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STATE DEPENDENCE AT INTERNET PORTALS 
 

Abstract 
 

I measure the importance of customer loyalty at Internet portals in the form of true state 

dependence faced by consumers.  Using a clickstream data set, I estimate household-specific 

regressions, thereby controlling for all household-specific heterogeneity. I find that households 

exhibit considerable true state dependence in their portal choice. 
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 Consumers often exhibit loyalty to the brands they buy.  Yesterday’s brand choice is a 

good predictor of tomorrow’s brand choice.  Observed loyalty can arise from one of two broad 

causes.  First, consumers may exhibit true loyalty.  In this case, past behavior has a genuine 

effect on brand choice.  Second, the observed loyalty may be a consequence of consumer 

preferences.  Consumers repeatedly buy their favorite products. 

 In this paper, I separate true loyalty from consumer preferences faced in the Internet 

portal market.  Separating these two causes of observed repetitious behavior is the subject of a 

century-old literature in economics, marketing, and statistics.  Feller (1943) provides an early 

review of the field.  More recently, Heckman (1981) clarified several of the concepts and 

applied them to identification issues in discrete choice models.  He called the first of the above 

effects ‘true state dependence’ and the second ‘spurious state dependence’.  True state 

dependence means “that as a consequence of experiencing an event, preferences, prices, or 

constraints relevant to future choices are altered...an otherwise identical individual who did not 

experience the event would behave differently in the future from an individual who 

experienced the event” (Heckman 1981, p. 114-115).  On the other hand, spurious state 

dependence means “that individuals may differ in their propensity to experience the 

event...previous experience may appear as a determinant for future experience solely because it 

is a proxy for temporally persistent unobservables” (Heckman 1981, p. 115). 

 I separate true from spurious state dependence using more flexible methods than was 

previously possible.  A rich data set, with an average of 998 observations per household, allows 

me this flexibility. Consequently, I can control for all household-induced spurious state 

dependence by estimating a separate nested logit regression for each household.  As in earlier 

studies, however, I do not control for serially correlated unobservables that are not captured by 
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fixed effects.  I do estimate several other models to try to isolate potential sources of serial 

correlation, and I find my results to be robust to these checks. 

 Accurately identifying the existence of true state dependence is important to 

understanding firm strategies and developing policy in Internet markets.  True state dependence 

allows firms to earn above normal returns by reducing the cost of attracting repeat visits and by 

making entry more difficult for potential rivals.  Klemperer (1987, 1995) and others have 

shown that true state dependence can create market power.  The value of customer loyalty is 

well established in marketing and is an essential part of most introductory textbooks (e.g. 

Kotler 2000). While these examples focus on ‘switching costs’ and ‘loyalty’, the strategic 

implications are a function of true state dependence rather than identifiable switching costs.   

 This ability of true state dependence to provide above normal returns in the long run 

was used by many online businesses to justify short-run losses in pursuit of market share.  

However, if the observed loyalty is only a consequence of spurious state dependence then the 

losses incurred will have been wasted and early period customers will in time depart for other 

firms.  ‘New economy’ magazines have focused on these first mover advantages, but Shapiro & 

Varian (1999, p. 168) caution that only in markets with true state dependence, is it correct that 

“first mover advantages can be powerful and long-lasting;” otherwise, the main source of first-

mover advantages is lost.   

 Following Hargittai (2000, p. 233), I define an Internet portal as “any site that classifies 

content and primarily presents itself as a one-stop point-of-entry to content on the Web.”  

Portals, such as Yahoo, Altavista, and MSN have search engine capabilities, but they also have 

other features.  These may include email, news, and a link-based directory to the web separate 

from the search service.  There are few, if any, pure search engines remaining.  I narrow 
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Hargittai’s definition further. I am interested in the portal as a starting point and not as a 

destination, and I therefore look at the use of portal main pages, directory pages, and search 

pages, but not at email and shopping pages. 

 This is a large and competitive market. AOL claimed $2.1 billion in advertising revenue 

in their year 2000 annual report. Yahoo claimed $1 billion. Yahoo had 66million, and MSN 64 

million, different users in September 2001 according to Nielsen/Netratings.  Entry and exit are 

common and competition for advertising dollars is fierce. 

 This study examines a clickstream data set to evaluate the importance of true state 

dependence in the large and competitive Internet portal market.  The data set, provided by 

Plurimus Corporation, consists of every website visited by 2651 households from December 

27, 1999 to March 31, 2000.  In total, there are 2,645,778 observations, of which 793,929 are 

Internet portal visits.  Using this data, I construct measures of past search success, past time 

spent searching, and the goal of the search.  I link the Plurimus data to media mentions data 

found through the Lexis-Nexis Academic Universe. 

 In this data set, 63% of all visits to Internet portals follow a visit to the same portal.  I 

estimate how much of this is from true state dependence and how much is from brand 

preferences.  In order to separate these effects, I follow a long literature on the subject that 

includes Heckman (1981), Jones & Landwehr (1988), Chintagunta, Jain, & Vilcassim (1991), 

Erdem (1996), Keane (1997), Abramson, Andrews, Currim, & Jones (2000), and Shum (2000).  

As in these earlier studies, I define true state dependence as all repeat visit behavior that is 

beyond average market share.  I use a nested logit framework because of its grounding in 

economic theory and relative ease of computation.  Due to the large number of observations per 

household, I control for all household-specific heterogeneity by estimating a separate 
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regression for each household.  Previous studies however, with only a handful of observations 

per household, relied on random coefficients to identify household-specific effects.  Some of 

the earlier studies argue that if the data was available, estimation at the household level is best.  

