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Abstract of the Dissertation

Some Aspects of Internet Portal Market Competition
by
Volha Chuvakin
Doctor of Philosophy
in
Economics

Stony Brook University

2007

This dissertation investigates consumer behavior using the web portal industry as an
empirical setting. Specifically, it explores the connection between features proposed by
the portal and its success on the market and models the relationship between consumer
characteristics and his online choices.

Two important questions concerning the online market competition are explored.
First, the behavior of users on the Internet market is studied by examining the market
shares of Internet portals, and establishing the connections between different portal
characteristics and their attractiveness for people. Later, users’ switching decisions are
analyzed as a function of their own demographic characteristics and portal attributes
using the survival analysis methods.

It was demonstrated that individual portal features such as Portal age, Mail and
Search quality, are very important in explaining the overall market share, but less
powerful in explaining the market shares of separate services. Although Mail and Search
can be treated as major determinants of market shares: increase in Mail and Search
quality can lead to an increase of market share for 5.6% and 4.4% respectively; the

existence of Greetings, News service, Messenger and Weather service plays positive



role in forming the consumer preferences towards the portal, adding up to 5% to the
number of existing customers. In addition, separate market shares for the most popular
portal services are estimated and interconnections between them are analyzed. The
results of the estimations point that market shares of search and services associated with
virtual communities are determined not only by the overall quality of portal attributes,
but also by the demographic characteristics of users, namely, Age and Education. It was
also discovered that it is not the number of services, but the presence of high quality
services improves the portal market share.

Survival analysis for the portal switching was introduced to further investigate the
patterns of consumers’ behavior on the online portal market. Logit probability
estimation together with duration models in three different specifications is utilized to
understand what factors lead to potential users’ drop off.

Again, it was confirmed that the main factors contributing to the survival probability
are existence of high quality portal services. Portal can raise the probability of survival
by a factor of 1.22 by offering the high quality Mail service; existence of such portal
features as Shopping, Finance, News, which increase the probability of survival by
factors of 1.93, 1.64 and 1.21 respectively. Among the demographic characteristics,
User age and Household size increase the probability of survival by 0.7% and 0.4%, and
higher levels of user education reduces the probability of survival by 3.6%.

This dissertation is among the first to explore online consumer heterogeneity. The
portal users’ behavior is explored by dividing them into two groups based on the level of
activity online. It is assumed that more active users, who surf the Internet intensively
while switching constantly from site to site, will demonstrate different rates of portal
drop-offs than regular users. This result is used to support the assumption that Internet
users’ population is heterogeneous and the behavior of different groups of users should
be modeled separately. Kaplan-Meir model suggests that active users are attracted by the
higher quality of services and have 25-35% higher proportion of switching. A question
whether users from multiple member households produce higher switching rates is also
introduced. Due to the nature of information spillover, it is hypothesized that increased
number of switches will result from household information sharing. The work suggests

the existence of such extra switching phenomenon.
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The approach developed and applied in this dissertation can be effectively used for
new, more detailed click stream data from today's portals. More importantly, the results
can be used for the modern market of mobile portals, which is currently undergoing the

stage equivalent to one explored in this research.
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Chapter 1. Introduction.

One of the important characteristics of consumer behavior is the persistence of
consumer choices. In the markets where customers are loyal, a firm’s current position is
an important determinant of its future profitability.

The Internet revolutionized how businesses and consumers interact between each
other. It enabled new ways of gathering information about goods and changed the way
these goods are sold. People use the Internet in the same way they make all other
choices: determine needs, gather information about products, evaluate product choices,
and assess their satisfaction level afterwards. With an increasing amount of Internet
usage, it should come as no surprise that its impact on consumers has been heavy and
will only continue at an increasing pace and thus approaching this problem with
scientific methods will only grow more challenging.

In this dissertation, I would like to investigate the consumer behavior using the web
portal industry as an empirical setting. The Internet market makes it hard to master the
trust and loyalty, with millions of sites just a mouse click away, little keeps consumers
from jumping from Yahoo! to Google if they are not fully satisfied. Brynjolfsson and
Smith (2000) call the Internet “The Great Equalizer” because the technological
capabilities of the medium reduce buyer search and switching costs and eliminate
competitive advantages that retailers would enjoy in a physical marketplace. In this
environment, attracting consumers and maintaining customer base remains one of the
most important tasks for the portal management.

The number of players on a web portal market has grown from a lone portal in 1993
to several hundred at its peak in 2000 (Nie and Erbring (2000)) and then slowly
declined. The competition among the top portals has been fierce during the dot-com

boom and continues to be intense as of now.



Engaging into online competition, managers face two important questions: how to
acquire new customers and how to retain the existing ones. They must decide under
dynamic conditions which technological features must be included into a portal, how to
improve the user experience on the website and what can be the additional ways to keep
customers locked-in. Increasing competition on the online markets and rising users’
expectations make this decision process even more complicated.

This study was conducted to address the above issues, to define the connection
between features proposed by the portal and its success on the market, to model the
relationship between consumer characteristics and his online choices.

Using data of online user behavior I will explore two important questions concerning
the online market competition. First | use a panel dataset to analyze the market shares of
the portals. The importance of market share is often stressed in the marketing literature
(Fogg (1974), Buzell and Wiersema (1981), Cook (1985), Bridges, Yim and Briesch
(1995)) but not well investigated in the context of the online industry (Gallaugher and
Downing (2000)). Due to the specific revenue model of the web portal industry the
customer base becomes the vital asset of the online firm. In this paper | analyze the
general relationship between market shares of the online portals and their online features
as well as variables representing the demographic characteristics of the consumers. |
extend this analysis allowing the portals to compete on different online features
separately and define the determinants of market leadership together with the set of most
important online features.

In order to further investigate the consumer behavior on the Internet portal market
and add dynamics into the model, | use survival analysis to follow user’s switching
between different portals. Switching is not uncommon on online markets (Brynjolfsson
and Smith (2000), Chen and Hitt (2001), Bucklin and Sismeiro (2001)). Indeed, a portal
is experience good, the user does not know in advance the utility level he will obtain
from the visit to a given portal and he may try different alternative before choosing the
best for him. | estimate the hazard model using different specifications to see how
consumers respond to certain portal characteristics, what portal features attract them and
lead to the switching. Several factors ranging from the quality of portal services to
switching costs contribute to the declining hazard of switching. Finally, allowing for
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consumer heterogeneity | explore the differences between hazard rates among different
user groups.

The remainder of the dissertation is organized as follows. Chapter 2 presents the
short overview of the portal industry and its unique characteristics. Chapter 3 reviews
the literature on the problem of consumer behavior and highlights several approaches in
the empirical research. Chapter 4 summarizes my contribution and policy implications.
Chapter 5 discusses the data used in this dissertation. In Chapter 6 | present the market
share model for the online portal industry. The impact of portal features and individual
consumer characteristics on consumer switching behavior is analyzed in Chapter 7. The
discussion of the results and conclusions are presented in Chapter 8.



Chapter 2. The web portal industry.

Portal is a term, generally synonymous with gateway, for a World Wide Web site
that either proposes to be a major starting site for users when they get connected to the
Web, or that users tend to visit as an anchor site.

The first web directory was created in 1993. This can be considered as a starting
point of the web portal industry. At that time it was called "Jerry's Guide to the World
Wide Web" but in 1994 it got a new name: Yahoo! Along with Yahoo, other Internet
search engines and directories, like Altavista, Excite, Open Text, Magellan, Infoseek,
and Lycos also became popular. All of them started as search engines or directories, but
when they began experiencing page views numbering in the millions each day, most
realized they could use their popularity by offering more features that would keep
people at their sites once the users finished their initial search.

In the year 2000, which will be the center of our analysis, the Internet had millions
of pages and several hundreds of portals. Only 10 to 15 of them could be considered as
main portals, others were fringe. Portals offered a wide range of customization options
and functionality including: Internet search and navigation; email; homestead®;
customized news, weather, sports, and horoscopes; planners, calendars, and contact
managers; bookmark managers; real-time chat and gaming; message boards; shopping;
small business services; and much more.

Portals took the leading position on online markets. The most visited services at the
time included e-mail service and different types of search services (Figure 2.1). The
unbeatable leader among portals was Yahoo! with more than 30% of all visits followed
by MSN, Excite and Netscape (Table 2.1).

Today there is one more contender for the portal market leadership. Google entered

the portal space being a leader on the search engine market and its aggressive efforts led

! Homestead is a complete web site hosting, free or fee based.



him to its current third position, but were not sufficient to dislodge Yahoo! and MSN
from their top spots (Table 2.2, Figure 2.2). According to the Forrester analyst Charlene
Li, "Yahoo, AOL and MSN had millions of users before Google came along. Getting
them to surrender their accounts, passwords and familiarity with the Web services they
have long used will take more than just offering more e-mail storage space. Compelling
services will win out in the end, however." (Reagan (2006)).

At the same time advances of the mobile connectivity led to a development of the
separate mobile portal market currently shared by four players: Yahoo!, Google, AOL
and MSN. The integration of the Internet, mobility and communications at the device
creates a new set of business opportunities for portal companies. Portal market will
continue to grow and rigorous scientific study of this growth is needed due to an ever-
changing nature of the Internet phenomenon and its overall impact on the entire society.
An important feature of the web portal market is that any innovation introduced by a
market agent can be easily implemented by competitors. Average time of
implementation, according to Gallaugher and Downing (2000) is less than 2.5 months
(Table 2.4).

Most of the portal services are offered to consumers free of charge. For portal
companies it means that their competition is not in prices, but in qualities.

In addition, the Internet portal market has the property of reducing search and
switching costs. All the groups of switching costs? (Klemperer (1987)) are significantly
lowered in online markets:

e monetary transaction cost are low or non-existing for portal customers, they can

easily switch between different portals without significant money loss;

% There may be transaction costs of switching between two almost identical services. Different banks may
offer completely identical checking accounts, but there are monetary costs involved into closing the
account with one bank and opening it with another. Similarly, it may be costly to switch between different
cell phone providers, since customers are required to pay activation fees.
The learning required to use one brand may not be fully transferable to other brands of the similar
products with the identical functionality. When consumer started to use the product of the particular brand
he has the strong incentive to continue using this. For example when choosing a cake mix, it is easier for
consumer to buy the brand he used before.
These two types of switching costs reflect real social cost of switching, although their magnitudes can be
influenced by the firms. The third type - artificial or contractual costs arise entirely at firm's discretion. A
good example is airline frequent flyer program rewarding the repeated travels with the same (or partner)
company.
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learning cost is the most important source of costs online since learning is
required to use portal features and may not be transferable to another web portal
(Bucklin and Sismeiro (2001));

artificial or contractual costs, researchers associate these type of costs with
virtual communities of the particular portal (Gallaugher and Downing (2000));
by switching portals, a user may potentially lose contact with people who is
unaware of his new address, in addition, he may lose friends made in this

community, chat and game partners.

Low search and switching costs online allow users to combine services from

different providers at no additional cost, the ability they cannot get on a conventional

market.

These distinct features described above together with portal specific revenue model

differentiate web portal market from all others existing in the economy.

The revenue model in the portal industry includes the following:

advertising revenue — portal charges money for delivering audience to the
advertiser:

banner advertising -- x amount per 1,000 banner views;

fees from advertisers or partner retailers who are "featured" on the main start
page;

keyword-based advertising on search engines;

traffic revenue — charging “linked” content for each transaction driven through
the portal;

service revenue — charging customers for the access to premium portal services.

For the timeframe that will be covered in this dissertation the most important source

of the portal revenue was the advertising revenue, i.e. portal earned most of its money

when customers just visited the pages and were exposed to the ads featured on them.

Portals do not charge their customers directly for the basic services provided but all

of the above sources of revenue are directly linked to the size of the customer base. A

large number of customers have always been seen to be the goal of the “portal wars.”

And the main question remains how to acquire customers when technology and business

model can be easily imitated.



Figure 2.1. Users’ activity online. (Source: Nie and Erbring (2000))
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Figure 2.2. Portal market shares3 for week ending May 13, 2006 (Source: Hitwise).
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Table 2.1. Top 12 portals, share of market exceeds 1 %.

site_id site_type total visits  visits, % total time time, %
com.yahoo Portal 378781 34.495 41237760 32.543
com.msn Portal 207923 18.935 26014508 20.529
com.netscape Portal 96310 8.771 10943132 8.636
com.aol Portal 77650 7.071 7444956 5.875
com.go Portal 75183 6.847 10808148 8.529
com.excite Portal 71216 6.485 7594896 5.994
com.lycos Portal 45091 4.106 5426206 4.282
com.altavista Portal 36247 3.301 3950609 3.118
com.iwon Portal 22646 2.062 3442158 2.716
com.myway Portal 18381 1.674 2813050 2.219
com.hotbot Portal 16084 1.465 1452725 1.146
com.snap Portal 15210 1.385 1392590 1.099
Total 96.599 96.688




Table 2.2. Portal ranking and market share by service for week ending May 13, 2006
(Source: Hitwise).

Rank Name Market share in category (%)
Search engines (2322 sites, 7.3 of all Internet visits)

1 Google 47.4

2 Yahoo! Search 16.0

3 MSN Search 115
E-mail services (1089 sites, 9.3 of all Internet visits)

1 Yahoo! Mail 42.4

2 MSN Hotmail 22.9

3 MySpace — Malil 19.5

4 Gmail 2.54
News and Media (6080 sites, 3.4 of all Internet visits)

1 Yahoo! News 6.3

2 Google News 1.9

* MSN News results appear within search.msn.com domain
Business and Finance (1030 sites, 0.57 of all Internet visits)

1 Yahoo! Finance 34.9
2 MSN Money Central 13.4
#40 Google Finance 0.29
Travel — Maps (164 sites, 0.47 of all Internet visits)
1 Mapquest 56.3
2 Yahoo! Maps 20.5
3 Google Maps 7.5
4 MSN Virtual Earth 4.3
5 Google Earth 2.0




Table 2.3. Weekly market share of visits among all US web sites for week ending July 8,

2006 (Source: Hitwise).

Rank Name Domain Market share
1 MySpace WWW.myspace.com 4.46
2 Yahoo Mail mail.yahoo.com 4.42
3 Yahoo www.yahoo.com 4.25
4 Google www.google.com 3.89
5 MySpace — Mail mail.myspace.com 2.85
6 MSN Hotmail www.hotmail.com 2.39
7 MSN Www.msn.com 1.92
8 eBay www.ebay.com 1.59
9 Yahoo Search search.yahoo.com 1.36
10 MSN Search search.msn.com 0.93

Table 2.4. Response time for second mover introducing various portal services. (Source:

Gallaugher and Downing (2000)).

Service

Response time (months)

Auctions
Calendar
Chat
Classifieds
E-mail
Games
Shop
Homestead

N WEFE, D W

less than 1

2
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Chapter 3. Literature review.

This chapter summarizes the existing literature on consumer behavior on high-
technological markets where information about goods and services is widely available
and search and switching costs are low. First, | consider theoretical research related to
the consumer behavior on such markets and discuss the prognosis about consumer
choices. Then I review the empirical studies of the online consumer behavior. Finally, I
discuss the limitations of the utilized approaches and methodologies used to explore

online markets, to justify the approach and methods used in this study.

3.1. Information availability, switching costs and consumer
behavior: theoretical background.

The question of consumer choice under different market conditions has received
much attention in economic literature. The explosive growth of high-tech industry led
the economic thought in a new direction. Based on the findings of game theorists
(Nelson (1970), Beggs (1989), Wernerfelt(1991), Beggs and Klemperer (1992),
Klemperer (1995)) a new set of literature has developed. All the above research suggests

that presence of switching or search costs and lack of the information availability,
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present certain companies with a source of market power. Group of researchers started
to investigate what will be the market outcomes for newly developed “turbulent
markets” where hundreds of goods are available, information is widespread and
switching and search costs may be present. Nelson (1970) argues that company has
market power on the market for experience goods and competition on such markets is
reduced. Erdem and Keane (1996) use dynamic models of product choice behavior with
uncertainty about the product attributes. Their results suggested that choices are based
on the experience with certain brands as well as signals received from the outside; brand
loyalty occurs from the low riskiness of familiar products, although reduces level of
competition at equilibrium. Bakos (1997) explored how reducing search costs influence
the electronic marketplaces. In contrast, his theory suggests that reduced search costs
result in increased competition among sellers, increasing efficiency of electronic
marketplaces, potentially leading to a substantial grows in the economic efficiency.
Moshkin and Shachar (2000) examined this problem more deeply separating the effects
of search costs and switching costs on the market outcome. The study shows that lack of
information and high search costs can be the reason for brand persistence even without
the presence of switching costs, and it is important to distinguish different sources of
brand loyalty in order to improve market outcomes; information availability and
lowering of search costs will lead to increased search and better equilibrium. Anand and
Shachar (2000) later showed that consumer choices may be driven by other products of
the same brand, and the influence of brand image is lower for more informed
individuals. Bolton (1998) again studies the market for experience goods and discovered
high level of dependence between customer satisfaction of the individual and duration of

his stay with the same brand or service.
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3.2. Online consumer behavior.

