreo-
ver, we also use three different lags (one each for
each service) in these regressions (Lag_S, Lag_I
and Lag_PS) rather than just one lag variable,
Count Lag, as in (4).

5. Data

The data used for this study come from the
HomeNet Project [15] that tracked Internet use
at home. The details are in Appendix A.

We collected Internet navigation data for 102
demographically diverse Internet users from June
1998 to June 1999. The data used in this analysis
were assembled from detailed usage records cap-
tured at the server and took four person months
of coding time. In the interest of keeping our sub-
sequent estimation tractable, we captured portal
choices for the six most heavily visited (close to
90%) portals during the study period, Yahoo!, Ly-
cos, Excite, InfoSeek, Altavista, and HotBot. This
data set contained 6774 distinct portal choices.
The minimum number of data points for a user
was 7, and the maximum number was 367. The
mean number of portal choices made by users over
this period was nearly 67. The usual practice is to
let the data initialize loyalty. So we used the obser-
vations from the month of June (n = 453) to ini-
tialize loyalty and the rest of the data (N = 6321)
for model calibration.

Demographic characteristics of the users were
measured using a survey. In Table 2A, we provide
some statistics of the four important demographic
variables (adult or kid, race, gender and income)
we used in our study. While we have information
on many different demographics (e.g., occupation
and education, etc.), many of these are highly cor-
related. Therefore, we simply choose the four
important and somewhat uncorrelated
characteristics.
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Table 2A
Demographic characteristics

Table 3A
Estimates for portal level choice®

Adult (1 for adult, 0 for child; age <18) 0.84 (0.34)
Income (on the scale of 1-7) 5.3 (1.42)

1 is <$10,000 and 7 is >$75,000
Race (1 is for white, 0 for others) 90% White
Gender (1 for male and 0 for female) 54% Males

SD is in parenthesis.

Table 2B
Summary statistics for the model

Portal Repeat use level  Stickiness Total frequency
in minutes
Altavista  0.078 6.8 445
Excite 0.2263 13.98 1490
HotBot 0.0639 5.97 337
InfoSeek  0.1683 6.3 1056
Lycos 0.1495 7.0 986
Yahoo! 0.3135 9.86 2007

For the details on coding choices and creating
CNE construct, see Appendix A. In Table 2B, we
provide summary statistics for the dependant var-
iables. The total frequency column has the total
number of times users visit the portal during the
observation time. Stickiness is the average number
of minutes spent on each portal. Repeat use, sim-
ilarly, is the average level of repeat use for each
portal. Note that repeat use is calculated as in

Eq. (1).

6. Results

We first estimate three models of choice, sticki-
ness and frequency (Egs. (2)—(4)) at the portal level
data. We then re-estimate these models with the
data at the task level.

6.1. Portal level analysis

We first present the results of the choice model
and the stickiness model estimation in Tables 3A
and 3B. For each parameter, we present the esti-
mate and the ¢ value. In both models, we test the
hypothesis that repeat use is a significant factor.
We also investigate the effect of negative experi-

Estimates

0.400* (6.84)
~0.307* (—4.06)
0.332% (5.51)
0.323* (5.29)
0.468* (7.94)

Parameters

Excite constant
Hotbot constant
Infoseek constant
Lycos constant
Yahoo! constant

RU 1.240%* (7.64)
Ad 1.144* (14.7)
CNE —1.394* (17.9)
Adult —0.305 (—1.41)
Race 1.328* (4.31)
Income 1.202* (4.01)
Gender —0.146 (—0.91)
LL (Log — likelihood) N = 6321 —7892

# ¢ values are in the parentheses. *significant at 1% level.

Table 3B
Estimates for portal level stickiness®

Estimates

1.283* (3.75)
1.291* (3.84)
1.166* (3.34)
0.981%* (2.90)
1.363* (4.03)
1.498* (4.44)

Parameters

Altavista constant
Excite constant
Hotbot constant
Infoseek constant
Lycos constant
Yahoo! constant

RU 0.588* (5.75)
CNE —0.215 (1.67)
Adult —0.022 (—0.14)
Race —0.099 (0.40)
Income —0.111* (-2.82)
Gender —0.040 (—0.38)

2 ¢ values are in parentheses. *significant at 1% level. R?
between = 0.17, R> within = 0.05, R? overall = 0.07.

ence and demographics in the portal choice and
stickiness models.