For example, Chintagunta, Jain, & Vilcassim (1991, p. 417) argue that “ideally, the parameters 

of the logit model should be estimated at the household level.”  Random coefficients models 

unduly pool a potentially heterogeneous population.1 However, there is no previous work to my 

knowledge that uses household-specific (or individual-specific) regressions to understand state 

dependence or consumer behavior.   

 Using these household-specific regressions, I reject the null hypothesis of no true state 

dependence.  The measured true state dependence is significant and it has a large impact on 

firm market shares and revenues.   

 In the next section, I provide a review of the literature with an emphasis on 

identification arguments.  In section 2, I present the general model and econometric 

specification.  In section 3, I describe the data set and variable construction.  Section 4 presents 

the results of the general model, robustness checks, measures of the magnitude of the true state 

dependence, and correlations between true state dependence and household characteristics.  

Section 5 concludes that users face economically significant true state dependence at Internet 

portals.  

1.  Related Literature 

1.1 Identification 

 63.2% of all portal visits in my sample are repeat visits.  Some of this repeat behavior is 

likely due to true state dependence and some is likely due to spurious state dependence, or 

brand preferences.  Following the lengthy literature on the topic, I identify true state 

dependence by repeat visit behavior that is beyond average market share.  Assuming that brand 
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preferences do not change over the three month sample period, household-specific brand fixed 

effects capture each household’s brand preferences.  Therefore, I define true state dependence 

as repeat behavior that is not predicted by the brand fixed effects (or by the other included 

covariates). 

 In addition to true state dependence, this pattern of behavior has been called true tenure 

dependence (e.g. Israel 2001), habit persistence (e.g. Shum 2000), and loyalty (e.g. Guadagni & 

Little 1983).  Using different identification assumptions, Greenstein (1993) called a similar 

phenomenon lock-in.  In the economic theory literature, Klemperer (1995) derives implications 

for this pattern of behavior which he defines as switching costs.  Each of these labels describes 

the effect of past behavior on current choices.   

 Since Heckman’s (1981) description of the problem, the literature has responded by 

adding more heterogeneity to the models.  Guadagni & Little (1983) use only observables on a 

grocery scanner data panel to get an upper bound on true state dependence.  They cannot 

pinpoint true state dependence because they cannot separate out the individual preferences.  

Jones & Landwehr (1988), Steckel & Vanhonacker (1988), Jain, Vilcassim, & Chintagunta 

(1994), Erdem (1996), Keane (1997), and many others add increasing amounts of heterogeneity 

through random coefficients and known consumer characteristics.  This added heterogeneity 

also partially alleviates the independence of irrelevant alternatives problem that arises in logit 

models.  Rossi & Allenby (1993) use Bayesian methods to get individual-specific parameters. 

 The identification of true state dependence in most of these papers, as mentioned above, 

comes from repeat behavior that is not predicted by brand fixed effects.  This relies on the 

assumption of no serial correlation in underlying factors that determine portal choice.  In an 

ideal data set, individuals would periodically be randomly assigned to portals.  Econometricians 
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could then explore behavior after these random assignments.  Given this ideal data set, if a 

given household visits Yahoo half of the time, MSN a quarter of the time, and Altavista a 

quarter of the time then the following pattern exhibits no true state dependence: 

 Yahoo, Yahoo, MSN, Altavista, Yahoo, Yahoo, MSN, MSN, 

 Yahoo, Yahoo, Altavista, Altavista, Yahoo, Yahoo, MSN, Altavista. 

 Here, half of all Yahoo visits are followed by another Yahoo visit, and one-quarter of 

all MSN and Altavista visits are followed by a repeat visit.  On the other hand, the following 

visit pattern would imply high true state dependence: 

 Yahoo, Yahoo, Yahoo, Yahoo, Yahoo, Yahoo, Yahoo, Yahoo, 

 MSN, MSN, MSN, MSN, Altavista, Altavista, Altavista, Altavista. 

 Identification holds even when the ideal data set described above is not available, as 

long as there is variation in other determinants of website choice such as the included 

covariates and the error term.  If the covariates lead a user to switch portals, and the covariates 

are randomly assigned each period, then true and spurious state dependence are separately 

identified.  The covariates and the unobserved time-varying error provide random assignment. 

 This identification argument assumes that there is no serial correlation in underlying 

factors that may predict portal choice such as persistence in users within the household or in 

search goals.  For example, if users tend to search for the same types of things consecutively, 

and the goal of search determines the choice of portal then persistence in goals will show up as 

true state dependence even when controlling for all household-specific factors.  Similarly, if 

each individual in a household uses a different search engine and individuals tend to do several 

consecutive tasks on the computer, then individual brand preferences would be measured as 

true state dependence. I do find evidence of serial correlation of goals within each online 
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session.  I do not, however, find evidence of such serial correlation between sessions.  For these 

reasons, I focus on repeat visits between sessions.  In other words, I create a dummy variable 

for whether a given website was visited during the previous online session.  As a robustness 

check, I try several other measures of true state dependence including a dummy variable for 

whether the portal was visited immediately before and a dummy variable for whether the portal 

was visited the previous day.  All models strongly reject the null hypothesis of no true state 

dependence against the alternative of true state dependence. 