Unique qualities of online markets provided an excellent ground for different
applications of the theoretical models. Thanks to the new rich source of data collected
by Internet service providers, we can now examine consumer behavior, search and
switching behavior and, more generally, main determinants of consumer movements
online.

One of the first attempts to understand trends on online market were made by IT
professionals in the late 1990s. In 1999, International Data Corporation and
RelevantKnowledge conducted the research and found out that data suggests that users
are not loyal to any one web portal. This research suggested that for rapidly changing
markets it is hard to master true loyalty among customers. Future investigations of
online markets disproved this statement. Later, Gallaugher and Downing (2000) focused
on four major determinants of market leadership on the Internet market, that include
first-mover advantage, brand effect, stickiness associated with switching costs and
virtual communities. They first identified the specific features of online markets that
distinguish them from physical marketplace and influence the market outcomes, such as
first mover disadvantage, switching costs that are not associated with monetary costs;
they also found first evidence of brand effect or brand loyalty on online market. These
two papers did not propose the systematic approach to the analysis of Internet consumer
behavior, but raised several important questions.

In the next few years, many researchers concentrated on different aspects of online
consumer behavior and made several interesting observations. Even though search costs
on online markets are low, the amount of search is less than predicted (Johnson et al
(2001)) and several studies supported the hypothesis that brand loyalty may be observed
on the online markets. Bucklin and Sismeiro (2001) applied Markov Chain Monte Carlo

method to estimate a generalized tobit model and identified learning over multiple
13



sessions and within-site lock-in, supporting the existence of learning effect and brand
loyalty effect for the Internet stores (Amazon and CDNow). Park and Fader (2002) used
a multivariate timing model to explain browsing patterns for music (CDNow and
Musicboulivard) and books (Amazon and Barnes & Noble). They found that consumers
are generally brand loyal and their browsing pattern depends positively on the last site
visited. Moe and Fader (2002) introduced nonstationarity in the searching behavior; they
concluded that some form of evolution and learning occurs, supporting the hypothesis of
persistence on the Internet market.

Each of these studies above restricts their analysis to only two websites at a time. It
means that industry dynamics is missing from the analysis. In rapidly developing
Internet environment (data used covers periods from March to October 1998 when
Internet development skyrocketed), it may not be sufficient to concentrate on two online
stores to analyze the searching behavior. Some surfers may use certain store less
frequently as they are gaining experience from other places, and their behavior is
influenced by quantity and quality of available online stores.

Miller (2007) reports the results of a recent study conducted by researchers at Penn
State's College of Information Sciences and Technology. Taking the results from four
different search engines: Google, MSN Live Search, Yahoo! and in-house non-branded
engine, they compared customers’ response. Despite the fact that the results were
identical, the study participants picked Yahoo! as the most relevant, with Google and
MSN trailing behind. This study again stresses the importance of “emotional branding”
online.

Brynjolfsson and Smith (2000) empirically analyzed consumer behavior while using
Internet shopbots and discovered that consumers usually use brand as a proxy of
retailer’s credibility and in general branded retailers are able to charge higher price than
their rivals. At the same time, Lynch and Ariely (2000) found that lowering the search
costs for quality information on online vineyards reduces the price sensitivity and
produces welfare gains for consumers and sellers. Later, Waldfogel and Chen (2003)
found evidence that information transparency increases competition and undermines
brand attachment for Internet stores.

Chen and Hitt (2001) studied the online brokerage industry in order to measure and
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describe switching costs. They found that system usage measure and quality are
associated with decreased switching, and customer demographic characteristics have
little influence on the switching process. Modeling the online media market Goldfarb
(2002b) also finds that switching costs are present there and generate market power;
publishers can earn extra profit because of the locked-in users.

Lack of consensus of existing empirical findings as well as numerous contradictions
to the theoretical outcomes demonstrate that online markets are more complex than any
theory could have suggested; and it will take serious expertise to understand the details

of their operation.

3.3. Portal competition.

The literature on the competition among web portals is limited. A formal model was
first presented by Gallaugher and Downing (2000). “Portal combat” was modeled as
follows: market penetration or market reach was chosen as dependent variable, a linear
function of portal age, brand, features that establish virtual communities and features
that create switching costs. Analysis included only four big portals: Yahoo!, Lycos,
Excite and Infoseek. Combining factors in different ways, Gallaugher and Downing
conclude that not all featured variables have influence on market reach. Age and make
effect was proven to be strong, games and chat suggest positive impact of virtual
communities and switching costs on users’ stickiness. Other variables did not produce
any significant influence.

The strong part of the paper is that most factors that may potentially influence portal
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competition were highlighted in this study. Some limitations to this research come from
the highly aggregated data; model also does not count for consumer preferences.
Goldfarb (2002a) utilizes the household-level data to estimate true state dependence
or loyalty on Internet portals. Nested logit framework allows portals to be close
substitutes, separating fringe portals and destination websites; the outside good is not
using the portal. Using generalized extreme value distribution author estimates
household-level regressions, controlling for heterogeneity across households. He finds
the loyalty coefficient to be significant and robust to different model specifications,
meaning that households tend to exhibit loyalty in their online choices, which suggests
important implications for web portals. This work covers the entire portal market and
uses demographic characteristics of the consumers. However, some limitations must be
addressed. For the data collected at household level, we cannot distinguish between
different household members and therefore, some conclusions about search activity may
be misleading. Also, in the study, the objective portal characteristics have been ignored,

that could lead to overstating the importance of brand effects.

3.4. What have we learned?

Theory provided some behavioral hypotheses that can be verified using the available
data of online consumer activity. However, there is no clear way of approaching the
problem of online market modeling; in fact, even market itself is not well defined.

Contemporary studies of online markets are concentrated at marketing companies

(Media Metrix / comScore, Nielsen NetRatings, Hitwise), who own most of the data and
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often publish online market ratings and brief analyses of the current market situation
(Sullivan (2003), Tancer (2006a), Tancer (2006b), Regan (2006), Burns (2006), Reardon
(2007), Ray (2007)). Not surprisingly, the publications lack the deep economic analysis
of the described market changes.

Most of the previous research focused on certain aspects of consumer choice and
specific features that may lead to change in consumer preferences. The limited nature of
their findings, which does not allow to extrapolate results for other online markets, as
well as lack of dynamics in some of them forms a gap that can be fulfilled. To provide a
thorough analysis of online market, it is necessary to define the market properly, to
identify the basic trends on this market, as well as to investigate its distinguished
features from different standpoints. A portal is a complex good, offering more than one
service at once, and users make their decisions based on more than one factor. At the
same time, portal is an experience good, and users update their behavior based on
previous visits to portals. Therefore, it will be beneficial to create a comprehensive
model that allows to analyze all services featured by the portals, to identify the main
factors that affect consumers’ behavior and influence their decision to visit this portal
again. In addition, this allows analyzing the interferences of different portal features.

Main findings that appear in almost all studies are the existence of brand loyalty and
switching costs online. In presence of these factors, maintaining the strong position and
keeping customers give a lot of gain. Keeping that in mind, I will model the market
share of online portal for all portals available for the analysis; | will include both portal
characteristics (Gallaugher and Downing (2000), Goldfarb (2002a)) and consumer
characteristics (Goldfarb (2002a), Chen and Hitt (2001)) into the analysis in order to
create a comprehensive model of competition in one of the biggest online markets — the
web portal market.

Again, since portals are experienced goods, it is necessary to study them under
dynamic conditions. This was stressed by Nelson (1970), Bolton (1998), Park and Fader
(2002), and Moe and Fader (2002). I will apply hazard/survival analysis to examine the
determinants of online consumers switching behavior and better understand how their
choices are made.

The literature directly related to definitions and methodology used for estimating
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market shares and hazard functions will be briefly reviewed prior to the estimations in
chapters 6 and 7 respectively.
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Chapter 4. Summary of contributions and policy
implications.

This chapter outlines the main contributions of this dissertation. In addition, it
discusses the hypotheses that are addressed in this study and policy implications that

may be drawn based on the results.

4.1. Data and methodology.

It is well established in the literature that building and maintaining the large
customer base is the most important goal of portal managers. Two sources of easy
market share gain are discussed in the research:

e true brand loyalty;

e switching costs.

Although both of the above factors may impose barriers to switching, they produce
completely different implications in terms of gaining and maintaining the customer base.
In the presence of true brand loyalty on the online markets, portal’s main goal

transforms into simply attracting new loyal customers. At the same time, switching costs
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can be created artificially for the existing customers preventing them from leaving for
another portal.

Learning costs represent a part of the online switching costs. In previous studies,
learning effect has been identified, but the connection between online learning and
demographic characteristics of users was never established.

Using the appropriate dataset that includes not only the information about customer
movements online and length of stays, but also detailed information about portal
attributes and set of the consumer’s demographic characteristics, this dissertation re-
evaluates the previous findings related to brand loyalty and switching costs effects. I
assume that by introducing detailed information about portal attributes | will be able to
explain most of the customer retention.

Including the demographic characteristics will help to identify different sources of
switching costs, equipping portal managers with important information about means for
customer retention.

In my dissertation, 1 will study the portal market from different perspective. First, I
analyze the behavior of users on the Internet market by exploring the shares of Internet
portals, establishing connection between different portal characteristic and its
attractiveness for people. Then, | study the users’ decisions to drop from a portal as a
function of their own demographic characteristics and portal attributes using the survival
analysis methods. Such comprehensive analysis provides better insights for

understanding the reasons that lead customers to and from certain portals.
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4.2. Big multi-purpose portals vs. specialization.

Big universal portals top the list, but at the same time small portals, specializing in
games or greetings exist on the same market, maintaining the stable market shares.
Specialization often leads to better quality of supplied services and helps niche and
regional portals to stay in good shape. This is why it is imperative to understand which
of the following is more important: the individual contribution of portal services or the
relationships between them; and which is better: to improve the existing services or
generate new ones.

I will estimate separate market shares for the most popular portal services and
analyze the interconnections between them. The results of such estimations will provide
a better understanding of the importance of different portal attributes, which may help to

improve the overall position on the market.

4.3. Consumer heterogeneity.

It is implicitly assumed in previous research that Internet users are homogenous. |
want to extend the portal users’ behavior by dividing them into two groups based on the

level of activity online. | assume that more active users, who surf the Internet
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intensively, switching constantly from site to site, will demonstrate different rates of
portal drop-offs than regular users. If so, the different methods and techniques must be

used for attracting and retaining different types of users.
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Chapter 5. Data sources and description.

The data for this research was originally collected by Plurimus Corporation and is
currently owned by Hitwise. This is a click stream household level data that keeps track
of all customers’ movements online (the example of raw dataset is presented in Table
5.1). The dataset covers 2654 households, for the period December 27, 1999 - March 31,
2000; for a total of 3,228,595 observations. This data allows us to analyze a relatively
early stage of the portal market development since most of the portals came into being
between 1996 and 1998.

The data collected was anonymous and does not allow to trace the records to any
specific person, this allows to assume that data does not significantly suffer from the
behavioral bias. Moreover, general trends in the data are similar to the results presented
in US Internet usage surveys (Nie and Erbring (2000), Sullivan (2003)).

The data set provides detailed information about Internet usage: it contains the time
of arrival at and departure from the destination website (with down to the second
accuracy), website type and name, the number of pages viewed at the website, the
number of bytes downloaded from and uploaded to the given website; it also indicates
whether the portal page is user's starting page. Data also contains the demographic
characteristics of users: gender, age, education, income, marital status, family size,
geographic region (summarized in Table 5.2).

Variables reflecting different portal attributes, such as mailbox size, search quality,
virtual community indicators and size, existence of weather, finance, news and other
portal services were obtained from SearchEngineWatch.com, PCWorld.com and
archive.org.

The data set, however, has some limitations. First, the geographic distributions of the

samples are not representative. New York, Chicago and Los Angeles are under-
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represented. This limitation cannot be considered to be a major problem since web
portals are a national product and we can extend the results to different geographic
regions. The second limitation of this data is that it does not contain information about
users at work. Online behavior at work is very likely to be different from that at home.
However, Nie and Erbring (2000) report that only 16.8% of Internet users use it
primarily at work, 18.9% use it equally at home and at work and 64.4% use Internet
mostly or only at home. This means that second limitation should not create major
problem.

Using the full data set, we can summarize user habits in Internet usage. Summary of
websites visits per category is presented in Table 5.2. All pages are divided into 88
different categories. Portal visits are leading in both number of visits (31.4% of all
visits) and time spent on portals (about 26 % of all time spent online), followed by
several news, communication and entertainment services.

Dataset includes 45 different portals visited by households in the sample. Yahoo!
tops the portal list with almost 35% of all visits followed by MSN (18.9%), Netscape
(8.7%) and Excite (6.4%) (Table 5.3). The number of leading portals with more than 1%
of all visits as well as the amount of time spent is equal to 12 and these twelve portals
receive 95.59% of all portal visits among the customers in the dataset (Table 2.1).

In this dissertation, | study the web portal market consisting of all 45 portals
available in this dataset. For the purposes of this study, the data will be rearranged in
order to enable me to complete the estimation of the determinants of portal market share
and conduct a hazard/survival analysis.

Although data is comparatively old, the approach and techniques developed in this
work may be applied for any dataset and provide useful insights for the analyst. More
importantly, my results can be used for the modern market of mobile portals, which is

currently undergoing the stage equivalent to one explored in this research.
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Table 5.1. Clickstream raw data sample.

id
100
100
100
26
23
26
26
23
26
26
26
24
26
26
26

26
23
26

sdate
29-Jan-00
31-Jan-00
31-Jan-00
2-Feb-00
2-Feb-00
2-Feb-00
2-Feb-00
3-Feb-00
3-Feb-00
3-Feb-00
10-Feb-00
14-Feb-00
14-Feb-00
15-Feb-00
15-Feb-00
15-Feb-00
15-Feb-00
15-Feb-00
15-Feb-00

bfrom
91349
44068
6175
273132
2990
34613
8114
2542
19270
141769
143722
169508
58627
60212
184795
436
6568
38316
3113

Bto
7568
3210
1522
17115
958
5030
83
611
2275
22761
24310
28033
1854
1317
30712
360
3646
3409
1803

session
91
97
97
104
104
104
104
107
107
108
137
142
142
147
147
147
147
147
147

endview
29-Jan-00
31-Jan-00
31-Jan-00
2-Feb-00
2-Feb-00
2-Feb-00
2-Feb-00
3-Feb-00
3-Feb-00
3-Feb-00
10-Feb-00
14-Feb-00
14-Feb-00
15-Feb-00
15-Feb-00
15-Feb-00
15-Feb-00
15-Feb-00
15-Feb-00

npgs

N N Wk 00w Ww

week

(6]

0O 0O 0O 0O 0O 00 0O O N OO OO OO OO OO OO OO O O

age
68.9
68.9
68.9
68.9
68.9
68.9
68.9
68.9
68.9
68.9
68.9
68.9
68.9
68.9
68.9
68.9
68.9
68.9
68.9

educ
12.4
12.4
12.4
12.4
12.4
12.4
12.4
12.4
12.4
12.4
12.4
12.4
12.4
12.4
12.4
12.4
12.4
12.4
12.4

host
com.lifeminders
com.lifeminders
com.lifeminders
com.aol
com.newaol
com.aol

com.aol
com.fiber-net
com.looksmart
com.ask
com.ask
com.bigfoot
com.hotsheet
com.hotsheet
com.ask
uk.co.ndirect
com.ask
com.dnai
com.ask

dnldtime
308
121
138
461
27
149
9
48
58
160
435
222
139
100
473

19
96
10

viewtime
565
121
138
466
27
165
9
106
345
160
435
222
203
100
473
4
19
199
180
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Table 5.2. Summary statistics on number of visits and demographic characteristics of

users.