The first five rows of Table 3A are the estimates
for portal constants (for). The portal constants
show users’ intrinsic preference for these portals
relative to Altavista which is normalized to zero.
Except for Hotbot, all other portal constants are
significant and positive, suggesting that Hotbot is
the least preferred portal followed by Altavista.
On the other hand, Yahoo! and Excite are most
preferred. The repeat use parameter is highly sig-
nificant suggesting that portals are able to generate
a strong level of repeat use among the users even at
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the aggregate level confirming H1. Interestingly,
CNE (cumulative negative experience) is highly
significant and negative. This means that as users
experience more dissatisfaction with the portal,
they tend to reduce their future visits to the portal
confirming H2. Race and Income are positive and
significant. Recall that we use interaction terms of
demographics with repeat use in our model (2).
Therefore, our results indicate that whites are
more loyal than non-whites and higher income
users are more apt to use the same portal than
lower income users. It seems users with these char-
acteristics are less apt to switch portals.

In Table 3B, we present the results of the stick-
iness model (4). As before, all the constants are sig-
nificant. Note that in the fixed effect OLS model
for stickiness (Table 3B) we can identify all six por-
tal dummies (without the regression constant). A
larger constant for a portal indicates that users
spend more time at that portal, all else being equal.
Yahoo! again has the largest coefficient. The re-
peat use parameter in the stickiness model is posi-
tive and significant. This means that loyal users
also tend to spend longer time on the portal.
Therefore loyal users provide two benefits. They
tend to visit the same portal again and again and
they also spend a longer amount of time on the
portal. Interestingly, CNE 1is not significant
although it is in the expected direction, suggesting
that CNE affects the portal choice more than stick-
iness. Finally, income is negative and significant,
suggesting that higher income users spend fewer
minutes on the portal. Therefore higher income
people, though more loyal, spend less time. Since
we have panel data, we report the R’ statistics
for within group, between group, and the overall
sample.

Next, we present our results from the frequency
model in Table 3C. Recall that for each week start-
ing from week 1, we count the total number of
times a user went to all six portals. Therefore, we
do not have portal specific constants in this model.
(The constant shown in the table is simply the con-
stant of regression.) Note that one could analyze
frequency data at the individual portal level (Ya-
hoo!, Lycos, etc.). However, a typical user is unli-
kely to wisit all portals every week. Our data
indeed show many zero counts at the individual

Table 3C

Estimation of frequency model®

Parameter Estimates
Constant —0.47 (—1.71)
Gender 0.125 (1.46)
Adult 0.141 (1.17)
Race —0.034 (—0.20)
Income —0.012 (—0.40)
RU 1.124* (7.86)
Trend —0.022* (-11.7)
Count_Lag 0.048* (15.4)
Log Likelihood (LL) —5473

N = 3455

# ¢ values are in parentheses. *significant at 1% level.

portal frequency of use. Thus, disaggregating the
data at portal level is not very informative.

Our results show that repeat use is again
highly significant and positive indicating that
loyal users also visit the portals more frequently.
Note that we use a negative binomial regression
for estimation, and therefore the -coefficients
should not be interpreted as linear effects. As ex-
pected, the coeflicient of the Lag variable is pos-
itive and significant. This result signifies that
users’ visit to portals are fairly stable. We also
notice a gradual decline in the frequency count
in our sample as captured by the negative trend
estimate. With respect to demographics, we find
none to be significant. It is not surprising in this
panel data because demographics do not change
over time.

6.2. Estimation at task level

Now we disaggregate use to understand user
behavior across the three tasks — search, informa-
tion and personal services. We expect that the use
of personal services will lead to a strong level of re-
peat use compared to both information services
use and search services use. For the stickiness
model, we expect a different pattern. User are ex-
pected to spend more time on information and
personal services, whereas they will spend little
time at the portal when they perform search que-
ries. This is consistent with Google’s strategy that
users visit search engines many times, but spend
little time for each visit [23]. To operationalize
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the repeat use across three tasks, we need at least
five observations from a user for each task to con-
struct a meaningful repeat use variable using Eq.
(1). Following this rule, there are 35 users who
used personalized features for a total of 861 times
in our data set, which translates to about 25 uses
per user. ° Similarly, 65 users used the non-person-
alized features 1584 times, for an average of
about 25 for non-personalized services like news,
weather, etc. Finally, all users used the search
3629 times, for about 36 searches per user. We re-
port the results in Tables 4A and 4B for the sample
N =6074.