 Household-specific regressions allow me to better identify the true state dependence in 

a sample than other papers that rely on pooled data but similar identifying assumptions.  Earlier 

papers assume a distribution on brand preferences, and they usually assume constant 

coefficients in true state dependence and other covariates.  In this paper, I show that there is 

significant heterogeneity in brand preferences, true state dependence, and other covariates.  The 

measured value for true state dependence in a panel depends on the degree of heterogeneity and 

I do not rely on any assumptions on household-specific heterogeneity.  In Goldfarb (2002), I 

compare the implications of random coefficients models and household-specific regressions. 

1.2 Individual-Specific Regressions 

 Several other studies have run regressions on the time-varying dimension of a panel 

data set and then compared results. Fischer & Nagin (1981) were among the first to use 

individual-specific regressions.  They explore whether taste parameters vary across individuals 

and compare random coefficients models to models without heterogeneity. Battalio, Dwyer, & 

Kagel (1987) use individual-specific regressions to explore taste variation in rats and pigeons.   

 Individual-specific regressions are most commonly used to compare countries and to 

understand stock returns. For example, Baltagi & Griffin (1997) and Sarno (1999) conduct 

country-specific regressions with panels of fifteen or more years; Tauchen, Zhang, & Liu 
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(1996) and many others compare stock performances.  Keane & Runkle (1990) test the 

rationality of price forecasts and show that individual-specific regressions have several 

advantages over panels when there is significant unobserved heterogeneity.  Pesaran & Smith 

(1995, p. 102) conclude, from separate regressions on employment functions in 38 separate 

industries, that the “lesson for applied work is that when large T panels are available, the 

individual micro-relations should be estimated separately.” 

1.3 Online Consumer Behavior 

 There is a small but growing literature on consumer behavior on the Internet.  Johnson, 

Moe, Fader, Bellman, & Lohse (2000), Johnson, Lohse, & Bellman (2000), and Moe & Fader 

(2001) use clickstream data to look at search behavior at various types of e-commerce websites. 

Online switching behavior was explored by Chen & Hitt (2000) at Internet brokers and by 

Telang, Mukhopadhyay, & Wilcox (1999) at search engines.  None of these papers attempt to 

separate true state dependence from spurious state dependence.  Buckin & Sismeiro (2001) 

allow for some heterogeneity in exploring the decision to exit a website.  In a different branch 

of Internet research, Gallaugher & Downing (2000) and Gandal (2001) look at search engine 

competition using aggregate data.  In this paper, I employ a more extensive econometric 

framework to estimate demand, allowing me to measure true state dependence at Internet 

portals. 

1.4 Interpreting True State Dependence as Switching Costs 

 Johnson, Lohse, & Bellman (2000) emphasize the cost of thinking as the key 

determinant of online true state dependence.  They label this ‘cognitive switching costs’.  In 

doing so, they provide a rational explanation for the commonly observed phenomenon of state 

dependence.  Klemperer (1995) also describes a number of possible reasons for switching costs 

that could be relevant to understanding state dependence in the search engine market: physical 
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investment (personalization), transactions costs (search time), learning, brand loyalty, and 

cognitive dissonance problems. 

 I do not distinguish between alternative explanations for true state dependence, a task 

that is beyond even the detailed data used here.  Instead, I assume a null hypothesis of no true 

state dependence and look for tests to reject that null.  Once I reject the null, I perform a 

number of simulations to measure the strategic importance of true state dependence. 

2. General Model 

 Internet users choose which website to visit just as they make several other economic 

choices: given the information available, they choose the alternative that yields the highest 

utility.  For consumer goods, households buy the product that has desirable attributes for a low 

price.  In the case of portals, households use the portal with a high probability of finding what 

they seek in a minimal amount of time.  Based on the results of a questionnaire described in 

Goldfarb (2000), I assume households have an exogenously given ‘goal’ when they go online.  

Households go to the portal that they expect will help them achieve that goal in the least time 

with the most accuracy, or they may go directly to a destination website if they think that it will 

be more efficient. 

 I use a nested logit structure.  Jain, Vilcassim, & Chintagunta (1994, p. 317) emphasize 

that there are “three important reasons for the use of the logit model, (1) conceptual appeal 

being grounded in economic theory, (2) analytical tractability and ease of econometric 

estimation, and (3) excellent empirical performance as measured by model fit and other 

criteria.”  The assumed nesting structure is displayed in Figure 1.  The top nest is whether the 

household goes to a portal or directly to the destination website.  The second nest is whether the 

household goes to one of the top eighteen portals (all those with more than 0.5% market share), 
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or to one of the fringe portals.  The third nest looks at which of the top portals the household 

chooses.  This nesting structure allows Yahoo and MSN to be closer substitutes to each other 

than to a destination website such as Amazon or a fringe portal such as Top9.com. 

INSERT FIGURE 1 ABOUT HERE 

 The outside good in this model is therefore an online session that does not use a portal.  

The fringe portals are not the outside good, but had to be grouped together for computational 

reasons.  There are several dozen fringe portals and including them all would have been 

impossible.  I choose the top eighteen because there was a natural cut-off between the 

eighteenth and nineteenth most common portals in the sample.  The nineteenth is a local 

Pennsylvania portal with only 0.5% market share that likely ranked highly because of the 

peculiarities of the data set. Furthermore, any portal with less than 0.5% market share is 

certainly fringe. 