Standard
Variable Observations  Mean deviation  Min Max
Age 2653 38.8221 8.4749 13 71.3
Education 2651 13.9481 1.4395 8.9 16.1
Income 2648 47891.6 22718.06 4999 190132
Household size 2648 2.5262 0.3806 1 4
Married 2653 0.4976 0.1133 0 1
Renting 2653 0.1061 0.1262 0 1
Total number of visits 2654 1216.49  2045.201 1 56098
Time spent online (in
seconds) 2654 165497.3 238986.3 1 4571000
Average time spent
online (in seconds) 2654 147.8715 79.31824 1 2566.202
Total portal visits 1987 411.2654  482.16 1 5002.87
Time spent on portals
(in seconds) 1987 47824.82 64005.214 2 194852
Average time spent on
portals (in seconds) 1987 116.287  98.0045 2 877
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Table 5.3. Summary of online visits per category for December 27, 1999 — March 31,

2000.
site_type total visits  visits, %  total time  time, %
Adult Products 74 0.027 3552 0.013
Adult Services 3188 1.164 183276 0.672
Airlines 574 0.210 66645 0.244
Arts 36 0.013 4296 0.016
Astrology 82 0.030 10123 0.037
Auction 10954 4,000 1436223 5.265
Banking 542 0.198 87256 0.320
Books 80 0.029 8376 0.031
Business & Companies 1417 0.517 142272 0.522
Business Products 190 0.069 21437 0.079
Business Products & Services 520 0.190 43195 0.158
Chat (general) 14619 5.339 1195700 4,383
Classifieds 316 0.115 23540 0.086
Clothing 404 0.148 85616 0.314
Community 6151 2.246 847759 3.108
Comparison Shopping 742 0.271 53109 0.195
Computers 3461 1.264 303318 1.112
Consulting 13 0.005 296 0.001
Credit 529 0.193 70482 0.258
E-cards 1395 0.509 168041 0.616
E-mail 21057 7.690 1639038 6.008
Education 800 0.292 104169 0.382
Electronics 269 0.098 61183 0.224
Email Subscription/Reminder Services 987 0.360 73698 0.270
Entertainment Services 6363 2.324 839848 3.079
Events 28 0.010 2471 0.009
Finance 3561 1.300 329991 1.210
Financial/Insurance Services 2590 0.946 259504 0.951
Flowers 32 0.012 6391 0.023
Food & Drink 177 0.065 28601 0.105
Forced Content 184 0.067 10481 0.038
Gambling 25 0.009 1735 0.006
Games 10150 3.707 1816850 6.660
Genealogy 1166 0.426 121276 0.445
General Merchandise 549 0.200 118705 0.435
Government 1026 0.375 198415 0.727
Health 671 0.245 87460 0.321
Hosting 3397 1.241 268617 0.985
Hotels 154 0.056 19039 0.070
ISPs 10332 3.773 1021323 3.744
Incentive Site 2872 1.049 121472 0.445
Information Services 2869 1.048 396124 1.452
Insurance 99 0.036 19065 0.070
International 234 0.085 13094 0.048
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Table 5.3. (continued)

site_type total visits visits, %  total time time, %

Internet 5918 2.161 383255 1.405
Internet Telephone 733 0.268 82842 0.304
Jobs 674 0.246 107090 0.393
Legal 50 0.018 8596 0.032
Local Portal 524 0.191 54304 0.199
Maps 455 0.166 44401 0.163
Marketing Companies 1554 0.567 72010 0.264
Medical Services 6 0.002 497 0.002
Medicines, Health and Beauty 134 0.049 22233 0.082
Military 105 0.038 22906 0.084
Movies 140 0.051 22808 0.084
Music 2011 0.734 278396 1.021
News 8140 2.973 1132522 4.152
Online Shopping 2987 1.091 508146 1.863
Online Trading 267 0.098 39454 0.145
Organization 128 0.047 17364 0.064
Personal Pages 18 0.007 684 0.003
Places 30 0.011 4050 0.015
Politics 19 0.007 2246 0.008
Portal 85989 31.401 7035045  25.789
Radio 147 0.054 11689 0.043
Real Estate 824 0.301 96578 0.354
Rental Cars 92 0.034 8920 0.033
Science 71 0.026 13391 0.049
Search 8381 3.061 592754 2.173
Security 86 0.031 5284 0.019
Software 19060 6.960 1941364 7.117
Special Interest 1707 0.623 142934 0.524
Sporting Goods 38 0.014 7128 0.026
Sports 4559 1.665 842557 3.089
Streaming Media 3581 1.308 166888 0.612
Sweepstakes 2833 1.035 271513 0.995
Technology 2484 0.907 223933 0.821
Telecommunications 1284 0.469 108340 0.397
Television 791 0.289 182605 0.669
Toys 118 0.043 23074 0.085
Travel/Places 812 0.297 131920 0.484
Vehicle Information 136 0.050 23705 0.087
Vehicles 720 0.263 137533 0.504
Video 105 0.038 16147 0.059
Weather 971 0.355 149041 0.546
Web Design 184 0.067 17520 0.064
Web-based Applications 94 0.034 13001 0.048
Total visits 273839 100 27279730 100
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Table 5.4. Summary of visits to portals for December 27, 1999 — March 31, 2000.

site_id site_type total visits visits, % total time  time, %
com.about Portal 2636 0.2401 332647 0.2625
com.netaddress Portal 3832 0.3490 440726 0.3478
com.altavista Portal 36247 3.3010 3950609 3.1177
com.aol Portal 77650 7.0715 7444956 5.8752
at.stop Portal 80 0.0073 3263 0.0026
at.vol.members Portal 1 0.0001 11 0.0000
au.com.alphalink Portal 24 0.0022 4594 0.0036
au.com.nettrek Portal 1 0.0001 217 0.0002
au.com.powerup Portal 44 0.0040 5167 0.0041
au.com.tig.nomepages Portal 25 0.0023 7119 0.0056
com.bomis Portal 2866 0.2610 185725 0.1466
com.ceoexpress Portal 88 0.0080 6726 0.0053
com.clickheretofind Portal 564 0.0514 38967 0.0308
com.crosswalk Portal 148 0.0135 23517 0.0186
com.dailyl Portal 95 0.0087 7288 0.0058
com.directhit Portal 3782 0.3444 315180 0.2487
org.dmoz Portal 360 0.0328 29776 0.0235
nl.euronet Portal 117 0.0107 10837 0.0086
com.excite Portal 71216 6.4855 7594896 5.9936
com.funcoland Portal 150 0.0137 42362 0.0334
com.galaxy Portal 149 0.0136 13030 0.0103
com.go Portal 75183 6.8468 10808148 8.5293
com.handilinks Portal 18 0.0016 1855 0.0015
com.hotbot Portal 16084 1.4647 1452725 1.1464
com.hotsheet Portal 482 0.0439 38348 0.0303
com.infospace Portal 5354 0.4876 863811 0.6817
com.iwon Portal 22646 2.0623 3442158 2.7164
com.kanoodle Portal 66 0.0060 3542 0.0028
com.looksmart Portal 5438 0.4952 391354 0.3088
com.lycos Portal 45091 4.1064 5426206 42821
ch.lyrics Portal 632 0.0576 90130 0.0711
com.megaspider Portal 422 0.0384 18770 0.0148
com.msn Portal 207923 18.9353 26014508 20.5295
com.myway Portal 18381 1.6739 2813050 2.2199
com.com.nerdworld Portal 59 0.0054 6141 0.0048
com.netscape Portal 96310 8.7708 10943132 8.6359
com.nettaxi Portal 1399 0.1274 286757 0.2263
com.planetout Portal 581 0.0529 136870 0.1080
com.snap Portal 15210 1.3852 1392590 1.0990
com.starmedia Portal 645 0.0587 122314 0.0965
com.webcrawler Portal 4912 0.4473 532076 0.4199
org.webzone Portal 86 0.0078 15859 0.0125
com.www Portal 2143 0.1952 204857 0.1617
com.yahoo Portal 378781 34.4951 41237760 32.5431
com.yep Portal 152 0.0138 16873 0.0133
Potal visits 1098073 100 126717447 100
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Chapter 6. Portal competition and the determinants of
market shares.

6.1. Introduction.

The purpose of my work is to determine the most important factors that affect
consumer preferences towards portals and define portal market shares.

Market shares occupy a prominent role in industrial and marketing research.
Contributions to the theory of market shares are as early as Slater (1961) and Fogg
(1974). These authors discuss the problem of gaining market share under various
competitive conditions. Fogg (1974) discusses the following key means of increasing
market shares:

e price, if firm sets it below average to take customers away from competitors;

e new products, introducing innovations or significant modifications of product;

e service, improve the quality of services and support;

e strength and quality of marketing;

e advertising and sales promotion.

For online market with low or no monetary transaction costs involved, only four last
factors can be considered to be important parts of market share gain strategy.

For all other markets, where a tradeoff between profit margin and market share
exists, several competing hypotheses of the role of market share were developed. There
is a significant literature on the implications of market shares on the firms’ profit and

welfare. Szymanski, Bharadwaj and Varadarajan (1993) and Cook (1985) found the
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market share and profitability are positively related and examined the factors that
moderate the magnitude of this relationship. They argue that most managers must focus
on building market share as the mean of increasing profits.

In contrast, Boulding and Staelin (1990) showed that very high market share derive
no additional profit, and Schwalbach (1991) found optimal market share as between 65
and 70 percent on service and retail markets.

Still, strategic importance of a strong market position — in the form of market share —

as a key performance factor is undoubted.

6.2. Modeling the portal market share.

6.2.1. Defining the market share for online portal.

There are two traditional approaches in defining a market size and, therefore, market
shares (Fogg (1974), Kotler (1999)):
e total amount of sales or revenue on the market;

e number of consumers.

When making a decision about how to define the online market share, it is
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imperative to keep in mind the specifics of revenue process for online firms. Online
portal does not receive most of its revenue from the user of its services; instead, the size
of customer base and number of views is used to obtain money from advertizing. In
these circumstances market share, defined in terms of sales or revenue is not directly
related to customers’ choice and preferences. As a result, it is preferable to define
market and market shares in terms of customer number.

In turn, customer side for the online market can be calculated in three different ways:

e total number of customers registered with portals;

e number of visits made by users;

o total time spent online (Jesdanun (2007)).

The first of the above measures provides good measure for total awareness about the
portal, but is of a little help in terms of determining the present popularity of online firm.
Since portals do not offer an option to “unsubscribe” from portal usage, customer base
contains the information of all users ever subscribed for portal services. In case where a
researcher is interested in analyzing the present activity on the portal, it may provide
misleading information.

Number of visits and total time spent online gives better understanding of current
trends on portal market. However, total time spent online may be affected by the
personal characteristics of user (slow learning ability and, as a result, slow browsing
behavior; high activity in electronic communication leading to long time spent at e-mail,
chats or forums; and others), and provide inconsistent metric. Therefore, the number of
visits makes the best metric for portal market share, and | will use it as such in my
analysis.

The market shares of portals are constructed in the following way: for each week of
observations total number of visits is considered to be 100% of shares or the entire
market. The ratio of visits to a particular portal to all portal visits each week will
constitute its market share. This way all market shares satisfy the basic property of
market shares: they lie between 0 and 1, and sum to 1 for all competitors.
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6.2.2. Data.

In order to analyze a change in market shares as a function of changes in different
portal characteristics, | need to rearrange my original data to create a panel dataset.

We keep track of market shares defined in terms of total number of visits to all 45
portals in the dataset during 14 weeks of observations, for a total of 630 observations.
Figure 6.1 demonstrates the trends of market share changes over the observed period of

time and Table 6.1 presents the correlation coefficients between portal attributes.

6.2.3. Conceptual and econometric model.

The literature presents a number of approaches concerning modelling of market
shares, and predicting effects of different variables on changes in market shares.
Additive market shares and market share attraction models are the most common
(Buzzell and Wiersema (1981), Cook (1985))*. Owing to the nature of panel estimation,

additive model looks more attractive and will be used in this section.

* Basic linear additive model is expresses as MS, = o+ f [ X;+ B :Xp1+...+ BoYes + B uiiYit... , Where MS
stands for market share in period ¢, and X, Y, ... are decision variables. Another way of stating this model is
MS, = BoMS.;+ B X+ B Y +..., where MS,;is included to capture the effects of lagged variables and

concentrate directly on the difference in market shares. These basic formulations were applied in several
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In order to implement the theoretical hypotheses and verify the prior empirical
findings | included different groups of variables into my estimation:

e variables related to the portal brand recognition and customer awareness;

e portal attributes’ variables;

e variables reflecting demographic characteristics of portal service users.

Definitions of variables introduced into the model are presented in Table 6.2.
Following Goldfarb (2002b) I also include the effect of distributed Denial of Service
attack® on Yahoo! on February 7, 2000, the 7th week in our panel.

To begin, | consider the classical linear regression model, in which we partition the

conditional expectation into time-variant and time-invariant components, x, /3, and
z 17, respectively:

. . - n=1...N
E[ynth'Z]:xmﬂO—l—ZnnO’ t:]. T (61)

where n indexes the individual portals of the panel and t indexes the period of
observation. The matrix X contains observable portal attributes and the matrix
Z contains the unobserved characteristics of the individual portals that are constant

from a time period to a time period; vectorz, represents unobserved characteristics of
the portals that are constant from time period to time period. Since z, are unobserved,

we will treat the «, =z, 7,as additional unknown parameters. As such, the «,are

ways. Variables, whose effect on market shares were believed to be nonlinear have been included and
linearized; multiplicative models that allow for joint effect of variable were used after the appropriate
transformations; simultaneous equation models were applied..

Attraction models that are based on the theorem of market share determination, stating that market shares

Eﬁ”orll-j
ZE/ﬁ‘ortlj

is on the market with n competitors. Attraction models always satisfy the basic property of market shares:
they lie between 0 and 1, and sum to 1 for all competitors. Their practical application, however, has a
disadvantage of a greater complexity (when linearization is not possible) and likely presence of
multicollinearity. Despite the theoretical advantage attraction models are less used due to computational
complexity and limited data availability.

of competitors will be proportional to their shares of total market effort. Ms;; =

y , Where brand j

® Denial of Service (DoS) attack is an attack on a computer system or network that causes a loss of service
to users, typically the loss of network connectivity and services by consuming the bandwidth of the victim
network or overloading the computational resources of the victim system.
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usually called fixed effects. Each is a distinct intercept for the regression function of an
individual portal in the panel. Fixed effects regression is the model to use when we want
to control for omitted variables that differ between cases but are constant over time. It
lets use the changes in the variables over time to estimate the effects of the independent
variables on our dependent variable.

When there is a reason to believe that some omitted variables may be constant over
time but vary between cases, and others may be fixed between cases but vary over time,
then both types can be included by using random effects. The latent variables model is

extended to treat the ¢, as random variables, or random effects. In addition to

E X,al=x,p6,+a,, .
Y ni/70 t=1..T

Ely, | X]1=x,B, +a, is specified, assuming that the conditional mean of every
a,given X =[X,,..., X, ] is equal to the same constant .

Fixed effects model always give consistent results but it may not be the most
efficient model to run. The specification test for choosing between fixed- and random-
effects models was devised by Hausman. Test checks a more efficient model against a
less efficient but consistent model to make sure that the more efficient model also gives

consistent results. The chi-square test is based on Wald criterion:

W= 2 [K]1=[b-BI=[b - 5] (6.3)
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6.3. Empirical results.

6.3.1. General panel estimation.

| start with the estimation of the naive regression of market share function of the
number of features presented by the portal. The results are summarized in Table 6.3, and
suggest that number of portal features strongly affect the size of market share.

General specification for the market share estimation includes all the available
variables.

The results of this estimation are summarized in Table 6.4. | test the null hypothesis
that the differences in coefficients estimated by the efficient random effects estimator
and the ones estimated by the consistent fixed effects estimator are not systematic. For
this estimation null hypothesis is rejected, so fixed effect estimation is the preferred
specification.

The results suggest only quality of mail and search services have major effect on the
market shares. The adopted log-linear specification allows us to make direct inferences:
increase in Mail and Search quality can lead to an increase of market share, for 5.6% and
4.4% respectively. Due to the little variability in some of the portal attributes over the
observed period, some of them were dropped from the analysis.

In this situation, I try to get some helpful insights from random effects specification.
It also suggests that Mail and Search can be treated as major determinants of market
shares, but also point that Greetings, News service, Messenger and Weather service may

play some important role in forming the consumer preferences towards the portal.
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The adoption of fixed effects model also tells that the heterogeneity between portals

is constant over time.

6.3.2. Aggregated model estimation.

In order to overcome the data problems — limited variability of certain
characteristics, | run the estimation of the model with reduced number of variables,
some of the new variables will be combinations of old ones.

Here | divide all portal characteristics into several groups that have the most effect
on customer decisions. In this estimation | distinguish the following groups of factors:
Age, assuming that if portal exist for longer time, the larger customer base can be
accumulated, this variable can also serve as a proxy for brand recognition; Mail should
be included as individual variable since we have reasons to assume that users separate
this service from others (Nie and Erbring (2000)), the availability and quality of mail
influence customer retention rate; Virtual community factor (Gallaugher and Downing
(2000)); Personalization as a possibility to combine mainly used services on the
customized portal page; and Search quality (Goldfarb(2000)).

For this reduced model, | also run fixed and random effect regression (results are
summarized in Table 6.5) and perform the specification test. Based on the specification
test again we should adopt the fixed effect regression.

Results again suggest that the quality of mail service is most significant in user
decisions. This can be explained by the fact that primary goal of portal users is e-mail
service and the quality of mail at this stage is the major determinant of their choice; Nie
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and Erbring (2000) questionnaire informally supports this idea. Along with the mail
service, every user obtains a unique name that can be used in other portal services, such
as games, chat, forums, and gets involved into virtual community. Virtual community
factor does not appear to be significant in determining general market share, owing this
to the limited variability in these services. Still, as we discussed above, the virtual
community factor can become the substantial part of the switching costs, and some users
rank the volume and quality of virtual community high in their preferences towards

certain portal.