The results of the task level choice model in
Table 4A are consistent with our expectations.
The coefficients of repeat use for all three tasks
are significant and in the expected directions.
However, note that the coefficient of personal
services is much higher than both information
and search services. In other words, the use of
personal services makes users more loyal to a
portal confirming H 1. The loyalty to the two
other services seems equally strong. The remain-
ing results are similar to the aggregate portal level
results of Table 3A suggesting that our estimates
are fairly robust. A smaller log likelihood number
in Table 4A suggests that the task level model fits
the data better.

The new results of the stickiness model in Table
4B also support our hypotheses. For example, we
find that the coefficients of information and per-
sonal services are positive and significant, while
that of search service is negative and significant.
By the very nature of search service, users com-
plete search tasks and leave the portal to go to
other sites with the desired content. Therefore,
the coefficient of this service is negative. The
remaining estimates are similar to the aggregate
portal level results of Table 3B indicating the
robustness of our estimates. The larger R* num-
bers in Table 4B indicate a better fit, and highlight
the importance of disaggregated analysis.

% If a user used the personalized services only 2 times then we
cannot create a repeat use of personalized services because not
enough history is available.

Table 4A
Estimates for task level choice

Estimates

0.362* (6.15)
—0.310% (=4.11)
0.331%* (5.49)
0.343* (5.63)
0.383* (6.33)

Parameters

Excite constant
Hotbot constant
Infoseek constant
Lycos constant
Yahoo! constant

RU-S 1.925*% (13.9)
RU-I 1.836* (11.2)
RU-PS 4.214* (15.3)
Ad 1.187* (15.0)
CNE —1.231* (15.7)
Adult —0.266 (—1.2)
Race 1.164* (3.67)
Income 0.851* (2.91)
Gender —0.028 (—0.17)
Log likelihood (LL) —7892

t values are in parentheses. *Significant at 1% level.

Table 4B

Estimates for task level stickiness

Parameters Estimates
Altavista constant 1.330* (4.11)
Excite constant 1.104* (3.46)

Hotbot constant
Infoseek constant
Lycos constant
Yahoo! constant

1.154* (3.50)
1.052* (3.27)
1.337% (4.19)
1.136* (3.56)

S —0.277* (-2.25)
| 0.693* (7.79)
PS 0.641* (5.80)
RU 0.584* (5.97)
CNE 0.025 (0.21)
Adult —0.089 (—0.83)
Gender —0.037 (-0.91)
Race 0.112 (0.69)
Income —0.100* (—3.05)

We estimated only one parameter for repeat use
in Tables 3A and 4A. But we expect that different
portals to generate different levels of repeat use.
We also observe in our data set that most of the
information and personal services tasks were cho-
sen on Yahoo! and Excite. Clearly, these two por-
tals did an excellent job of encouraging the search
users to use these other features. Therefore, we ex-
pect these two engines to have a much stronger
loyal user base. To test our intuition, we calculated
the elasticity of probabilities with respect to repeat
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Table 4C
Elasticity of probabilities with respect to loyalty

Altavista Excite HotBot InfoSeek Lycos Yahoo!
Elasticity 0.27 0.76 0.56 0.54 0.90

use. The estimated f value of repeat use is not a
slope parameter due to the non-linear logit model.
We calculate the slope parameter for loyalty for six
portals, and report the results in Table 4C. These
estimates have a similar interpretation as the esti-
mates in a linear regression. The results suggest
that the marginal impact of loyalty on the proba-
bilities of choosing Yahoo! or Excite is much
higher than any other engine. Clearly, in our sam-
ple, users show the strongest loyalty to Yahoo!,
followed by Excite.

Finally, we also estimate how frequency
changes across three task levels. First we present
the summary statistics. Table 4D shows that the
highest visit frequency is for search service fol-
lowed by information and personal services. This
is in contrast to the stickiness results in Table 4B

Table 4D

Summary statistics for weekly usage frequency at the task level
Variable Mean SD Min Max
Search 1.15 2.33 0 25
Personalized 0.25 0.95 0 18
Information 0.47 0.19 0 19
Total frequency 1.88 3.42 0 56
Table 4E

Frequency model at task level

where we found that users spend least time for
search service at the portal. Total average aggre-
gate weekly frequency is about two visits per week.