 There are no dynamics in this model.  I assume that consumers do not consider the lock-

in effect when they decide which website to visit and that consumers do not consider the option 

value of visiting a website to learn its characteristics and make better future choices.  While 

allowing for dynamics would be ideal, the dynamic model becomes intractable without 

unrealistic assumptions.  If consumers do anticipate lock-in, then my estimates of true state 

dependence will be biased toward zero because I do not account for this counterbalancing 

effect.  In other words, non-myopic consumers will switch portals in order to overcome 

potential harm due to true state dependence.  I, however, observe these as switches resulting 

from features and the idiosyncratic error.  Therefore, this bias does not change my result of 

rejecting the hypothesis of zero true state dependence.  It will, however, bias the estimated 

impact on visits and revenues toward zero. 
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 The expected utility from visiting a website is a function of past experience at the 

website, household preferences, website characteristics, and an idiosyncratic error term.  

Formally, household i visits website j on choice occasion t when  

(1) Euijt≥ Euikt 

for all k≠j.  If j is one of the top portals (j=1...18), Euijt is defined by  

(2) Euijt=δiσi(Xijtβij+ε ijt) 

if j is one of the fringe portals (j=19),  

(3) Eui19t=σi(Yi19tαi+ε i19t) 

and if j is a destination website (j=0),  

(4) Eui0t=Zi0tγi+ε i0t 

where δi is the inclusive value coefficient for the middle nest, σi is the inclusive value 

coefficient for the bottom nest, Xijt, Yijt, and Zijt are covariates, βij, αi, and γi are the associated 

coefficient vectors, and εijt is an idiosyncratic error term with a generalized extreme value 

distribution.  Xijt includes both the loyalty variable and the time-specific characteristics of the 

portals and the households. To be consistent with utility theory, σi and δi are constrained to be 

between zero and one through the functional forms: σi=exp(σi)/(1+exp(σi)) and 

δi=exp(δi)/(1+exp(δi)).  Xijt, Yijt, and Zijt may include variables that change over any or all of i, j, 

and t.  I allow all coefficients to vary over households, the regression constants to vary over 

portals, and no coefficients to vary over time.  Random coefficients models typically only allow 

the regression constants to vary over households.  There are I households, Ji websites for each 

household, and Ti choice occasions for each household.  I estimate a separate model for each of 

the I households.  The method assumes that households have zero probability of visiting any 
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portal that they do not visit in the sample because the multinomial logit does not work when an 

option is not visited. 

 It is expected utility based on the expectations of the user, not those of the observer, that 

is of interest.  I assume that the user knows εijt.  Because portals are experience goods, the user 

does not know in advance the utility she will gain from a visit.  I assume the user forms 

expected utility based on past experience at the portal.  For example, the user does not know 

how long she will spend at the website.  The user does, however, have an expectation of how 

long it will take based on her past experience at that website. 

 Define the inclusive value for the bottom branch as  
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The likelihood function for household i is as follows:  
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 where d1ijt is equal to one if the household goes directly to the destination website and 

zero otherwise, d2ijt is equal to one if the household goes a fringe portal and zero otherwise, and 

d3ijt is equal to one if the household goes directly to portal j and zero otherwise.  I estimate the 

model for each household using the full information maximum likelihood method.   

 Although the general framework is similar to that used in random coefficients models, 

there are several differences.  First, most random coefficients models of true state dependence 

do not typically allow for heterogeneity in variables aside from the brand preferences, although 

a handful of previous studies in the literature have allowed for heterogeneity in the loyalty 

coefficient.  Furthermore, the allowed heterogeneity is restricted to follow an assumed 

distribution and is estimated from the panel.  This restricts the possible shape of the 

heterogeneity distribution and consequently each household’s degree of true state dependence 

is not separately and accurately measured. 

 While the household-specific regressions make it computationally feasible to use all of 

the observations and eighteen portals, it is still a demanding task.  Household-specific 

regressions reduced the RAM requirements so that everything could be calculated on a 
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computer with 256 megabytes of RAM; however, it took the equivalent of roughly one 

computer-year of CPU time at 667 MHz. 

 I assume that consumers view each website as a separate company.  Therefore, I do not 

treat websites that are owned by the same parent (such as AOL and Netscape, or Hotbot and 

Lycos) together in any way.  Brand fixed effects should control for many of the issues, 

especially since the market structure changed little over the period in question (no mergers or 

bankruptcies occurred). 

 For many households, there is insufficient data for one or two of the nests to be 

included in the household-specific regression.  For example, a household may never visit a 

fringe portal.  If this is the case, I ignore the middle nest and calculate a model with only one 

nest.  Similarly there are two households who only visit top eighteen portals, and no other 

websites at all.  For them I only calculate the bottom nest.  There are also a large number of 

households who only visit one portal or who do not visit enough portals for the regression to be 

meaningful (less than 10 degrees of freedom at the bottom nest).  For these households, I 

calculate a standard logit model where they choose between visiting any portal and going 

directly to a website. 

 In the results section, I conduct simulations based on changes in the variables.  I do 

these simulations on a household-specific basis and then aggregate.  These simulations do not 

take into account reactions by portals, advertisers, and users to these changes, and therefore do 

not represent an equilibrium.  They do, however, give an idea of the measured impact.  For 

those households that do not have more than ten degrees of freedom at the bottom nest, I 

assume that the distribution of brand choices remains the same while the probability of being in 

the bottom nest may change.  In other words, a household that visits MSN once and Yahoo 
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once will always have the same probability of visiting each, but its probability of being in that 

bottom nest may change in the simulations. 