6.3.3. Estimation with lagged dependent variable.

The lack of the variability in certain portal features results in lower significance of
the coefficients; portal characteristics do not vary much in a short period of time, while
the number of unique visits to portal varies from day to day. However, in case of web
portal | can suggest one more characteristic, which affects the market share at any given
period of time.

There are number of reasons to assume that current market share depends on market
share at previous time period; we have two main reasons to suggest this relationship:

e as a result of the force of habit (inertia) people do not change their consumption

preferences immediately, following the price increase or income decrease. When
there is no monetary cost involved, users have no immediate disutility from

using the same product, but switching involves some learning cost and
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transitional cost, so substantial fraction of customers would use the same portal
as on previous day;

e in addition, higher customer base can generate higher rate of attraction since
current users share their knowledge with potential ones; the higher customer base
is, the more information spillover can occur.

Taking all this into consideration, I create a model with lagged dependent variable.
For this purpose | assume that only previous period market share affects the current one,
which suggests the lag of one period only. The simple dynamic specification is
formulated as following:

n=1..,.N

E[ynt |X7a’yn,0""’yn,t—l] :¢0yn,t—l+x;ltﬁ0+an’ ¢ :1 T (64)

Substantial complications arise in estimation of such a model, however. In both the
fixed and random effect settings, the difficulty is that lagged dependent variable is
correlated with the disturbance, and coefficients are generally inconsistent. The general
solution approach, developed in the literature, relies on instrumental variables
estimators. For this, | start with simple fixed effect estimator and then consider two
instrumental variables. View time of the portal and amount of information (measured by
number of bytes exchanged with the portal) are used as instruments. Both of them
should be highly correlated with market share, but | assume them to be independent
from the disturbances. The results for these estimations are presented in Table 6.6.
However, this estimation does not produce any significant coefficients. This can be
partially explained by the fact that Age of portal partially controls for the above effects;
indeed, if portal exists longer time the customer base accumulated and the level of

knowledge about this particular portal will increase.
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6.3.4. Seemingly unrelated regression estimation.

The above analysis gives the basic understanding of overall portal popularity.
However, in order to understand the key factors affecting market share | would like to
consider the shares of separate services. For certain portals, that specialize on offering a
particular service (e.g. games or chat), only the market share of this service matters.
Estimation of the overall market shares cannot capture this effect.

I continue the analysis applying seemingly unrelated regression (SUR) with
primitive coefficients to three different markets:

Bl | X1-xp, 65

j=1...,J
where the additional subscript j denotes the regression equation for jth dependent
variable.

Here, | assume that the market shares of mail service, virtual communities and
search are not defined independently. Indeed, when user starts using one service of the
portal he can easier start using others as well. Again, | assume that share of certain
service is determined by service quality, the availability of other services on the
particular portal and demographic characteristic of service users (I assume that
demographic characteristics of users of different services can vary).

64.4% of portals participate in the market for e-mail, 73.3% present at least one
service, associated with virtual community, search market receives the attention of
86.6% of all portals; and 44.4% of portals participate in all three markets. Figures 6.2 —
6.4 demonstrate the trends of market share changes for three markets.

Since not all portals provide the same set of services, | have to control for it when
markets are separated. For the purpose of this estimation, in order to distinguish zero
market share of existing service from nonexistent services, | treat the latter ones as
missing variables.
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The results are summarized in Table 6.7 and matrix of residuals is presented in Table
6.8.

Most signs of our estimated coefficients for the separate markets correspond to
intuitive expectations. My prior assumption is that large number of services attracts
users and increase market shares. Positive coefficients of the Mail quality in mail
equation, Search quality in search equation, and the size of Virtual community in virtual
community equation are expected and show clear correlation between quality service
and the market share increase. As before, Mail quality and Search show strong as the
determinants of market shares (for all three markets).

There are some notable differences in the ways, in which shares for the three markets
are determined.

Virtual community share is positively correlated with Age of the portal (0.002%),
Mail (0.02%) and Search quality (0.006%), Shopping (0.03%), Weather (0.05%) and
Personalization (0.04%); and negatively correlated with Auction (-0.08%), Finance (-
0.06%) and existence of personal Page (-0.04%). For portals whose main specialization
is games, forums or chat, mail is the additional convenient feature for the members of
virtual community that allows to contact each other easily. Visiting the Auction and
Finance services are time-consuming and reduce the possibility of future engaging into
virtual communication, justifying the negative relationship.

Demographic variables appear significant for the virtual community market share
estimation. Positive coefficient of User age and negative coefficient of User age”2 could
be expected, and are related to the fact that younger people tend to engage more and
more to the virtual communication, but at certain point of time (starting the first job, for
example) reduce time spent there. More educated people spent less time in virtual
communities (-0.02%) as well as married individuals (-0.18%).

From the estimation of search share, we observe positive relationship with Auction
(0.06%), Finance (0.07%), Messenger (0.12%). The explanation is that these services
are analogous to the search process in the sense that they are used with a specific goal or
target in mind. Again, | found several demographic variables significant for the search
market shares. Positive coefficients of User education (0.01%) and negative coefficient

of User age (-0.02%) could be expected and can be easily explained. More educated
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people engage in larger amount of various searches, but older individuals spend less
time doing so. Household size and Income variables appear to be significant as well.

Demographic variables do not play an important role in defining market share for
mail service. Mail share depends mostly on own Mail quality (9.2%). Age of the portal,
Weather and Personalization services positively correlate with mail market shares.
Surprisingly, Auction and Sport services demonstrate strong negative correlation with
mail market share (-3.33% and -3.99% respectively).This may be possible due to the fact
that some of the major players on the mail market do not offer these features, which
creates the major distortion in the structure of the estimated coefficients. Indeed, hotbot,
iwon, aol and altavista (ranked #4, #5, #7 and #8 by the size of mail market share) did
not offer Auction feature; also, hotbot did not feature Sport on the portal page.

In order to eliminate the effects of such singularities, | run the additional SUR
estimation without Auction and Sport attributes. The results of this refined estimation
are presented in Table 6.9 (matrix of residuals appears in Table 6.10).

Again, the most important factor determining Mail share is Mail quality, 8.83%
increase in share can be achieved by improving this feature. The existence of News,
Weather and Messenger features may improve share by 3.82, 4.85 and 4.53%
respectively. Possibility of Personalization (1.22%) and Search quality (0.19%) also
contribute to gaining additional mail market share.

Virtual community share in this estimation found to be positively correlated with
Mail (0.015%), Virtual community size (0.014%), Search quality (0.005%) and
Weather (0.04%); and negatively correlated with Shopping (-0.027%) and News (-
0.04%). Existence of personal Page (0.048%) and Messenger (0.15%), that allows
member of virtual community to share more information improves virtual community
market share. As before, User age (0.007%) and User education (-0.017%) influence is
significant.

Positive relationship with Mail (0.022%) and Finance (0.026%), and negative
relationship with Virtual community (-0.01%) holds for Search market share. Again, this
estimation suggests that older and less educated people has lower tendency to engage
into online search process.

Demographic variables play an important role in determining the shares for search
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and virtual communities, but not for the mail service. | argue that the important
difference between mail and other services exist; e-mail service is used by all types of
customers whereas only certain demographic groups are interested in using other
services such as search, chats, forums and online games. Coefficients suggest that user’s
age and education play important role in engaging into online search or online virtual
communities.

The hypothesis of independence of the three market share equations is rejected in
Breusch-Pagan test, which give me the reason to suggest more complicated relationships

between different portal attributes, and their role in determining market shares.

6.3.5. Heckman selection estimation.

From the above analysis, | have reasons to suggest that portal attributes are chosen
non-randomly; instead, portal characteristics are grouped in a certain manner to attract
more customers to the services provided. In order to check the data for sample
selectivity, | utilize the Heckman two-stage procedure, which is based on the following:

v, =X, + pov, +e, (6.6)

The unobserved error term o, is replaced by its mean conditional on z =1 and

explanatory variables W, :
Elo, |2, =10 = Elo, v, > Wy ] = 2070 6.7)
O(Wy)

Ordinary probit is used to obtain a consistent estimates 7, and on the second step the
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o(W.7)

A

unobserved o, is replaced with selectivity regressor 7
Y
t

and equation (6.6)

becomes:

o(W.7)
D7)

Tables 6.11 — 6.13 present the results of the Heckman selection estimation. Since

v, =X,p+po + residual (6.8)

coefficient p is significantly different from zero, | can reasonably infer that | have

selectivity in my dataset. The regression results for coefficients are inconclusive, maybe
due to a small sample.

Selectivity of portal characteristics is closer related to the decisions of portal
management than to consumer choice, making its way outside of the area of research of
this dissertation. However, it points to an important factor of portal profitability and
success, and makes an excellent topic for future research. Data needed for this research
must be more detailed in terms of portal characteristics. Not only the number and
composition of portal attributes, but also the order of their appearance on different
portals are necessary. Such study will lead to important implications for the online

firms’ managers, guiding their decisions about web page attributes.
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6.4. Conclusions.

After including all of the variables of objective portal attributes together with several
demographic characteristics, | found no significant evidence of brand loyalty influence
on market shares, in contrast to Goldfarb (2000) and Bucklin and Sismeiro (2001).
Together with findings of Ray (2007) it means that most of the loyalty online may be
explained by unobservable heterogeneity. Unobservables may include wide range of
portal characteristics from color palette and ease-of-use to number of clicks required for
various tasks as well as be connected to the emotional attachment of users to certain
portal brands or services.

| also found that possibility of personalization does not affect market shares
significantly, but the existence of messenger has positive impact on customers’
retention. For the early stages of portal market development, mostly the mail and
community services were in demand and thus quality of these exact services determined
the customer retention. | did not found any significant evidence of DoS attack on the
market share; in contrast, the number of visits increased after the attack, mainly due to
mail usage increase.

My estimations have demonstrated that individual portal features such as portal age,
mail and search quality, are very important in explaining the overall market share, but
less powerful in the explaining the market shares of separated services. In contrast,
demographic characteristics of users did not have significant influence on overall market
shares, but could affect the market share of virtual community and search.

This data also suggests that there exists a clear separation between the market for the
mail service and other services produced by portals. Markets for search and virtual
communities demonstrate high volatility in market shares, and the peaks of visits appear

at different times for different portals. This indicates that customers of different portals
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engage into dissimilar types of searches and online discussions and probably represent
different demographic groups. These different demographic groups are tied to different
services, portal characteristics, and, as a result, to different portals. Taking this into
account, 1 can find some common features that help to attract and retain diverse
customers. Targeting and maintaining the good relationship with current users also
should become the important part of portal market policy. This provides additional
motivation to study and model the consumer preferences toward different portal
attributes, as well as studying the effects on advertising and media mentions on change
in market shares, which will be beneficial for the full understanding the phenomenon of

portal popularity.
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Table 6.1. Correlation coefficients for the portal attributes.

share age mail  auctionshopping sport chat greetings games
share 1
age 0.4638 1
mail 0.6988 0.2835 1
auction 0.3106  0.188 0.3653 1
shopping 0.1879 0.0377 0.202 0.3115 1
sport 0.1688 -0.0255 0.1589 0.3287 0.5343 1
chat 0.2151 0.2657 0.3401 0.075 0.0478 0.0278 1
greetings 0.3446 0.0801 0.4301 0.191 0.4911 0.3923 0.4536 1
games 0.3075 0.1164 0.3887 0.4177 0.4939 0.405 0.3617 0.5664 1
finance 0.3465 0.181 0.2948 0.1817 0.4648 0.4684 0.4204 0.6003 0.5974
news 0.2147 0.0508 0.3117 0.3851 0.6166 0.4899 0.4225 0.5 0.4729
search_quality 0.5731 0.3447 0.4267 0.4391 0.2739 0.3774 0.1725 0.3809 0.3943
messenger 0.7596 0.3681 0.5088 0.2129 0.2058 0.1963 0.2327 0.2656 0.3238
personal 0.2835 0.1579 0.1915 0.3267 0.019 0.2294 0.2699 0.1879 0.2854
weather 0.2754 0.0341 0.3344 0.2983 0.3806 0.362 0.229 0.4202  0.465
page 0.3814 0.3019 0.365 0.2874 -0.0119 0.1029 0.3563 0.3986 0.3771
finance news search quality messenger personal weather page
finance 1
news 0.6327 1
search_quality =~ 0.3523 0.3523 1
messenger 0.3391 0.2098 0.6147 1
personal 0.3283 0.1897 0.4041 0.3238 1
weather 0.594 0.5511 0.1157 0.0683 0.0971 1
page 0.3152 0.2 0.5475 0.4315 0.4718 0.1279 1
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Table 6.2 Definition of variables introduced into the model.

Market share: MS

Market share of individual portal, measured as natural logarithm
of the ratio of total visits to this particular portal to total portal
Visits

Portal attributes

Portal age Measured in weeks since portal first appeared online
Mail Volume of the mailbox provided by the portal

Dummy variable, equals to 1 if service is provided and zero
Auction otherwise

Dummy variable, equals to 1 if service is provided and zero
Shopping otherwise

Dummy variable, equals to 1 if service is provided and zero
Sport otherwise
Chat Measures the volume of chat community

Dummy variable, equals to 1 if service is provided and zero
Greetings otherwise

Dummy variable, equals to 1 if service is provided and zero
Games otherwise

Dummy variable, equals to 1 if service is provided and zero
Finance otherwise

Dummy variable, equals to 1 if service is provided and zero
News otherwise

Measures quality of search engine on a given portal, based on the
Search outside published rankings.

Dummy variable, equals to 1 if service is provided and zero
Messenger otherwise

Dummy variable, equals to 1 if service is provided and zero
Weather otherwise

Dummy variable, equals to 1 if service is provided and zero
Page otherwise

Personalization

Personalization possibility, measured by the number of services
that can be included into personalized portal page

Virtual community

Combined variable, that measures the overall size of all services
associated with virtual communities, such as chats, forums,
discussion groups, games, greetings.

Demographic characteristics of users®

User age Age of the user of certain service
User education The number of years of education of the user
User income The income of the portal user

Household size

The household size of the portal user

Marital status

User’s marital status

® Please, note that for market share estimations averages of consumers characteristics are used.
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Table 6.3. Naive estimation of market shares (errors in parenthesis)

Maximum Likelihood

Variable Fixed Effects Random Effects Random Effects

Portal age 114716 ** 1246642*** .1250441***
(.0562211) (.0387487) (.0381184)

Number of

features 3.581731** 4.168477*** 4.174866***
(1.75412) (.7624962) (.7430848)

Constant 3.692048 -1.572111 -1.661525
(12.38253) (6.987677) (6.82586)

" significant ata 1% level ~ significant ata 5% level ~ significant at a 10% level

Hausman test: Ho: difference in coefficients not systematic
72 ()= 0.27
Prob> y* = 0.8739
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Table 6.4. General estimation coefficients. (errors in parenthesis)

Viaximum Likelihood

Variable Fixed Effects Random Effects Random Effects
Portal age -.0000111 .0000152 .000009
(.0000293) (.000028) (.0000281)
Mail 056468 *** 046293 *** 048707 ***
(.010693) (.01045) (.01043)
Auction dropped 0180771 .018223
(.011626) (.013116)
Shopping .0003912 -.0000459 .0000573
(.0020913) (.0021073) (.0020637)
Sport 0016779 .000936 .0011093
(.001077) (.001084) (.0010677)
Chat .0000574 .0003706 002773
(.0028545) (.0028194) (.5675034)
Greetings dropped 0236696 * 0237162 *
(.012983) (.0145379)
Games dropped -.0167847 -.0168863
(.0125487) (.0141586)
Finance dropped -.0042648 -.0042086
(.015131) (.0170706)
News dropped -.0237903 * -.0239668
(.0134989) (.0152123)
Search . 044313 *** 018471 * 018925 *
(.005103) (.010865) (.01295)
Messenger dropped .1586065*** 1583554 ***
(.0216061) (.0244928)
Personal dropped .0032888 0028424
(.0185019) (.0210415)
Weather dropped .0395516 ** .0397845 ***
(.0121548) (.0137019)
Page dropped -.0030183 -.03029
(.0123003) (.0251094)
Constant .0071102 * -.0019639 -.0015191
(.0038159) (.0073173) (.0080424)

"~ significant at a 1% level

™ significant at a 5% level

Hausman test: Ho: difference in coefficients not systematic

22 (7)=72.26
Prob> 4° = 0.000

" significant at a 10% level
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Table 6.5. Estimation coefficients for grouped factors (errors in parenthesis).

Maximum Likelihood

Variable Fixed Effects Random Effects Random Effects
Portal age -2.04e-06 .0000324 -.0000951
(.0000287) (.0000282) (.0000521)
Mail . 050404*** . 048044*** .0333178
(.009957) (.009999)
Virtual community 3.43e-06 -.0003219 -.0264391***
(.0027482) (.0024727) (.0089534)
Personalization dropped .0221946*** .0283749 **
(.0071195) (.0135234)
Search .043217*** | .0015117 -.0073986 ***
(.007083) (.0010819) (.0021923)
Constant .0073081* -.0033845 0496147 ***
(.0038907) (.0067776) (.0129264)

" significant at a 1% level ~ significant at a 5% level significant at a 10% level

Hausman test: Ho: difference in coefficients not systematic
7’ (4)= 44.37
Prob> * = 0.0000

Table 6.6. Estimation coefficients for grouped factors with lagged dependent variable
(errors in parenthesis).