The result at the task level is presented in
Table 4E with ¢ statistics in parentheses.

The frequency model in Table 4E now includes
a lag variable for each of the three tasks to under-
stand how the past use of a service affects the pre-
sent use of all three services. As we disaggregate
the data at the task level, some of the demographic
variables become significant. In particular, we find
that gender, income and race are significant for
search service use. As before, we find repeat use
and trend are both significant and are in the ex-
pected directions. We find that the uses of the three
services are stable from week to week, with per-
sonal service being the most stable followed by
search and information services. We also find that
prior use of personal service positively affects the
use of the other two services. On the other hand,
prior use of information service has no impact
on the use of the other two services. Finally, prior
use of search service seems to affect information
service use. On the whole, personal service is the
most stable, and seems to lead the other services
in increasing the frequency of portal use.

Parameters Personal service Information service Search service
Constant 0.104 (1.06) 0.274* (2.13) 0.280* (0.94)
Gender 0.016 (0.59) 0.041 (1.15) 0.188* (3.11)
Adult —0.040 (—1.03) 0.056 (1.09) —0.139 (—1.1)
Race —0.016 (—0.26) —0.283* (—3.44) —0.360* (-2.9)
Income —0.016 (—1.66) —0.004 (—0.36) 0.054* (2.37)
RU 0.585* (7.99) 0.791* (8.25) 0.758* (8.48)
Trend —0.005 (=5.71) —0.008* (—6.18) —0.016* (—6.06)
Lag_PS 0.497* (34.1) 0.168* (6.92) 0.122* (2.95)
Lag_I 0.022 (1.44) 0.309* (4.09) 0.098 (1.45)
Lag_S —0.007 (—1.15) 0.033* (2.13) 0.386* (23.4)
Log likelihood —6327 —6194 —6003

N = 3455

t values are in parentheses. *Significant at 1% level. R*: within = 0.09, between = 0.34, overall = 0.13.
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7. Conclusion

As Internet use and electronic commerce con-
tinue to expand, it is important that we under-
stand how consumers interact with Internet
portal sites. These sites hold powerful positions
in the marketplace, guiding users to sites of
potential interest. This research is an attempt to
explore how Internet users choose portals, a very
common form of Internet portal site. A key con-
tribution of this study is to model three metrics of
use, namely repeat use, stickiness and frequency
both at the portal level and at the three tasks
level.

Our model is motivated by the notion that
information goods such as portals are a different
class of software products. We hypothesized that
the ability to learn various portal features and
the ease (or difficulty) of transferring this learn-
ing to other portals would determine loyalty in
this context. We also explored why the user
may exhibit differing levels of loyalty to
search, information and personal services of the
portals.

Overall, we find that users do develop loyalty
for a given portal. If they have used a particular
portal frequently in the past, they are much more
likely to choose that portal again in the future.
The quality of the results is also a strong predic-
tor of user choices. If the user is dissatisfied with
the portal results, then the probability that she
will use the portal in the future, diminishes. A
first-mover advantage can take the firm only
so far. A poor quality portal cannot hope to de-
velop a loyal base. We find that the search task
alone does not develop strong repeat use. The
loyalty becomes much stronger when the user
starts using personalized features. This is a very
important finding given the low barriers to entry
in this industry and low economic costs of
switching. Search portals should focus on devel-
oping features that can be personalized because
such features can improve the value proposition
to users. Moreover, personal services require
additional learning, and thus increase the switch-
ing costs associated with patronizing another
portal. Our results very clearly point out that
personal services play an important role in build-

ing a strong loyal base, although encouraging
users to use them may be a challenging task.
Whereas Yahoo! and Excite seem to have done
a good job in converting search users in our sam-
ple into using other features, other portals have
not.

Interestingly, repeat use also has a favorable
impact on both the stickiness and frequency of
use. Use of information and personal services in-
creases the time a users spends on a portal. How-
ever, search services are not sticky, as users move
on to the search targets. But the search function
is a key driver of traffic to the portals. Of the three
services, personal services use shows maximum
(week-to-week) stability. Information services
use, on the other hand, shows the least stability.
Personal services use also converts into using
search or Information services. We also find that
the effects of the three services on the three meas-
ures of use may conflict at times. For example,
search services increase the frequency of use, but
decrease the stickiness of use. Our results have
implications for product development and portal
strategies given that various portals follow differ-
ent strategies in terms of stickiness, search quality
and features offering.