3. Data 

3.1 Raw Data Sources and Description 

 The raw data set, courtesy of Plurimus Corporation, consists of 3,228,595 website visits 

by 2651 households from December 27, 1999 to March 31, 2000.  2,645,778 of these visits 

occur when a household either goes to a portal or goes directly to a destination website without 

visiting a portal.  Since this study examines portal choice, the outside good is consumed when 

households go directly to a website.  Websites that are visited after a portal visit are part of a 

separate decision process than the one explored here.  Also included in the initial data set are 

the arrival and departure times for a website and the number of pages visited at that site.  

 Plurimus has an anonymizing technology that allows them to collect information about 

users without the users' permission. Plurimus avoids significant privacy concerns because the 

users are anonymous and the data cannot be traced to any specific person. They are regularly 

audited by PriceWaterhouseCoopers in order to ensure they exceed the privacy requirements of 

the FCC guidelines.  Unlike volunteer panel data, behavioral records from anonymous users are 

not biased by the wish to be seen in a socially desirable light.  Moreover, there is no selection 

bias into the sample itself, yielding a sample from a broader spectrum of socioeconomic status 

than is typically available from panel studies. 

 The data set, however, has five limitations. First, the geographic distribution of the 

sample is not representative. New York, Chicago, and Los Angeles are under-represented. 

Roughly half the sample comes from Pennsylvania.  This problem is not severe to the extent 

that portals are a national product. 
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 The second limitation is that America Online (AOL) subscribers are not included.  

Since AOL subscribers made up roughly 50% of all American home Internet users at the time, 

this could skew the results.  However, preliminary surveys commissioned by Plurimus show 

that AOL users have similar habits to other web users when not on AOL websites.  The data 

does, however, undercount visits to the AOL portal. 

 Third, the data set contains information on few users at work.  Online habits at work 

likely differ from those at home; however, according to a study by Nie and Erbring (2000), 

64.3% of Internet users use the Internet primarily at home; just 16.8% use it primarily at work.  

Few data sets contain reliable at-work panel data. 

 Despite these weaknesses, Plurimus’ estimates of unique users closely match those of 

MediaMetrix and PC Data Online for January, February, and March 2000.  The number of 

unique visitors for a month to a website is the number of different households that go to a given 

website over the course of the month. The correlation coefficients on unique visitors for the top 

18 portals are 0.90 for Plurimus and MediaMetrix and 0.78 for Plurimus and PC Data Online.  

Since the numbers are generally quite close, the above issues with the data may not be 

important for understanding portal choice by users who are not AOL subscribers. 

 The fourth limitation is that the data are collected at the household level rather than at 

the individual level and I do not know the household composition.  If two people in a given 

household have different habits this will show up as one person with varying habits.  I also do 

not have household size data that would allow me to look only at households with one member.  

While this makes it difficult to assess the extent of learning over time, it is a standard problem 

in consumer panels. 
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 Fifth, the data do not contain information on households from the first time they go 

online.  Therefore initial conditions are potentially a problem.  However, by assuming the 

errors are independently and identically distributed, the initial conditions problem is partially 

alleviated by the law of large numbers due to the number of observations per household in the 

data set.  More than 95% of the households in the final data set make more than 30 choices.  

The mean household makes 998 choices and the median household makes 515 choices. 

 Together, these five data limitations mean that results should be extended to different 

geographic distributions, AOL users, and at-work users with caution.  Furthermore, the fourth 

and fifth limitations make any study of learning behavior infeasible with this data.  It is an open 

topic for further research. 

I join this clickstream data set with a data set of ‘media mentions’ constructed from the 

Lexis-Nexis Academic Universe database.  If a company is mentioned on network television 

news (ABC, CBS, or NBC), in the Wall Street Journal, in the New York Times, or in USA 

Today on a given day or the day before then the media mentions variable is equal to one.  

Otherwise it is equal to zero.  Unfortunately, I do not know which individuals were actually 

watching or reading which media.  It is likely, however, that mentions in these media are highly 

correlated with mentions in other media such as local newspapers. 

3.2 Data Description 

 I used the raw data and the results of a questionnaire to construct several variables from 

the raw clickstream data. Using only information on the website visited and the arrival and 

departure times at each website, I constructed the following variables: goal of search, view 

length at the portal, repeated search, total visits over the sample period to the destination 

website, destination type, total time spent online over the sample period, percentage of all 
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website visits in each of eleven categories, and various measures of true state dependence.  See 

Table 1 for variable definitions and Appendix A for a detailed description of variable 

derivations. 

INSERT TABLE 1 ABOUT HERE 

 There are several issues related to analyzing a clickstream data set that do not have 

obvious answers.  I conducted an email-based survey of Internet search habits to help resolve 

these issues.  Further details on the survey are contained in Goldfarb (2000) 

 One issue addressed in the questionnaire is particularly important to analysis of portal 

choice: determining whether a given search fails.  Whether a search at a given portal fails is an 

important factor in an individual's experience with that portal.  I cannot actually ask the users in 

my sample whether a search was successful.  In the questionnaire, I therefore sought to identify 

behavior that is consistent with search failure. Using the results of the questionnaire, I define a 

repeated search variable that approximates search failure.  If a user searches for the same goal 

at two different search engines within a five minute period, then I define the search as repeated.  