Variable Fixed Effects IV (viewtime) IV (information)
Previous share -.0132885 6157867 1.116115
(.0370786) (1.326211) (1.541322)
Portal age -.0053252 013574 0276071
(.0095374) (.0389227) (.0458518)
Mail -.0428925 -.0215094 -.0624058
(.3105964) (.3750725) (.495065)
Virtual community dropped dropped dropped
Personalization dropped dropped dropped
Search dropped dropped dropped
Constant -1.451188 -2.376962 -3.087203
(1.133514) (2.320639) (2.8391)

" significant at a 1% level

™ significant at a 5% level

significant at a 10% level
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Table 6.7. Estimation coefficients for seemingly unrelated regression (errors in

parenthesis).

Variable Mail share Virtual community share Search share
Portal age .0138491 ** .0002003 *** .0001374
(.0063659) (.000058) (.000101)
Mail volume 9.28002 *** .0240953 *** 017704 **
(.4630624) (.004287) (.007369)
Virtual community -.4905094 .0076595 ** -.0111545
volume (.4530295) (.004194) (.0072103)
Search quality .3045536 *** .0062138 *** 0.1759 ***
(.1169211) (.001082) (0.0497)
Auction -3.335893 *** -.0868088 *** 0665612 ***
(.9743802) (.009022) (.0155079)
Shopping 2.050117 0314872 ** -.0223635
(1.57984) (.014628) (.025144)
Sport -3.997614 *** -.006046 -.0451486 ***
(.9239716) (.008555) (.0147056)
Finance -.7191751 -.0613806 *** 0745455 ***
(1.144949) (.010601) (.0182226)
News .0618535 0176259 .0094498
(1.743341) (.016142) (.0277464)
Messenger 1.480178 .0930142 *** 1202496 ***
(1.744976) (.016157) (.0277725)
Weather 5.100973 *** .0580092 *** .0026737
(.8754027) (.008105) (.0139326)
Page -.5508563 -.0456993 *** -.0015481
(1.654924) (.0153237) (.0263392)
Personalization 2.366064 ** .0450295 *** -.005825
(.9499139) (.008795) (.0151185)
User age -.2076327 .0090494 ** -.0220699 ***
(.4381178) (.004056) (.0069729)
User age " 2 .0054169 -.0001047 * .0003041 ***
(.0060035) (.0000556) (.0000956)
User education -.4824033 -.0157727 *** .016724 *
(.5416363) (.005015) (.00862)
User income .000014 .0000008 *** -.000001 *
(.000034) (.0000003) (.000005)
Household size 3.745692 -.0357367 .128605 **
(3.28816) (.0304466) (.052333)
Marital status -8.72016 -.1798767 ** -.2202831
(13.5373) (.087625) (.215455)
Constant -16.07253 *** -.0967714 *** -.0577697 *
(2.16882) (.020082) (.034518)
R? 0.8247 0.7946 0.5012
X 1510.14 1241.78 322.52

" significant at a 1% level

™ significant at a 5% level

" significant at a 10% level



Table 6.8. Correlation matrix of residuals for SUR.

Variable Mail share  Virtual community share Search share
Mail share 1

Virtual community share 0.4329 1

Search share 0.1646 -0.1398 1

Breusch-Pagan test of independence: y* (3) = 75.139
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Table 6.9. Estimation coefficients for seemingly unrelated regression without Auction
and Sport features (errors in parenthesis).

Variable Mail share Virtual community share Search share
Portal age .0088804 .0000368 .0002802 ***
(.006435) (.0000646) (.0000996)
Mail volume 8.835614 *** 0156564 *** .0225865 ***
(.4831619) (.0048469) (.007479)
Virtual community -.1562821 0140053 *** -.0148253 **
volume (.4763895) (.0047789) (.0073741)
Search quality .1974838* .0059401 *** .088005 ***
(.1218081) (.0012219) (.0269625)
Shopping 2.085136 -.0276476 * -.0016521
(1.522167) (.0152697) (.023562)
Finance .3960118 -.0119248 0262414 *
(1.002403) (.0100557) (.0155164)
News 3.827316 ** -.0434778 ** .035925
(1.714807) (.0172022) (.0265439)
Messenger 4.536233 *** 1500027 *** .0011602
(1.741851) (.0174735) (.0018855)
Weather 4.859173 *** .0405 *** .0217983
(.8904622) (.0089327) (.0137837)
Page -.9195774 .0488004 *** -.00247
(1.758398) (.0176395) (.0272187)
Personalization 1.227431 ** .0139481 .0187442
(.9372612) (.0094022) (.0145081)
User age -.2390817 0077392 * -.0208154 ***
(.4654727) (.0046694) (.0072052)
User age 2 .0065582 -.0000789 .0002863 ***
(.0063762) (.000064) (.0000987)
User education -.6372893 -.0171392 *** .0164184 *
(.5752709) (.0057709) (.0089048)
User income .0000271 9.36e-07 ** -9.27e-07
(.000037) (3.71e-07) (5.73e-07)
Household size 4.305223 -.0254754 122922 **
(3.494185) (.0350521) (.0540873)
Marital status -10.50174 .0924294 -.2340444
(14.38845) (.1443386) (.2227222)
Constant -11.37215 *** -.0062658 -.1110019 *
(2.070288) (.0207682) (.0320465)
R 0.8018 0.7275 0.4666
2 1298.81 856.82 280.81

~ significant at a 1% level

™ significant at a 5% level

significant at a 10% level
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Table 6.10. Correlation matrix of residuals for SUR without Auction and Sport features.

Variable Mail share  Virtual community share Search share
Mail share 1

Virtual community share 0.4864 1

Search share 0.1385 -0.2074 1

Breusch-Pagan test of independence: y* (3) = 95.899
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Table 6.11. Heckman selection estimation. Selection into mail service (errors in

parenthesis).

Variable Equation Selection Equation
Auction -.1180752 -.3666605
(.6822809) (1.198583)
Shopping 5138239 9433113
(.6716644) (.8976336)
Sport 015732 0297045
(.5911634) (1.006687)
Finance -.2914747 -.9102253
(.8539004) (1.072763)
Messenger 4664836 6.076128
(1.418686)
Weather 3313947 9496311
(.6324662) (.83813)
Page 7759082 2.111691
(1.524858) (1.435161)
Personalization -.1845603 -.5562825
(.8537364) (.9431831)
News 6.859507
(.8834671)
Constant -7.009001

Two-step estimate of p =1.7288011 is being truncated to 1
Wald * (15) = 12.61
Prob > »° = 0.6324
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Table 6.12. Heckman selection estimation. Selection into virtual community (errors in

parenthesis).

Variable Equation Selection Equation
Auction .0048705 .0758555
(6.65e+07)
Shopping 4299227 -11.51437
(7.84e+07) (7052.877)
Sport -.2598806 -.1746025
(7.16e+07)
Finance 5405348 11.88563
(1.01e+08) (4284.413)
Messenger -.5397044 -.2954422
(1.02e+08)
Weather -.3169115 -11.75569
(8.38e+07) (5408.575)
Page -.1078739 -.0338687
(1.29e+08)
Personalization 2574624 0738498
(7.36e+07) (1883.521)
Constant -6.108409
(6384.983)

Two-step estimate of p = 6801.1559 is being truncated to 1

Wald ? (12) = 0.00
Prob > »* = 1.0000
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Table 6.13. Heckman selection estimation.

parenthesis).

Selection into search sevice (errors in

Variable Equation Selection Equation

Auction -.028135 4704107
(9.47e+07)

Shopping 6374233 12.21205
(1.02e+08)

Sport .0669373 -.4535455
(8.64e+07)

Finance 1223237 .8587899
(1.13e+08)

Messenger -.133232 -11.22639
(1.57e+08)

Weather 1451755 4140289
(8.66e+07)

Page .0111155 11.21783
(1.85e+08)

Personalization .0850294 .0210149
(1.09e+08)

Constant -6.079707

Two-step estimate of p =14116.891 is being truncated to 1
Wald z* (8) =0.00
Prob > »* =1.0000
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Chapter 7. Analysis of switching behavior.

7.1. Introduction.

There are a number of studies of attrition and retention in marketing research. What
drives customers from the well-known goods and services, even if dropping and
eventual switching might be costly? How changes in quality of the product can help
retain customers and survive on the market? Duration analysis helps to answer these
questions.

The analysis of the duration data and hazard rates came fairly recently to the
economic and business studies; before, it was a prerogative of the biomedical research.
Analysis of the probability of failure is based on calculation of regression equations in
which the regressand is dichotomous and regressors are the value and trend of selected
variables. There are two major reasons why this research issue cannot be addressed via
ordinary least squared analysis (OLS) regression techniques: first, the dependent
variable of interest (survival/failure time) is most likely not normally distributed,;
second, there is a problem of censoring, that is, some observations will be incomplete.

From the earliest publications in 1970s, researchers tried to build models for
determination and prediction of timing of an event. A common research question in
medical, biological, engineering or economic research is to determine whether or not
certain continuous variables are correlated with survival or failure times.

Cox in 1972 presented an approach to hazard model, which became a very popular
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method of analyzing the effects of covariates on the hazard rate. The proportional hazard
model was developed later and contained no constant term; it became a common choice
for modeling survivals, but was applied mostly to medical and biological research (see
Farenwell (1978), Sleeper and Harrington (1990) for review). Kiefer (1985) and
Lancaster (1990) present useful notes about the application of this approach.

Estimations of hazard or failure rates were used widely for the financial markets.
Thies and Gerlovski (1993), Barr, Seiford and Siemens (1994) tested the solvency of
national and state banks in their papers. Hwang, Lee and Lian (1997) were calculating
the probability and timing of bank failures. These works were using the OLS analysis
and linear function to obtain their results. Jacobson and Mode (1985) used the Poisson
distribution for human survival simulation.

Later, a regression-like approach was used in the field of Industrial Organization.
Cole and Gunther (1995) used a parametric estimation of survival model applied to
determinants of bank failures using loglogistic underlying distribution; they extended
survival model to separate estimation of hazard rate and survival time. Later, this
technique was successfully applied by Gonzales-Hermosillo, Pazarbasioglu and Billings
(1996) to the case of Mexican financial crises. Shumway (1999) developed discrete-time
hazard model with a logit model estimation program to estimate bankruptcy predictors.

Failure or bankruptcy analysis allows for pure hazard estimation while switching
between goods and services is a two-way process: initial drop (that can be characterized
by hazard function) and future adoption of different producer of goods and services.
Another line of researchers analyzed this switching behavior.

Borenstein (1991) explored switching between retailers of gasoline; Knittel (1997)
had a similar investigation on a long distance telephone carriers market. They both
concluded that only considerable changes in prices or fall of quality can change the
customers’ attitude and lead to potential drop. For the online market, when the cost of
dropping/switching is relatively low, companies do not have much flexibility. In order to
retain their customers, they must provide quality services and make sure that their users
are satisfied all the time. In that perspective, study of dropping from Internet portals
becomes very interesting. Online markets allow to explore this question with great detail
because of the nature of data. With detailed data that keeps track of all movements
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online, we can see not only the web page that the surfer ended up at, but also his original
path to this page (which is impossible even for very detailed grocery data that was often
used in hazard and switching models). Goldfarb (2002b) concentrated on how bad
experience with the certain webpage can affect user’s decision to leave it, using the data
for the DoS attack on Yahoo! and CNN and several Internet shopping websites. The
results show strong survival rate at Yahoo, but not the other websites.

In this study I am interested in modeling the hazard function for the online markets
in order to understand what factors can lead to potential users’ drop off, and will do that
in three model specifications. | will use both nonparametric and parametric estimates
with different underlying distribution to find which can better fit and explain the
situation on online portal market. Later, I allow for user heterogeneity and use Kaplan-
Meir model for the analysis.

Sometimes switches may be triggered by the household members, who wish to share
their online experience and knowledge about new / better portals. Using my data, |
explore the question whether users from multiple member households produce higher

switching rates.
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7.2. Duration model of switching.

7.2.1. Definition of hazard.

The most important question is how to identify the failure. Different metrics can be

developed to approach this problem:

using the entire portal visits data. If the portal visits are not followed by the visit
to the same portal, we may assume that user dropped. Potential problem with this
approach is that for certain services (News, Games, Search, etc.) an individual
may prefer to use several portals instead of just one. In this case, movement
between different web portals is not an indicator of drop;

reasonable assumption was made that, in contrast to other services, user normally
visits only one virtual mailbox; and data supports this hypothesis. Therefore,
changing the mailbox on one portal to another is a strong indication of
intentional drop from the portal;

significant changes in time user spent on different portals. Starting the new
portal, user needs additional time to learn how to navigate in the new
environment and usual tasks take more time than it was on the familiar portal;
some learning is required before consumer can switch completely. If individual
starts spending more time on the new portal, than on the old one, I positively

identify it as an indicator of switching.
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Given all the above, | will use two different metrics as the definition of failure for
the hazard function: change of the virtual mailbox and change in individual’s usage time

of portals.

7.2.2. Data.

Based on our metrics, we analyze our data in two ways:

e Model I uses the change of virtual mailbox as the definition of failure;

e Model Il uses the change in usage time as the definition of failure.

There is sufficient number of failures for the above definitions. For Model 1, |

identify 2629 failures, and this number is equal to 55 for Model I1.
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7.2.3. Conceptual and econometric model.

In the model specification, | concentrate on consumer characteristics and also
include portal attributes following the same ideas used for market share estimations.
Based on the previous discussion, | will use three different model specifications for the
survival model estimations:

e Specification A includes demographic characteristics of users and full

information about portal attributes;

e Specification B includes demographic characteristics of users and aggregated

information about portal attributes’;

e Specification C includes demographic characteristics of users and Portal Age to

capture the possible lock-in and spillover effects®.

| start with the simple logit analysis to evaluate the probability of switching and then
estimate the duration models of switching on portal market.

" Aggregated model is defined the same way as for the market share estimation, subchapter 6.3.2.

® Possible spillover effect was previously discussed in subchapter 6.3.3.
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7.2.3.1. Logit model of probability of switching.

The behaviors of all dynamic systems are dependent upon their initial conditions.
Given dataset does not provide any information about the individuals’ experience with
Internet portals before the observed period, creating the left-censoring® problem. In this
situation a model of the portal switching with the discreet dependent variable will be
coherent exploratory strategy for the beginning. Combining the results of such
estimation with the parametric survival estimates will provide better understanding of
users’ switching behavior.

To estimate the probability of switching as a function of portal attributes and user

characteristics | first code the dependent variable as a dummy variable:

0 if individual » switches from the given portal
Y, = 1 if individual » stays with the given portal (7.1)

and then

problY =1]= F(f'X)

prob[Y = 0] =1- F(5' X) (7.2)

The set of parameters £ reflects the impact of the individual characteristics and

portal attributes on the probability of switching Y . | use the logistic distribution to
complete the logit model.
1

+e

problY =1] = 1 (7.3)

e

° | use the term censoring to refer to the situation when an individuals spells of interest may end before the
observation period and thus is not observed in the data.
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7.2.3.2. Cox's proportional hazard model.

The proportional hazard model is the most general of the regression models because
it is not based on any assumptions concerning the nature or shape of the underlying
survival distribution. The model assumes that the underlying hazard rate (rather than
survival time) is a function of the independent variables (covariates); no assumptions are
made about the nature or shape of the hazard function. Thus, in a sense, Cox's regression
model may be considered to be a semiparametric method. We will use it first before
going to the parametric estimation.

The model specifies that:
ﬂ’(ti) = e_ﬂXiﬂo(ti) (7.4)
The function 4, is a baseline hazard. Cox’s partial likelihood estimation allows to

obtain B without requiring estimation of A,. For the simplest case, the partial log-

likelihood is

InL = i[ﬂ'Xi -3 (7.5)

i=1 JER,

While no assumptions are made about the shape of the underlying hazard function,
the model equations shown above do imply the following. First, we specify a
multiplicative relationship between the underlying hazard function and the log-linear
function of the covariates. Basically, it is assumed that, given two observations with
different values for the independent variables, the ratio of the hazard functions for those
two observations does not depend on time (proportionality assumption). Second, we
impose a log-linear relationship between the independent variables and the underlying

hazard function.
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7.2.3.3. Parametric estimations of hazard model.

The most popular choices for the parametric estimations of the hazard rate are
exponential, Weibull and lognormal distributions. Exponential distribution models the
hazard rate that does not change over time. Since portals are experienced goods, we
assume that attrition rate or drop rate must vary over time; this implies using the
distributions with different behavior. Bennett (1999) presents a good discussion about
functional forms for the duration analysis.