Our results are based on actual usage data from
the server. Yet our subject pool is diverse and com-
pares well with the Internet population of today
[20]. As mentioned previously, there are important
advantages to using actual navigation data. These
data, however, entail some restrictions. For exam-
ple, we used a coding rule to infer the start of a
new search session within a logon/logoff interval.
To mitigate this restriction, we performed addi-
tional analysis but our results did not change
appreciably when we altered the interval to an
hour.

It is important for future research to more fully
characterize the services provided by the portal
sites. In our study, we classified these services into
three broad categories. However, each of our serv-
ice types can be further subdivided. For example,
portals are offering various features for the search
service such as advanced search, personalized
search, etc. Similarly various new information
and personal services are proliferating. Under-
standing user behavior at specific service level will
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generate new insights for portal sites. The “intra-
session” switching behavior and sampling of por-
tals observed in this study can also be generalized
to other product categories. We might expect to
see similar behavior for choices for shop bots,
newspapers sites, etc. We believe that more re-
search is necessary to explore this issue further.

Appendix A

The HomeNet project gave households a com-
puter, modem, and an extra telephone line. Partic-
ipants were also given three hours of training and
free online support through a help newsgroup.
HomeNet recorded a complete description of the
Web sites visited by each user during each Internet
session. Thus, for each user, we can determine
which portals she visited, what she did, and to
what advertising she was exposed to prior to a por-
tal visit.

The most important characteristic of our data
set is that it was collected in an unobtrusive and
natural setting. Unlike other studies on the Inter-
net where researchers have used either survey data
or laboratory experiments, which may bias the re-
sults, our data set has no such weakness. Partici-
pants access the Internet from their home
environment, not a laboratory setting. The data
collected contain actual choices rather than elicited
preferences. These features provide a uniquely
appropriate data environment for studying Inter-
net portal usage behavior.

To facilitate clear explanation, we also adopted
the following definitions in collecting and coding
the data:

A.1. Session

We use the following rule to define a search ses-
sion. Within a given log-on/log-off interval, a new
session begins anytime more than 30 min elapse
between search-portal visits. Our coding scheme
accounts for the possibility that a user may have
multiple occasions to use a portal before exiting
the Web. We later relax the assumption of the
30-min interval and examine the sensitivity of
our results to this scheme.

A.2. Portal choice

From our data set we could easily distinguish
the portal visited and the task performed by the
user on that portal. We knew if the user per-
formed a search and if so, what search term she
entered. It is common to observe a navigation
pattern in which a user chooses a portal, does
some amount of query-based searching, visits
some other sites, then returns to the portal (prob-
ably by using the “Back’ button), and continues
the search. The Web server used in this project
captured this navigation pattern. Lest we overes-
timate repeat use level, we considered only unique
visits in a search session. Thus, within a given ses-
sion, a visit to the portal was considered a choice
only the first time it was chosen. But if the user
switched to another portal and then came back
to the original portal and continued the search,
we coded them as unique choices. For example,
if a user visited Yahoo!, and Lycos, and then Ya-
hoo! within half an hour to complete a search
task, we coded these as unique choices. The nav-
igation data were detailed enough so that we
knew what search term users entered while using
the portal. Therefore, if the user switched to an-
other portal and continued with the similar
search, then we could identify and count them
to construct the variable CNE (cumulative nega-
tive experience) discussed previously.

Our records also identify whether the users
used any of the information or personal services.
For example, we can verify whether the choices
were made for e-mail, chat room, news, etc.,
rather than search. For estimating our model at
the task level, we construct the appropriate loy-
alty variable by coding the choices for search,
information, and personal services. For the fre-
quency analysis, we count the total number of
times a user went to all six portals each week
starting from week 1. However, some users
dropped out of the HomeNet experiment before
the end of our data collection period. Therefore,
we do not have frequency data for these users for
all 52 weeks. Finally, we also record the time
users spend on the portal for each visit. The fol-
lowing table provides some demographics of the
subject pool.
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