Using this definition in the survey data means that 94% of searches labeled as successful are in 

fact successful.  I only identify a search as a repeated search if it occurred in a previous session.  

This avoids confusion over use of a browser's back button. 

 The survey also showed that more experienced users search faster.  This suggests that 

faster search is probably more desirable.  It also showed that hours of use per week is highly 

correlated with years online and admitted level of comfort with the Internet, implying that total 

time spent online is a good proxy for experience. 

 There were several possible choices for a loyalty variable.  I focus on a dummy variable 

for whether the portal was visited during the previous online session.  As a robustness check, I 
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also estimate several other possible loyalty definitions on a subset of the data including whether 

the portal was visited the previous day, whether the portal was visited immediately beforehand, 

and two different weighted averages of past visits.  The weighted averages follow Guadagni & 

Little (1983) and are described in detail in Appendix A.  

 If a household goes directly to a website, without the previous website visited (within 

fifteen minutes) having been a portal, then I include that visit in the data set as the outside good. 

 I chose which variables to include in each nest by using the Bayes information criterion 

estimated on an aggregated (panel) model using a subset of the data.  Including the goal of 

search (whether the destination was information, ecommerce, communication, adult, or other) 

in either the bottom or middle nest was rejected under this criterion.  Similarly, this criterion 

rejected including repeated search in the middle nest and destination type in the bottom nest.  I 

also had data on monthly advertising expenditures by the portals, but the inclusion of this data 

was rejected under the Bayes information criterion. 

 Not every nest and every variable was included in every regression.  11% of households 

did not visit more than one portal in the bottom nest, and 28% of households did not visit any 

of the fringe portals in the middle nest.  When this was the case, only the relevant nests were 

estimated.  Sometimes there was insufficient variation to include a variable for a given 

household.  For example, 6% of households for which the bottom nest was estimated had 

insufficient variation in the last search repeated variable.   

 Tables 1, 2, and 3 contain descriptive statistics of the data set used in estimation. The 

average household visits one of the top 18 portals 299.5 times, one of the fringe portals 19.5 

times, and another website 679.0 times. There is substantial variation in each of these numbers 
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from household to household.  Because of the skew of times visited destination and last search 

repeared, I take the logarithm of each in the estimations. 

 Few households visited all 18 portals.  On average, a household visited 7.9 portals over 

the course of the sample, with 54% of these visits at their most frequently visited portal. 

 Table 2 shows that Yahoo is the most visited portal with roughly one-third of all portal 

visits and it has the lowest rate of repeat visits (which I interpret as failures).  Looksmart 

searches are fastest, and Go2net searches are slowest.  Go2net searches are likely slowest 

because it is a ‘meta-search’ engine that presents results from several other search engines.  The 

fringe portals are near the bottom in all three measures shown.   

INSERT TABLE 2 ABOUT HERE 

 Table 3 summarizes the characteristics of the households.  Age, education, household 

size, income, % married, and % renting are collected at the census block level.  The other 

characteristics are derived from the observed behavior of the households.  The total time online 

variable shows that the average household spends fifteen hours per month online.  Only 6% of 

website visits are to ecommerce websites while 24% are to communication websites and 21% 

are to free information websites such as news, sports, and weather (‘Information’), 

entertainment, brochures, technology, and women’s websites.  The Internet remains primarily 

an information and communication medium. 

INSERT TABLE 3 ABOUT HERE 

4.  Results 

4.1 General Results of the Household-Specific Regressions 

 Table 4 presents the results of the household-specific regressions.  The first column 

reports the (unweighted) mean of the coefficients, and the second column reports the standard 

error of that mean calculated as in Pesaran & Smith (1995).  Given that the means are 
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calculated from 2.6 million observations, it is not surprising that all are significantly different 

from zero.  The third column displays the standard deviation of the coefficients and the fourth 

column displays the number of households for which the coefficient can be calculated.  The 

fifth and sixth columns report the number of households for whom the coefficient is 

significantly positive and the number for whom the coefficient is significantly negative. 

INSERT TABLE 4 ABOUT HERE 

 The magnitudes of the coefficients themselves are uninformative in the nested logit 

model; however, their distributions and their significance are both informative.  Furthermore 

the magnitude can be compared across models that rely on data drawn from the same 

distribution.  The distributions of the coefficients are meaningful under a basic normalization 

that is also made in panel models. Under this normalization, the coefficients are all on the same 

scale and are therefore comparable.   

 Table 4 shows that each of the variables takes a wide range of values across households.  

Any test of coefficient constancy will fail for any of the variables included in the model.  

Figures 2 through 4 all display kernel density estimates of the distributions of either the 

coefficients or the Z-statistics across households.  Each is calculated using the Epanachnikov 

kernel and optimal bandwidth, but each is robust to other specifications.  

 Figure 2 shows the estimate of the distribution of the loyalty coefficients in the bottom 

nest.  The switching cost coefficients are centrally distributed with a narrower distribution than 

the normal.  Table 4 shows that in the 2361 regressions that calculate the loyalty coefficient, it 

is significantly positive 1652 times, and significantly negative only 101 times (at the 95% 

confidence level).  There is true state dependence.  This suggests that some kind of lock-in or 
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cost of switching exists. A small fraction of users, however, display negative state dependence, 

suggesting a preference for variety; but most households are habitual.   

INSERT FIGURE 2 ABOUT HERE 

 The loyalty coefficient in the middle nest is also significantly positive.  Furthermore, it 

is significantly positive for 787 households and significantly negative for just 229. As with the 

loyalty coefficient in the bottom nest, it is centrally distributed.   