There are two opposing effects that may influence the behavior of portal users
(Bolton (1998), Bucklin and Sismeiro (2001)):

e lock-in effect: the longer an individual uses the portal the less likely he is to drop

because of switching costs - this implies the decreasing hazard function.

e Dbad experience effects: when user first start using the portal, he may be
dissatisfied and this causes higher attrition rates among the new users — this may
lead to the increasing hazard for the beginning of the time period.

In the present context, the lognormal and loglogistic distributions are likely
candidates, because they can generate a hazard which first rises and then falls (Figure
7.1), as it can be expected with experienced goods. | am also going to use the Weibull
estimation since it allows for the monotonically increasing/decreasing hazard function —
if lock-in effect is strong it may override the influence of learning and bad experience

effects.
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7.3. Empirical Results.

7.3.1. Logit estimation of the probability of switching.

The results of logit probability estimates are presented in Tables 7.1-7.4. For model
I, main factors contributing to the survival probability are Mail quality, which increases
the probability of survival in 1.22 times™; existence of such portal features as Shopping,
Finance, News, which raise the probability of survival in 1.93, 1.64 and 1.21 times
respectively. The existence of personalization possibility on the portal increases its
survival probability in 1.48 times, Page and Weather features increase the odds of
survival in 1.17 and 1.15 times. Among the demographic characteristics, User age and
Household size increase the probability of survival by .7% and 4%, and higher user
education reduces the probability of survival by 3.6%. From the aggregated model we
can see that virtual communities positively contribute to the probability of portal
survival (18.4%).

For model 1l, Shopping, Finance, Search quality, Weather, personal Page become
major positive determinant of survival, contributing up to 71% to the probability. Again,
User age, Education and Household size influence the survival probability, all of them

have positive impact (0.5, 8 and 10% respectively).

1
19If probability of survival P; is given by 7 then probability of switching is 1— 7 = 7
l+e ! l+e !
. . . P, 14+e ¢ Z. ]
therefore the odds ratio in favor of survival is = So=e ! and can be obtained from the
1-P %
i 1l+e

logit estimation by the simple transformation.
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7.3.2. Cox's proportional hazard estimation.

The results of proportional hazard model are summarized in the Tables 7.5 and 7.6.

The hazard ratios reported correspond to a one-unit change in the corresponding
variable. For Model I, I find that married users have higher hazards and hazard rate may
increase together with the size of their household (by 1.28%); that more educated people
tend to have lower dropping rate by 1.07%, and that users with lower income stay longer
(by 0.01%). Whether a user rents a house does not seem to make much difference as
well as user age. The effect of the Portal age on the survival function is positive but
small (1.0008%) for Model I as well as the effect of such portal attributes as Shopping
(1.73%), News (0.58%) and Personalization (1.37%). The model as a whole is
statistically significant.

For Model Il, only Household size (7.86%) and Marital status (0.0004%) appear to
be significant among the demographic characteristics, and quality of search (1.16%)
increases survival rates.

Both models produce the hazard function declining over time (Figure 7.2).

69



7.3.3. Lognormal regression.

Lognormal survival distribution is represented by the following hazard and survival
functions:

J(@) = (plt)glpin(n]

S(r) = ©[-pIn(Ar)] (7.6)

with Inz normally distributed with mean and standard deviation 1/ p .

This is a fully parametric model (as opposed to Cox's proportional hazard model)
and estimates are presented in Tables 7.7 and 7.8.

Estimated hazard functions depend on ¢,pand X . Unfortunately, the actual

magnitudes of the effects of the covariates are difficult to interpret for the hazard
function. The signs of the estimated coefficients suggest a direction of this effect of the
variable on the hazard function if the hazard is monotonic such as Weibull. In case of a
non-monotonic hazard (lognormal and loglogistic functions), even the direction of
influence is ambiguous. Still, we try to give some regression-like interpretation of
coefficients.

Education and Household size affect the survival rates in Model | significantly and
negatively, Income affects it positively. Here, more portal characteristics appear to be
significant determinants of portal survivals, in particular, Shopping, Sport, Games,
Finance, News, Search and Weather. The more attributes portal has, the higher the
survival of such portal.

Age, Household size and Marital status influence customers’ dropping decisions in
Model 11, none of the portal attributes found to be significant.

Figure 7.3 illustrates the survival curves.
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7.3.4. Loglogistic estimation.

For loglogistic regression, the hazard function and the survival function are
respectively:
A(t) = Ap(At) M I[L+ (A1)”]

(7.7)
S@t) =1L+ (A6)"]

where Inthas a logistic distribution with mean —In A and variance z°/(3p°).

The results of loglogistic regressions are summarized in Tables 7.9 and 7.10. Again,
for Model I, Education and Income are found to significantly affect survival rates. More
educated people are 0.08 less likely to drop from the portal and users with higher income
are 0.0001 times more likely to switch."* A positive effect of Shopping (0.78) among
portal characteristics contributes to the survival odds. Age, Household size and Marital
status have effect on survival odds in Model 11, by factors of 0.14, 2.83 and -14.84.

Survival curves are presented on Figure 7.4. For both models, peaks of the switching
happen between third and fourth week, and most of the users switch by the eighth week,

the middle of the observed timeframe.

1 The corresponding coefficients for the accelerated-time failure and proportional odds models are related
by g = for the jth covariate. Stata provides the estimates for « and y, the reciprocal of p. An

A 1
estimate for the odd ratio is found by 7 = exp(ﬂj) = exp(—o?jp) = exp(—o?j —) . For discussion see
e
David G. Kleinbaum and Mitchell Klein, “Survival Analysis: A Self-Learning Text.” Springer, 2005.
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7.3.5. Weibull hazard rate model.

At) = Ap(A0)"™ (78)

S(t)y=e ™"
specify the survival distribution for Weibull hazard rate estimation, the results are
presented in Tables 7.11 and 7.12. Same tendency is observed in the coefficients of
Model I: Education, Income, Household size and Marital status produce most of the
positive effect on portal survival rates, adding 2.8, 2.7, 3.8 and 10% to the survival
probability.* Portal attributes, such as Mail quality and Search quality may increase the
probability of survival by 3.4 and 2.8%; together with the existence of Greetings
(1.79%), Games (1.42%), News (1.58%) and Weather (5.67%) features. For Model II,
only the variables representing Age, Education, Household size and Marital status
appear to be significant. All the above indicate that older people tend to drop from portal
less often as well as less educated people. This can be an indication of the existence of
learning costs. Survival curves are presented on Figure 7.5, the parameter p>0 suggests
the increasing rate of survival.

Generally, in Model I, Education and Income produce the most significant
coefficients among demographic characteristics for all model specifications,
accompanied by several portal attributes; while Age, Household size and Marital status
are the most important in Model 11. This result is robust to different model specifications
and different underlying distributions. This, in fact, highlights the interesting distinction

between estimations of two models. When we identify switch as change of the mail

12 The Weibull hazard function in the form A(s) = ;Lptp_l, a Weibull proportional hazard model is

defined by reparametrizing A = exp(f; + Bx); and hazard ratio is obtained as HR [x=1 vs .x=0]=
-1

exp(fy + ﬁlx)ptp

-1
exp(Bg) pt”
“Survival Analysis: A Self-Learning Text.” Springer, 2005.

=exp(ﬂ1x). For discussion see David G. Kleinbaum and Mitchell Kilein,
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service, the survival function depends both on user personal characteristics and portal
attributes. At the same time, if switches identified through portal usage time, only
demographic characteristics of customers produce significant coefficients for the
survival function. Also, the number of switches in Model Il is notably lower than
number of switches in Model I. Overall, Model 1l that uses change in portal usage time
as a definition of failure, tends to produce less significant results than Model I.

One of the easy explanations would be the consumer heterogeneity. Group of people,
who use at least two portals at the same time for a certain time period, i.e. demonstrate
distinctive behavior, is different from other population in their demographic
characteristics. In this situation, our metric for failure will mostly affect individuals with
these distinctive characteristics. By choosing the time spent on portal as our metric, |

selected a specific group of people, which is not representative for the entire sample.

7.4. Consumer heterogeneity.

The parametric models used above do not allow for any individual heterogeneity,
because hazard function does not vary across individuals.

Internet users choose which website to visit as they make all the other choices: given
all the information, they choose the best alternative. However, the factors they consider
while making this choice can vary from person to person. One of the important
determinants of consumer behavior is the level of this consumer’s activity.

Kotler (1999) stresses the importance of consumer differentiation on the basis of
their activity level; Nie and Erbring (2000) have found demographic and behavioral
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differences in all users who have Internet access. Depending on the demographic and
socio-economic characteristics, user activity differs from person to person. Internet users
have different habits in terms of total Internet usage (total time spent online, total
number of web sites visited during one session, number of sessions per day/per week,
number of different web sites visited); they also differ in their preferences toward one or
another web site and the likelihood to switch or change their preferences.

7.4.1. Identification of different user types.

Based on previous research, we would like to separate at least two groups of Internet
users: intensive users and regular users. The definition “intensive user” is applied to
experienced users, who use Internet actively and heavily; we will use this definition in
this paper. | already discussed that learning costs and virtual communities are the two
parts that mostly constitute switching costs between different portals. For active users,
who surf Internet intensively, switching constantly from site to site, trying to find best
possible place, the learning component of the switching costs can be considerably lower
than for non-active users. It may also be the case that some of them get additional utility
from searching and/or combining different services. Regular users, for whom learning
costs are relatively high due to their insufficient experience in using different systems
and interfaces, are less likely to switch and prefer to stay with the same service.

I find this separation necessary, because intensive users and regular users can
evaluate all their options differently: some regular users can overestimate the level of
their learning costs and be locked-in to some particular portal even though it does not
suit their needs in the best possible way. On the other hand, intensive users, while

searching for the best possible choice, can use Internet portals in a more efficient way
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and even combine services from different portals to get the highest possible utility level.

Several variables are used to describe the level of activity online. Following Nie and
Erbring (2000) and Goldfarb (2000a), | constructed and analyzed the following
variables: total number of visits, total time spent online, average time of visit (Figure
7.6).

Most investigators use the total time spent online as an indication of heavy /
intensive usage. After we expanded the definition of intensive user, this variable is no
longer relevant. High values for the total time spent online variable can not only be an
indicator of intensive usage of Internet resources, but also a result of inexperienced and
uneducated search and usage. A person who is not familiar with particular designs and
systems can spent a considerable amount of time online before he achieves his goal,
thus, total time spent will not be an indicator of intensive use, in contrast, it is an
indicator of inefficiency. The same argument can be applied to average time online (per
visit) since this variable is connected with the above. In this situation, we assume that a
total number of visits can be the best possible indicator of user’s activity. Individual
going online often and performing different tasks can be identified as a heavy / intensive
user as | defined it earlier.

I use natural cutoffs in the sample in order to determine the number of visits that can
be an indicator of intensive usage. This cutoff point is 800 visits.

Using these indicators, | found that proportion of heavy Internet users, contrary to
Nie and Erbring (2000), is relatively high and constitutes about 10% of all users in the

dataset.

75



7.4.2. Heterogeneity test.

For the heterogeneity test, | estimate random coefficients and fixed coefficients
models (Table 7.13). For the estimation, the following household characteristics were
included: User age, User education, User income, Household size, Marital status and
Renting. | expected the coefficient of education to be positive since more educated
people usually have higher learning ability, therefore learning costs for them tend to be
lower and they are more likely to be intensive users. Based on the results of Nie and
Erbring (2000), I also expected the coefficient of age to be negative since learning costs
usually increase for older people. These hypotheses hold for our sample, however, the
coefficients are insignificant except for the User age in the fixed effects estimation.

Using the estimated random effect and fixed effect models, |1 performed the
Hausman test with the null hypothesis Hy: differences in coefficients are not systematic.
This hypothesis was rejected, which indicates that there are systematic differences
between two groups of users. | use this result to support the assumption that Internet
users’ population is heterogeneous and the behavior of different groups of users should

be modeled separately.
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7.4.3. Kaplan-Meier estimation.

This section uses the Kaplan-Meier product limit estimators to further explore the
differences between consumer groups. First, graphs of the Kaplan-Meier hazard curves
are generated to show how the probability of dropping from the portal changes over
time. Then, | use Kaplan-Meier estimators to generate a graph with separated hazard
curves for intensive and regular users. Finally, Kaplan-Meier hazard curves are used to
examine the effect of multiple spells on the probability of leaving the portal.

The Kaplan-Meier product limit estimator is a non-parametric method for estimation

of hazard function. Let », denote the number of individuals whose observed duration is
at least 7,, and let %, denote the number of observed spells completed at time7,. An

empirical estimate of the hazard rate will be:
~ hk
MT) ==+ (7.9)
ny
And the estimate of the survivor function is:

n.—h

S(T) =15~ (7.10)

Figure 7.7 shows the Kaplan-Meier estimates of the hazard curve for dropping out
from the portal. Both curves indicate that probability of dropping decreases over time;
for Model I1 all exits appear before the week 6, which is the middle of our timeframe.

It is reasonable to assume that intensive users should have higher probability of
switching and dropping from the portal. In order to verify this hypothesis, | use Kaplan-
Meier estimates of hazard rates of intensive versus regular users (Figure 7.8). Model |
demonstrates the clear distinction between hazard rates of different user groups. | detect
25% to 55% differences between dropping probabilities during the observed period of

time. Log-rank test and Wilcoxon (Breslow) test were used to test the hypothesis of
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equality of survivor functions (Tables 7.14 and 7.15); this hypothesis was rejected for
Model 1. Survival function comparison is presented in Table 7.16. This result, however,
does not hold for the Model I, which does not demonstrate significant differences
between hazard functions, and the hypothesis of equality of survivor functions cannot be
rejected (Tables 7.17-7.19). Table 7.17 demonstrates that number of intensive users
among switchers in Model Il is about 88%, which is clearly not representative for the
studied sample. For comparison, this number in Model I is only 59%.

To further extend this analysis, | also use Kaplan-Meier approach to the effect of
multiple spells on the hazard function estimate. For Model |, the hypothesis of equality
of survivor functions can be rejected with 2% significance level (Tables 7.20 and 7.21).
One of the reasons can be the limited number of observations on multiple spells
(1.26%). Table 7.22 and Figure 7.9 display survival functions for single and multiple
spells. In Model Il, no multiple spells are observed.

7.5. Knowledge spillover within the household.

On the way towards making his portal selection, Internet user is constantly
bombarded by information from multiple sources: Internet banners, TV commercial,
printed ads, as well as opinions and suggestions shares in online communities.
Additional source of information he may find in his own home. Household presents an
ideal environment for the information sharing and influencing. Within his own
household, individual can get information as detailed as he want, and this information is

coming from a trusted source.
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Due to the nature of such information spillover, | hypothesize that increased number
of switches will result from it. For example, a recommendation or even a strong opinion
that certain portal is superior to others may lead to near automatic switching.

Parametric estimations did not suggest high degree of correlation between the
number of household members and survival rates. It is important to understand the
critical distinction between single- and non-single households, and incorporate this idea
into the model. Here, | use Kaplan-Meier estimators to generate a graph with separated
survival curves for users from single- and multiple-member households. The results,
presented on Figure 7.9, suggest the difference in the switching and survival rates.
Survival function comparison demonstrate that survival rates differ from 5 to 41% for
the users from single- and multiple-member households (Table 7.28).

However, data does not suggest any patterns in switching for the users from
multiple-member households. For example, in household X, user A switched to go.com
on the 3rd week of observations and user B switched to the same portal on week 11; in
household Y, user C switched to yahoo.com on the 3rd week of observations, user D
switched there on the 4th week, and user E switched to yahoo.com on the 6th week of
observations. At the same time, in the household Z, user F switched to yahoo.com on the
8th week of observations, and used G switched to msn.com on the 9th week of
observations. The nature of the communication between the household members is
unknown to us: it may well be that in the first two cases the individual who switched
first led others to switching to the same portal; and in the third case, individuals explored
different portals and used this shared knowledge to find the portal that fits them best.

The detailed study of the search patterns for different household members may
provide interesting insights and contribute to the question of knowledge spillover. This
created a beautiful new direction for the research and click-stream data provides the rich

source for such study.
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7.6. Conclusions.

In this chapter | use the survival analysis to address the question of how portal
attributes and individual characteristics drive the droppings of customers from portals.
Parametric estimations with different underlying hazard help identify the declining
hazard rates for the dropping, and establish the connection between certain demographic
characteristics, such as age and education, and probability of staying with the same
portal. | also found that larger number of quality portal attributes improves portal’s
survival rates.

Using nonparametric estimation, | identify significant factors which were previously
omitted from the studies of online behavior. Here | broaden the approach usually taken
for the analysis of consumers’ online behavior by defining two different user groups.
Data confirms that regular users are less likely to switch from one portal to another than
intensive users. This finding creates an interesting direction for future research of online
behavior although it requires more information about individuals. These results also give
important information for portal managers since better knowledge of customer base
eventually leads to establishing closer connections between portal and customer, and
following revenue increase.