 The other variable that proves to be important for portal choice is last search repeated.  

On average, the coefficient of this variable is significantly negative.  Its coefficient is 

significantly negative twice as often as it is positive.  The negative coefficient provides 

evidence for interpreting this variable as failed search.  Like most other variables, its density is 

centrally distributed. 

 Figure 3 shows the distribution of the brand preferences for the top six portals relative 

to Yahoo.  Only those households who visit Yahoo at least once are included, so that all 

households in the density have the same base.  These coefficients represent the preferences 

relative to Yahoo.  The densities show that the distributions are all close to normal, and that 

preferences vary considerably from household to household.  With the exception of MSN, 

Yahoo is greatly preferred by most people to the other portals even given that the individuals 

visit the other websites at least once.  Yahoo is only slightly preferred to MSN on balance. 

INSERT FIGURE 3 ABOUT HERE 

 As expected, media mentions has a slightly positive effect, but the coefficient on the 

logarithm of last view length is surprising.  Last view length was found to have a slightly 

positive effect on average; however, the effect is extremely small and not strategically relevant. 
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 The coefficients on the top nest variables reveal when people choose to conduct 

searches.  The destination types are compared to a base of other destinations.  The coefficients 

are not informative in themselves; however, the relatively low coefficient on communication 

destination suggests that people use portals to get to communication websites more often than 

they do to get to ecommerce and adult websites.  Furthermore, the relative importance of these 

coefficients varies widely across individuals.  This suggests that different individuals search for 

different things and that it is a mistake to assume that everyone is the same.  It also suggests 

that some segmentation may be useful.  For example, age is negatively correlated with the 

coefficients on adult destination and positively correlated with communication destination 

suggesting that older people are more likely than younger people to use portals to get to adult 

websites, but less likely to use them to get to communication websites.  Correlations also 

suggest that educated people use portals in order to get to ecommerce websites, and that people 

tend to use portals relatively less often in the categories they use more.   

4.2 Robustness of True State Dependence Definition and Model Specification 

 There are several potential difficulties with the definition of true state dependence used 

in this paper.  In this section, I first discuss some identification issues relating to whether my 

measure of true state dependence measures spurious correlation.  Second, I explore the choice 

of loyalty measure.  Finally, I look at other model specification issues. 

 As mentioned in section (1.1), the loyalty coefficient measures the degree to which 

repeat behavior deviates from the average propensity to visit a website.  If users tend to search 

for the same types of things consecutively, and the goal of search determines portal choice then 

persistence in goals will show up as true state dependence.  Similarly, if each individual in a 

household uses a different search engine and individuals tend to do several consecutive tasks, 
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then individual brand preferences will be measured as true state dependence.  In both of these 

cases, spurious correlations will show up in the true state dependence variable.   

 I do find significant correlation in goals within a given session, but very little between 

sessions.  In particular, within a given session, two consecutive searches are 176% more likely 

to have the same goal than any two randomly selected searches for a given individual.  Across 

sessions, however, this result does not hold.  Two searches that occur in adjacent sessions are 

only 9% more likely to have the same goal than are any two randomly selected searches for a 

given individual.  This result is not significantly different from zero at the 95% level.  This 

suggests that if the measured true state dependence remains positive when within session 

activity is factored out, then it is unlikely that I only measure spurious correlation in goals.  

Furthermore, serial correlation in users in likely to be most pronounced within sessions.   

 For this reason, I focus on between-session loyalty in my analysis.  Table 5 shows that, 

as expected, within-session definitions of loyalty imply higher levels of loyalty and that the 

general results are robust to both weaker and stronger definitions of loyalty. 

INSERT TABLE 5 ABOUT HERE 

 Model 1 of Table 5 shows the results of the main model, used last session loyalty, on a 

random subset of 100 households.  Model 2 defines loyalty as a dummy variable for whether 

the previous visit to a portal was to that portal.  It includes within session visits. Model 3 uses 

Guadagni & Little’s (1983) loyalty measure, a weighted average of the variable used in model 

2.  This is the model that has the best explanatory power as measured by the log likelihood.  In 

model 4, I redefine Guadagni & Little’s variable to ignore within session activities. Model 5 

defines loyalty by a dummy variable for whether that portal was visited during the previous day 

that the household was online.  While the measured true state dependence falls as the visits 
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relevant to the loyalty variable are further back in time, it is always significantly different from 

zero at the 99% confidence level.  True state dependence is an important factor in this market. 

 While Guadagni & Little’s loyalty measure, used in model 3, has the most explanatory 

power, I focus on the used last session loyalty measure because of the concerns over within 

session serial correlation.  Abramson, Andrews, Currim, and Jones (2000) also find GL loyalty 

to be the best loyalty measure.  Figure 4 shows, however, that the general results of both 

models are the same.  It compares the distribution of the Z-statistics for the two loyalty 

measures.  While Guadagni & Little’s measure is generally larger than the used last session 

measure, the distributions are similar and are significantly positive roughly the same number of 

times.   

INSERT FIGURE 4 ABOUT HERE 

 Another possible identification issue is whether bad searchers search more often.  If bad 

searchers are more habit persistent than other users and they visit more websites, then any 

measure that uses the full panel will overestimate true state dependence.  In other words, what I 

identify as true state dependence may actually be incompetence.  Since most households in my 

sample display true state dependence, this is unlikely to be the case.  Furthermore, as the 

number of observations increases across households, the percentage of household observations 

that are searches decreases slightly (ρ=-0.192).  Therefore the bad searchers are not 

overweighted in the sample and do not bias the aggregated results.   