Due to limited observations in the available data I was unable to fully explore the
effect of multiple spells, but there are indicators suggesting that users under multiple
spells are less likely to drop from the portal.

Also, patterns in the data provide the evidence of the knowledge spillover occurring
between the household members. Individuals from multiple-member households

demonstrate different switching pattern from singles.

80



Figure 7.1. Generic hazard rate.
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Figure 7.2. Cox proportional hazard.
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Figure 7.3. Lognormal estimated survival rates.
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Figure 7.4. Loglogistic estimated survival rates.
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Figure 7.5. Weibull estimated survival rates.
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Figure 7.6. Indicators of user activity online.
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Figure 7.7. Kaplan-Meier survival estimate
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Figure 7.8. Kaplan-Meier survival estimates by user activity, Model I.
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Figure 7.10. Kaplan-Meier survival estimates for single- and multiple-member
households, Model I.
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Table 7.1. The results of logit estimation, Model | (errors in parentheses).

Variable Specification A Specification B Specification C
User age .0075075*** .0053766 *** 0062462 ***
(.0005824) (.0005764) (.0005669)
User education -.023665 *** -.0339738 *** -.0202157 ***
(.0026586) (.0026349) (.0026012)
User income 8.64e-07 *** 1.37e-06 *** -2.10e-07
(1.85e-07) (1.84e-06) (1.80e-07)
Household size 0444623 *** .0519154 *** 133543 ***
(.0137378) (.0136193) (.0134394)
Marital status .0727855 1244754 *** .0413253
(.044968) (.0445686) (.0440167)
Renting 3709179 *** 3762524 *** 3685617 ***
(.0382296) (.0378637) (.0373927)
Portal age .000174 . 001465 *** . 0079701 ***
(.0002981) (.0000781) (.0000425)
Mail 2022451 *** 2523511 ***
(.0072661) (.0033118)
Auction 1510316 ***
(.0263139)
Shopping .6607609 ***
(.0254703)
Sport -.3056854 ***
(.0107633)
Chat -.2912507 ***
(.0326344)
Greetings -.0916447 ***
(.0282181)
Games -.3575351 ***
(.0281882)
Finance 4959419 ***
(.0365255)
News 1963918 ***
(.0333078)
Search .0215099 *** . 0230896 ***
(.0008247) (.0006435)
Messenger -.018844
(.0294434)
Personal 3931209 ***
(.0181102)
Weather 1399696 ***
(.0256308)
Page 1604911 ***
(.0204074)
Virtual . 1840279 ***
(.0032312)
Personalization -.0870895 ***
(.0029711)
Constant -1.599541 *** -.9326521 *** -1.237428 ***
(.0772376) (.0645327) (.0633697)
Log - likelihood -685163.94 -691928.78 -701208.98
LR #° 71181.11 57651.43 39091.03
Prob > »? 0.0000 0.0000 0.0000

™ significant at a 1% level

™ significant at a 5% level

" significant at a 10% level
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Table 7.2.Logit odds ratios, Model 1.

Variable Specification A Specification B Specification C
User age 1.007536 1.005391 1.006266
User education 9766128 .9665969 9799873
User income 1.000001 1.000001 .9999998
Household size 1.045466 1.053287 1.14287
Marital status 1.0755 1.132554 1.042191
Renting 1.449064 1.456815 1.445654
Portal age 1.000174 1.001466 1.008002
Mail 1.224148 1.287048

Auction 1.163033

Shopping 1.936265

Sport 7366183

Chat 71473283

Greetings .9124293

Games .6993982

Finance 1.642044

News 1.217004

Search 1.021743 1.023358

Messenger 9813324

Personal 1.481598

Weather 1.150239

Page 1.174087

Virtual 1.202049

Personalization 9165951
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Table 7.3. The results of logit estimation, Model Il (errors in parentheses).

Variable Specification A Specification B Specification C
User age .0057452 *** .0071595 *** .0103928 ***
(.0005473) (.0005453) (.00054)
User education .0976407 *** .0968859 *** 1051905 ***
(.0024899) (.002472) (.0024319)
User income -4.60e-06 *** -4.56e-06 *** -5.47e-06 ***
(1.78e-07) (1.77e-07) (1.73e-07)
Household size .0811871 *** .1010962 *** 1611859 ***
(.0130902) (.0130304) (.012846)
Marital status 3935501 *** 3716682 *** 3073924 ***
(.042445) (.0422054) (.0417746)
Renting 287136 *** 3292793 *** 4275823 ***
(.035758) (.0355989) (.0354147)
Portal age -.0038255 *** .0028982 *** .0094692 ***
(.0004719) (.0001132) (.0000413)
Mail -.2401215 *** .0804501 ***
(.013315) (.0047492)
Auction -.163161 ***
(.0461967)
Shopping 9340096 ***
(.0481739)
Sport -.2280224 ***
(.0190127)
Chat 9643612 ***
(.0599907)
Greetings -.7298846 ***
(.0389534)
Games .5963828 ***
(.0531457)
Finance .7839588 ***
(.0685106)
News -.5788971 ***
(.0679219)
Search .0514873 *** .0368534 ***
(.0010768) (.000833)
Messenger 1.330753 ***
(.0430122)
Personal -1.713185 ***
(.0255303)
Weather 1.444843 ***
(..0329434)
Page 1.71177 ***
(.0264966)
Virtual 6143679 ***
(.0050008)
Personalization .0267876 ***
(.0036379)
Constant -5.382378 *** -6.264906 *** -4.847968 ***
(.0952913) (.0626059) (.0596654)
Log - likelihood -620204.2 -626591.84 -648136.48
LR ;{2 115050.58 102275.31 59186.03
Prob > 4° 0.0000 0.0000 0.0000

" significant at a 1% level

™ significant at a 5% level

" significant at a 10% level
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Table 7.4.Logit odds ratios, Model 11.

Variable Specification A Specification B Specification C
User age 1.005762 1.007185 1.010447
User education 1.102567 1.101735 1.110922
User income .9999954 .9999954 .9999945
Household size 1.084574 1.106383 1.174903
Marital status 1.482234 1.450152 1.359874
Renting 1.332605 1.389966 1.533545
Portal age .9961818 1.002902 1.009514
Mail .7865323 1.083775

Auction .8494544

Shopping 2.544692

Sport .7961064

Chat 2.623111

Greetings 4819646

Games 1.81554

Finance 2.190125

News .5605162

Search 1.052836 1.037541

Messenger 3.783891

Personal .1802907

Weather 4.241188

Page 5.538755

Virtual 1.848488

Personalization 1.02715
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Table 7.5. The results of Cox proportional hazard estimation, Model | (errors in

parentheses).
Variable Specification A Specification B Specification C
User age 1.002756 1.002611 1.002227
(.0046014) (.0045973) (.0045646)
User education 1.07955 *** 1.078953 *** 1.080176 ***
(.0247914) (.0246474) (.0246435)
User income 9999915 *** 9999916 *** 9999916 ***
(1.74e-06) (1.74e-06) (1.74e-06)
Household size 1.289642 ** 1.286906 ** 1.283686 **
(.149748) (.1494457) (.1486328)
Marital status .882264 * 1.857555 * 1.881118 *
(.6885853) (.6761351) (.6817539)
Renting 1.14878 1.202618 1.197114
(.35053) (.3658021) (.3635192)
Portal age 1.001335 .9999246 1.000815 **
(.0028522) (.0009141) (.0004148)
Mail 1.073152 1.04578
(.0818637) (.0386977)
Auction 7922891
(.2382252)
Shopping 1.73801 **
(.474012)
Sport 1.176833
(.1624421)
Chat 1.382391
(.4300414)
Greetings .6988392
(.1679053)
Games 7470849
(.2027455)
Finance 1.157613
(.4046887)
News 5811116 *
(.1821)
Search 1.006448 .9994643
(.0103742) (.0076935)
Messenger .8347783
(.2269264)
Personal 1.37102 *
(.2324055)
Weather 1.276301
(.3014161)
Page .8560421
(.169309)
Virtual .9619538
(.0325587)
Personalization 1.058883 **
(.0295068)
Log - likelihood -17996.998 -18011.385 -18013.848
LR 12 66.63 37.85 3293
Prob > y* 0.0000 0.0001 0.0000

" significant at a 1% level

™ significant at a 5% level

" significant at a 10% level
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Table 7.6. The results of Cox proportional hazard estimation, Model Il (errors in

parentheses)
Variable Specification A Specification B Specification C
User age 1.103491 1.094696 1.08944
(.0679502) (.0614019) (.0590821)
User education 9821421 .9222166 .8942754
(.171865) (.1502483) (.1408451)
User income .9999978 1.000001 1.000001
(.0000103) (9.48e-06) (9.28e-06)
Household size 7.868902 ** 5.811764** 5.290134 **
(7.03618) (4.778346) (4.179189)
Marital status .0003973 * .0007358 * .0009187 *
(.001634) (.0027705) (.0033078)
Renting .8838316 1.211202 1.56449
(2.05386) (2.553814) (3.341275)
Portal age .9946249 .9970977 1.004049
(.0237637) (.0103247) (.0038639)
Mail 1.010771 1.041266
(1.531176) (.3467389)
Auction .3903155
(1.495133)
Shopping 4.557499
(7.523843)
Sport 4335273
(.6441456)
Chat .8507554
(1.063699)
Greetings dropped
Games dropped
Finance dropped
News dropped
Search 1.159176 * 1.171248**
(.1009562) (.0823752)
Messenger 1.023186
(2.960949)
Personal 3.240249
(11.05647)
Weather .6025411
(.9701235)
Page 1517549
(.361408)
Virtual .7011265
(.2543153)
Personalization .7988659
(.291089)
Log - likelihood -157.87369 -160.50345 -163.31088
LR 22 20.91 15.65 10.03
Prob > 4? 0.2305 0.1547 0.1867

" significant at a 1% level

™ significant at a 5% level

" significant at a 10% level
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Table 7.7. Fit parametric survival models using lognormal

Model | (errors in parentheses)

underlying distribution,

Variable Specification A Specification B Specification C
User age -1.21e-06 -1.08e-06 -1.04e-06
(3.65e-06) (3.67e-06) (3.67e-06)
User education -.0000312 * -.0000312 * -.0000331 *
(.000017) (.0000171) (.0000171)
User income 3.82e-09 *** 3.75e-09 *** 3.80e-09 ***
(1.17e-09) (1.18e-09) (1.18e-09)
Household size -.0001531 ** -.0001563 * -.0001536 *
(.0000882) (.0000885) (.0000885)
Marital status -.000388 -.0003597 -.0003599
(.0002886) (.0002894) (.0002898)
Renting -.0001025 -.0001242 -.0001168
(.000236) (.0002367) 5(.000237)
Portal age 9.10e-07 3.48e-07 -5.71e-07 *
(2.15e-06) (7.04e-07) (3.17e-07)
Mail -.0000813 -.0000386
(.0000562) (.000028)
Auction .0000771
(.0002159)
Shopping -.0004504 **
(.0002073)
Sport -.000228 **
(.0001)
Chat -.0000842
(.000239)
Greetings .0003027
(.0001862)
Games .0005268 **
(.0002133)
Finance -.0005052 *
(.0002645)
News .0004932 **
(.000242)
Search -.0000156 ** -3.56e-06
(7.89e-06) (5.95e-06)
Messenger .000029
(.0002017)
Personal -.0001486
(.0001281)
Weather -.000304 *
(.0001835)
Page 4.35e-06
(.0001475)
Virtual .0000414
(.0000259)
Personalization -.0000533 **
(.0000215)
Constant 9.591088 *** 9.590847 *** 9.590855 ***
(.0005188) (.000416) (.0004112)
Log - likelihood 15115.478 15101.729 15098.331
LR 12 52.04 24.54 17.75
Prob > 2 0.0001 0.0063 0.0069

™ significant at a 1% level

™ significant at a 5% level

" significant at a 10% level
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Table 7.8. Fit parametric survival models using lognormal underlying distribution,
Model 11 (errors in parentheses)

Variable Specification A Specification B Specification C
User age -.0000433 *** -.0000404*** -.0000415*
(.000016) (.0000155) (.0000154)
User education .0000252 .0000314 .0000457
(.0000487) (.0000485) (.0000483)
User income 9.75e-10 2.06e-10 .-3.27¢-10
(3.56e-09) (3.45e-09) (3.48e-09)
Household size -.0008149 *** -.0007328 *** -.0007231***
(.0002735) (.0002654) (.0002603)
Marital status .0036561 *** .0034726 *** .0036094 ***
(.0012805) (.0012369) (.0012152)
Renting .0003352 .0003119 .0002169
(.0006504) (.0006444) (.0006515)
Portal age 3.60e-07 -4.18e-07 -5.82e-07
(7.43e-06) (2.55e-06) (1.04e-06)
Mail .0000916 .0000283
(.000451) (.0000946)
Auction -.0001996
(.0011339)
Shopping -.0003856
(.0004677)
Sport .0002709
(.0004337)
Chat .0001218
(.0003821)
Greetings dropped
Games dropped
Finance dropped
News dropped
Search -.0000251 -.0000262
(.0000265) (.0000198)
Messenger -.0001004
(.000861)
Personal -.0001036
(.0010402)
Weather .0001278
(.0004898)
Page .0003332
(.0007461)
Virtual .0000753
(.0000982)
Personalization .0000363
(.0000929)
Constant 9.591031*** 9.590579*** 9.590581***
(.0013636) (.0010493) (.0010078)
Log - likelihood 365.24963 364.20733 363.10753
LR y° 19.63 17.54 15.34
Prob > »? 0.2938 0.0929 0.0319

" significant at a 1% level

* significant at a 5% level

“ significant at a 10% level
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Table 7.9. Fit parametric survival models

Model | (errors in parentheses)

using loglogistic underlying distribution,

Variable Specification A Specification B Specification C
User age 1.09e-07 2.31e-07 2.28e-07
(2.10e-06) (2.11e-06) (2.11e-06)
User education -.000022 ** -.0000218 ** -.0000223 **
(9.68e-06) (9.68e-06) (9.66e-06)
User income 2.49e-09 *** 2.45e-09 *** 2.46e-09 ***
(6.65e-10) (6.65e-10) (6.63e-10)
Household size -.0000611 -.0000584 -.0000582
(.0000503) (.0000503) (.0000503)
Marital status -.0002433 -.0002253 -.0002251
(.0001654) (.0001656) (.0001657)
Renting -.0000328 -.0000258 -.0000246
(.0001347) (.0001345) (.0001345)
Portal age -8.31e-07 -5.58e-09 -2.19e-07
(1.17e-06) (3.96e-07) (1.76e-07)
Mail -9.24e-06 -.0000109
(.0000326) (.0000159)
Auction .0001129
(.000117)
Shopping -.0002101*
(.0001176)
Sport -.0000268
(.0000562)
Chat -.0001504
(.0001368)
Greetings .0001269
(.0001051)
Games .0000639
(.0001233)
Finance .0000105
(.0001523)
News .0001712
(.0001327)
Search -1.12e-06 . 5.58e-08
(4.47e-06) (3.34e-06)
Messenger .0000746
(.000109)
Personal -.0000981
(.0000706)
Weather -.0000865
(.000102)
Page .0000531
(.0000807)
Virtual 8.95e-06
(.0000145)
Personalization -.0000118
(.0000121)
Constant 9.590352 *** 9.590181 *** 9.590191 ***
(.000292) (.0002365) (.00023)
Log - likelihood 15982.169 15974.526 15973.883
LR ZZ 34.99 19.71 18.42
Prob > 4° 0.0201 0.0321 0.0053

" significant at a 1% level

™ significant at a 5% level

" significant at a 10% level
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Table 7.10. Fit parametric survival models using loglogistic underlying distribution,
Model Il (errors in parentheses).

Variable Specification A Specification B Specification C
User age -.0000172 * -.0000171 * -.0000199 **
(.0000101) (9.54e-06) (9.90e-06)
User education -4.96e-06 -3.70e-06 4.67e-06
(.0000292) (.0000287) (.0000288)
User income 1.86e-09 1.53e-09 1.44¢-09
(2.09e-09) (2.04e-09) (2.13e-09)
Household size -.0003309 * -.0003043* -.0003514
(.0001903) (.0001803) (.0001857)
Marital status .0016622 ** .0017062 ** .0020102**
(.0008348) (.0007915) (.0008064)
Renting .0004727 .0005217 .0004399
(.0004112) (.0004109) (.0004312)
Portal age 1.81e-06 7.89e-07
(4.06e-06) (1.48e-06)
Mail -.0000964 -.0000238 -3.01e-07
(.0002674) (.0000578) (6.27e-07)
Auction .0001145
(.0006485)
Shopping -.0000697
(.000303)
Sport .0000948
(.000252)
Chat -.0000412
(.0002216)
Greetings dropped
Games dropped
Finance dropped
News dropped
Search -.0000165 -.0000223**
(.0000167) (.0000117)
Messenger .0000947
(.000492)
Personal -.0003031
(.0006095)
Weather .0000965
(.0002667)
Page .0003645
(.0004132)
Virtual .0000553
(.0000586)
Personalization .0000395
(.0000528)
Constant 9.589937 *** 9.589775*** 9.589937 ***
(.0008513) (.0006793) (.0008513)
Log - likelihood 382.78118 381.9988 380.1117
LR y° 16.06 14.49 10.72
Prob > y° 0.5197 0.2068 0.1513

" significant at a 1% level

™ significant at a 5% level

" significant at a 10% level
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Table 7.11. Fit parametric survival models using Weibull underlying distribution, Model

I (errors in parentheses)

Variable Specification A Specification B Specification C
User age 1.005332 1.00417 1.003218
(.0045494) (.0045809) (.004534)
User education 1.053842 ** 1.045901* 1.040609 *
(.0245462) (.0241071) (.0237528)
User income 9999941 *** .9999946 *** .9999944 ***
(1.76e-06) (1.75e-06) (1.76e-06)
Household size 1.340051 ** 1.332279 ** 1.356389 **
(.1611962) (.1613105) (.1637139)
Marital status 2.304086 ** 2.432974 ** 2.421583 **
(.822743) (.870294) (.8614341)
Renting 1.372012 1.505305 1.610015
(.4526559) (.4946774) (.5247387)
Portal age .9960099 .9990327 1.001175 ***
(.0031741) (.000859) (.0004178)
Mail 1.231335 *** 1.098939 ***
(.099784) (.0385333)
Auction 1.16273
(.3968055)
Shopping 1.543599
(.4472222)
Sport 1.827264 ***
(.2814804)
Chat .9497247
(.3082574)
Greetings 5847372 **
(.1393341)
Games 3509712 ***
(.1000242)
Finance 3.142621 ***
(1.20374)
News 4580261 **
(.1549461)
Search 1.041824 *** 1.007988
(.0107874) (.0075083)
Messenger 1.083096
(.3217067)
Personal 1.337564
(.2373816)
Weather 1.736736 **
(.3983344)
Page .9347668
(.1951302)
Virtual .8888395 ***
(.0291651)
Personalization 1.160912 ***
(.031727)
Log - likelihood 13717.985 13679.921 13663.524
LR ZZ 142.25 66.12 33.33
Prob > y° 0.0000 0.0000 0.0000

" significant at a 1% level

™ significant at a 5% level

" significant at a 10% level
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Table 7.12. Fit parametric survival models using Weibull underlying distribution, Model

Il (errors in parentheses)

Variable Specification A Specification B Specification C
User age 1.293793 *** 1.257861*** 1.248988***
(.071901) (.0663063) (.0637055)
User education .8083016 7537501 71326656 *
(.159420) (.140426) (.1299292)
User income 1.000002 1.000006 1.000008
(.0000114) (.0000106) (9.95e-06)
Household size 84.94872 *** 50.25047 *** 40.59485***
(80.57678) (44.6416) (34.58548)
Marital status 5.23e-10 *** 4.51e-09 *** 8.01e-09***
(2.36e-09) (1.93e-08) (3.32e-08)
Renting .0399234 .089708 1104196
(.114988) (.2431945) (.290322)
Portal age 1.010491 1.00473
(.0240727) (.0091475)
Mail .2835797 .8269278 1.002927
(.4097874) (.2649703) (.003566)
Auction 6.309033
(23.11333)
Shopping 17.31607 *
(26.20436)
Sport .238479
(.3360934)
Chat .2445067
(.3002129)
Greetings dropped
Games dropped
Finance dropped
News dropped
Search 1.106078 1.079699
(.0947162) (.0784136)
Messenger 3.362926
(9.302731)
Personal .3924086
(1.306822)
Weather .6840612
(1.09687)
Page 593319
(1.406131)
Virtual 7370979
(.2617957)
Personalization .9830376
(.3024899)
Log - likelihood 349.53211 346.4464 344.62999
LR z° 54.32 48.15 44,51
Prob > »? 0.0000 0.0000 0.0000

" significant at a 1% level

* significant at a 5% level

“ significant at a 10% level
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Table 7.13. Regression of activity indicator on household characteristics (errors in

parentheses).
Variable Fixed effects Random effects
User age 12.9529" 13.1376
(6.104168) (8.527912)
User education 3.039871 10.25005
(15.8493) (22.13671)
User income .0229072 1821005
(.187614) (.26187)
Household size -3.279436 -8.116515
(4.790543) (6.684059)
Marital status -.004886 -.0409043
(.0417416) (.0582608)
Renting -.0233558 -.1846721
(.1878096) (.2621372)
Constant 177.5104 282.5443
(294.3113) (411.1058)

*** significant at a 1% level ** significant at a 5% level * significant at a 10% level

Hausman test: Ho: difference in coefficients not systematic
7 (5)=-2.33
2°<0 => model fitted on these data fails to meet the asymptotic
assumptions of the Hausman test

Breusch and Pagan Lagrangian multiplier test for random effects:
visits[t,t] = Xb + u[t] + e[t,t]
Estimated results:

Variance Standard deviation
Vvisits 1235498 1111.53
e 636182.3 797.6104
u 0 0

Test: Var (u)=0
77 (1) = 2917.19
Prob > »* = 0.0000
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Table 7.14. Log-rank test for equality of survivor functions by user activity, Model I.

User activity Events observed Events expected
regular 186 244.47
intensive 130 71.53
Total 316 136.00

72 (1) = 133.21

Pr> »* = 0.0000

Table 7.15. Wilcoxon (Breslow) test for equality of survivor functions by user activity,
Model I.

User activity Events observed Events expected Sum of ranks
regular 186 244.47 -16680
intensive 130 71.53 16680
Total 316 136.00 0

72 (1) = 133.21
Pr> 4> = 0.0000

Table 7.16. Kaplan-Meier survival function comparison by user activity, Model 1.

Survival function
User activity regular intensive

time 0.9268 0.5250
0.7765 0.3500
0.6694 0.0000
0.4686
0.3965
0.3172
0.2266
0.1888
0.1888
0.1888
0.1888
0.1888
0.1888
0.1888
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Table 7.17. Log-rank test for equality of survivor functions by user activity, Model 11.

User activity Events observed Events expected
regular 8 8.44
intensive 1 0.56
Total 9 9.00

7° (1) = 0.80

Pr>y* = 0.3711

Table 7.18. Wilcoxon (Breslow) test for equality of survivor functions by user activity,
Model II.

User activity Events observed Events expected Sum of ranks
regular 8 8.44 -4
intensive 1 0.56 4
Total 9 9.00 0

72 (1) = 0.80

Pr> % = 0.3711

Table 7.19. Kaplan-Meier survival function comparison by user activity, Model II.

Survival function

User activity regular intensive
time 1 0.5000 0.00
1.625 0.5000
2.25 0.1250
2.875 0.1250
3.5 0.1250
4.125 0.1250
4.75 0.1250
5.375 0.1250
6 0.0000
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Table 7.20. Log-rank test for equality of survivor functions of multiple spells estimation,
Model I.

Spells Events observed Events expected
1 312 314.23

2 4 1.77
Total 316 316.00

7° (1) = 5.08

Pr>4> = 0.0242

Table 7.21. Wilcoxon (Breslow) test for equality of survivor functions of multiple spells
estimation, Model I.

Spells Events observed Events expected Sum of ranks
1 312 314.23 -704

2 4 1.77 704
Total 316 316.00 0

72 (1) = 5.08

Pr>y? = 0.0242

Table 7.22. Kaplan-Meier survival function comparison of multiple spells estimation,
Model I.

Survival function

Spells 1 2
time 1 0.7375 0.0000
2 0.6003
3 0.5002
4 0.3502
5 0.2963
6 0.2370
7 0.1693
8 0.1411
9 0.1411
10 0.1411
11 0.1411
12 0.1411
13 0.1411
14 0.1411
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Table 7.23. Log-rank test for equality of survivor functions of multiple spells estimation,
Model I1.

Spells Events observed Events expected
1 9 9.00
Total 9 9.00

7> (0) = 0.00

Pr>y% =

Table 7.24. Wilcoxon (Breslow) test for equality of survivor functions of multiple spells
estimation, Model II.

Spells Events observed Events expected Sum of ranks
1 9 9.00 0
Total 9 9.00 0

7% (0) = 0.00

Pr> ;(2 =

Table 7.25. Kaplan-Meier survival function comparison of multiple spells estimation,
Model II.

Survival function

Spells 1
time 1 0.4444
1.625 0.4444
2.25 0.1111
2.875 0.1111
35 0.1111
4.125 0.1111
4.75 0.1111
5.375 0.1111
6 0.0000
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Table 7.26. Log-rank test for equality of survivor functions of estimation for single- and

multiple-member households, Model I.

Household members Events observed Events expected
1 3 5.79

>1 33 30.21
Total 36 36

72 () = 172

Pr>4° = 0.19

Table 7.27. Wilcoxon (Breslow) test for equality of survivor functions of estimation for

single- and multiple-member households, Model 1.

Household members Events observed Events expected Sum of ranks
1 3 5.79
>1 33 30.21
Total 36 36
7> (1) = 1.48

Pr>4® = 0.2240

Table 7.28. Kaplan-Meier survival function comparison of estimation for single- and

multiple-member households, Model I.

Survival function

Household members 1 >1
time 1 1.0000 1.0000
2 1.0000 .0.9835
3 0.9412 .0.8883
4 0.9412 .0.8336
5 0.8471 .0.7642
6 0.8471 .0.7096
7 0.8471 . 0.6504
8 0.8471 .0.6056
9 0.8471 .0.5529
10 0.8471 .0.5161
11 0.8471 .0.4367
12 0.5647 .0.4367
13 0.5647 .0.3493
14 0.5647 .0.3493
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Chapter 8. Conclusions and policy implications.

Over the last decade Internet size has grown tremendously, as well as its role in
everyone’s daily life. In this thesis | explored different aspects of customer behavior
online and its influence on portal competition.

First, I utilized the panel data analysis to define the determinants of portal market
shares. This is essential because market shares are an important factor of online firm
profitability. The results suggest that both portal features and individual user
characteristics affect the overall market share, but portal attributes exert a higher degree
of influence. In general, a larger number of portal features raises its market share; each
additional feature may lead to up to 3-4% increase.

By separating the market shares for most popular portal services, | explored the
differences between consumers using these services. | found that e-mail service is
universal and its market share is not influenced by user characteristics, but is strongly
affected by mail quality. This result suggests that wishing to attract more customers to
mail service portal must improve its quality, and control the quality of other portal
attributes since mail is interconnected with some of them. Appearance of Gmail on the
mail market did not change the leadership on it much, although Google presented the
largest mailbox volume and the best mail search tools. But the main existing players
(Yahoo, AOL and MSN) matched the size of the mailbox and were able to keep their
leading positions due to the number of features connected to their mail service and never
presented by Google.

The quality of search is the major determinant of search service market share, which
is also influenced by several demographic characteristics such as user age, education and
income. Improving the ease of search process together with advancing the search quality

are crucial for gaining market share; and current success of Google on the search engine
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market confirms this finding.

Market shares of virtual communities are driven by the consumer demographic
characteristics to a large extent. Moreover, the volatility of these market shares suggests
that communities are different from portal to portal, producing an important implication
for online firms. By finding more information about members of a particular
community, a portal can establish tighter connection with them; also, online advertising
can be targeted for the members of this community.

Later | apply the survival analysis approach to study the switching behavior of
individual users. This dissertation is among the first to explore online consumer
heterogeneity. I divide Internet users into two distinct groups and find that they tend to
demonstrate different hazard rates of dropping. Having the higher dropping rates,
intensive users generate more revenue for the online firm by being exposed to the larger
number of posted banners. One of the goals of portal managers should be attracting such
users by increasing the number and quality of portal characteristics.

Older and less educated people have lower tendency to drop from the portal and
eventually come to another one. This result indicates learning costs exist on portal
market, imposing barriers to switching. Online firm may overcome this with increasing
ease-of-use and user friendliness of the portal, thus making itself more attractive for new
users.

Hazard rates of dropping from the portal are found decreasing over time, suggesting
that with time, users are going to be harder to attract, either because of the switching
costs or due to the fact that they settled at their “ideal” portal.

The results of the panel data estimation and the ideas developed in this part of my
dissertation can be successfully applied to the growing market of the mobile portals. As
mobile connectivity grows at a dramatic pace worldwide, many companies have
invested into development of mobile portals, which lead to an emergence of a separate
mobile portal marketplace. Such mobile portals are created by cellular phone providers,
major e-commerce sites (which are moving into mobile commerce or “M-commerce”),
“classic” portal companies as well as new startups with dedicated mobile portal
technology. Mobile portals are trying to capitalize on the ongoing trend to perform many
tasks not just online, but online via a mobile device, such as a cell phone or a PDA.
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Since widespread availability of mobile connectivity came a few years after fast
traditional Internet connections became popular, the state of the mobile portal market
and technology lags behind that of classic portals, such as Yahoo!, MSN, Google and
others by at least five years. As a result, many of the trends that affected the Internet
portal market in 2000 are occurring in the mobile portal market today.

Finally, the methods developed in this dissertation can be effectively applied on new,
more detailed click stream data from today's portals. Such data contains a specific
advertising message clicked by the user, a full URL link accessed, as well as information
about the referring site that sent the traffic to the advertiser. For the previous years,
when portals generated most of the profit from the banners featured at their page, the
number of views was vital source of profit. As Internet advertisement revenue model
further shits from paying per-ad display to paying per-click and per-purchase, combining
the above detailed data with this approach developed in this work will allow us to study
specific revenue sources, track successful ad campaigns and thus make more accurate

policy recommendations.
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Appendix

Al.Collinearity diagnostics

Table Al. Collinearity diagnostics for portal attributes.

Variable VIF Sqrt (VIF) Tolerance R?
Portal age 1.34 1.16 0.7479 0.2521
Mail 2.07 1.44 0.4825 0.5175
Auction 1.90 1.38 0.5276 0.4724
Shopping 244 1.56 0.4091 0.5909
Sport 1.80 1.34 0.5552 0.4448
Chat 2.09 1.44 0.4793 0.5207
Greetings 2.36 1.54 0.4238 0.5762
Games 2.25 1.50 0.4439 0.5561
Finance 3.27 1.81 0.3057 0.6943
News 2.59 1.61 0.3860 0.6140
Search quality 2.53 1.59 0.3956 0.6044
Messenger 2.54 1.59 0.3933 0.6067
Personal 1.57 1.25 0.6378 0.3622
Weather 2.10 1.45 0.4772 0.5228
Page 2.10 1.45 0.4753 0.5247
Mean VIF 2.20

Table A2. Eigenvalues and condition index for portal attributes.

Eigenvalue Condition index
1 10.1307 1.0000
2 1.4721 2.6233
3 0.8380 3.4769
4 0.6213 4.0381
5 0.5215 4.4077
6 0.4452 4.7702
7 0.4119 4.9594
8 0.2896 5.9149
9 0.2548 6.3050
10 0.2499 6.3676
11 0.1864 7.3724
12 0.1585 7.9952
13 0.1432 8.4102
14 0.1336 8.7092
15 0.0784 11.3706
16 0.0651 12.4760
Condition number 12.4760

Determinant of correlation matrix 0.0007
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Table A3. Collinearity diagnostics for demographic characteristics of users.

Variable VIF Sart (VIF) Tolerance R?
User age 4.31 2.08 0.2318 0.7682
User education 2.67 1.63 0.3749 0.6251
User income 3.14 1.77 0.3181 0.6819
Household size 5.09 2.26 0.1964 0.8036
Marital status 4.71 2.17 0.2122 0.7878
Renting 4,01 2.00 0.2491 0.7509
Mean VIF 3.99

Table A4. Eigenvalues and condition index for demographic characteristics of users.

Eigenvalue Condition index
1 6.1555 1.0000
2 0.6458 3.0874
3 0.1452 6.5113
4 0.0393 12.5193
5 0.0074 28.8900
6 0.0060 32.1545
7 0.0009 82.4457
Condition number 82.4457

Determinant of correlation matrix 0.0167

Condition number derived from the eigenvalues for multicollinerity diagnostics.
Normally, we suggest that if condition index is between 10 and 30, there is moderate to
strong collinearity; and if it exceeds 30, there is severe multicollinearity.™

Variance inflation factor (VIF) shows how variance of estimation will be inflated by
the presence of multicollinearity. As a rule of thumb, if the variable’s VIF exceeds 10
(this will happen if R;* exceeds 0.90), that variable considered to be highly collinear.**

Portal attributes in the data do not demonstrate high degree of collinearity, although
demographic characteristics are collinear as it could be expected.

3 See D.A. Belsley, E.Kuhn and R.E.Welsch, “Regression Diagnostics:identifying Influential Data and
Sources of Collinearity”, John Wiley&Sons, New York, 1980
14 See David G.Kleinbaum, Lawrence L. Kupper and Keith E. Muller, “Applied Regression Analysis and
Other Multivariate Methods”, PWS-Kent, Boston, Mass.,1988
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