4.3 Impact of True State Dependence on Market Shares 

 Since portal visits are free, it is difficult to derive a monetary measure for the impact of 

true state dependence on users.  Table 6 provides measures of the impact of true state 

dependence and other variables on portal market shares.  These simulations do not control for 
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equilibrium behavior.  Therefore these results give an idea of the magnitude of the effects, but 

should be interpreted as elasticities rather than as prescriptions for strategic action. The 

probabilities were estimated using the estimated coefficients but altered data.  The second 

column of Table 6 shows the results if there is absolutely no true state dependence.  Yahoo 

loses 13% of its share, largely at the expense of the smaller portals and the outside good.  The 

differing impacts on Lycos and Iwon are particularly interesting.  Both portals have similar 

predicted shares.  When there is no true state dependence (loyalty in the bottom nest is always 

set to zero), Lycos’ share increases slightly while Iwon’s falls by 9%.  Iwon has more loyal 

consumers.  This may be a function of the loyalty programs that Iwon has established. 

INSERT TABLE 6 ABOUT HERE 

 The fourth column shows the importance of true state dependence to individual firms.  

For example, if households faced no true state dependence at Excite (loyalty in the bottom nest 

is set to zero at Excite only), but they did at the other portals, then Excite’s share would fall 

from 1.71% of the sample to 1.40% of the sample.  With standard errors on the order of one 

thousandth of one percent, these changes are statistically significant.  These numbers may seem 

small, but there were almost 45 billion relevant website visits over the course of the sample 

(using Plurimus’ data and their estimate of 43.3 million online households).  

 From the firm’s perspective, this implies that the insulating effects of true state 

dependence are quite high.  For example, without any true state dependence, Excite would lose 

an estimated 6.0 million visits per week.  If each visit were worth 4.01 cents, then Excite would 

lose $239,572 per week. These dollar values are included to give an idea of the absolute size of 

the demand elasticity.  They rely on several assumptions and do not represent equilibrium 

behavior.  However, these values are informative about the importance of true state 
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dependence.  For Yahoo the lost revenue would be $1,737,161 per week.  Column three of 

Table 6 shows estimated dollars lost per week to each website if there is no true state 

dependence (under the above assumptions on market size and dollar value per visit).  The ‘no 

own true state dependence’ simulations shown in column five give an idea of the insulating 

effects of true state dependence at a given portal.  All portals gain from locking in some of their 

customers, and the ‘no own true state dependence’ simulations estimate the size of that gain.  

Yahoo gains $2.1 million per week due to the true state dependence its consumers face.  At the 

other end of the spectrum, Infospace, Looksmart, and Google gain less than $40,000.  All of 

these substantial effects are biased toward zero by the lack of dynamics in the model. 

 Table 6 also reports the impact of a 10% increase in last search repeated.  This effect is 

small relative to the effect of true state dependence.  Even a 100% increase in last search 

repeated has an effect several times smaller than the effect of true state dependence. 

4.4 True State Dependence and Household Characteristics 

 Table 7 shows the results of regressing true state dependence coefficients on household 

characteristics.  The summary statistics of the measured household characteristics are in Table 

3.  Average education and % married come from census block demographics.  Other census 

block demographics such as average income, average age, and % renting were found to be 

uncorrelated with the loyalty coefficients.  The other variables in the regressions depend on the 

observed website habits of the households.  For example, if 10% of household i’s visits are to 

entertainment websites then % entertainment websites is equal to 0.10. 

INSERT TABLE 7 ABOUT HERE 

 Model 1 presents the main results of this section.  Model 1 contains all variables that 

satisfied F-tests for inclusion, excluding the potentially endogenous % search websites.  Model 

3 contains all variables that satisfied the inclusion tests with % search websites.  The R2 at the 
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bottom of each column shows that none of these models have much explanatory power.  This is 

consistent with Rossi & Allenby (1993) who found that most household characteristics do not 

explain coefficients well in a similar type of study. 

 The results of all models show that total time online over the entire sample is the most 

important included factor in true state dependence.  This result does not change if the log of 

total time online is taken. Households that spend more time online have higher true state 

dependence coefficients.  The questionnaire described earlier found that time online is a good 

proxy for experience.  Combining these two results suggests that more experienced users have 

higher true state dependence.  This is contrary to a common perception that new users are timid 

and afraid to switch, while experienced users are comfortable at any website.  Instead, it 

suggests that experienced users face true state dependence independent of abilities and 

preferences.  The following two explanations are consistent with this result.  First, more 

experienced users are more likely to personalize their web pages; however, only a small portion 

of the online population uses personalized web pages.  A second explanation is Johnson, Lohse, 

and Bellman’s (2000) concept of cognitive switching costs.  As a user’s comfort with a website 

increases, true state dependence rises.  

 There is an alternative explanation for the correlation between experience and true state 

dependence.  It is possible that users who spend more time online do so because they are not 

good at navigating the Internet.  Consequently, what appears to be experience is actually 

incompetence.  Model 5 in Table 7 explores this hypothesis by replicating model 1 with a 

different measure of experience.  In this model, I measure experience by the number of non-

search visits rather than total time online.  The qualitative effect does not change, and it is 

therefore unlikely that time online is measuring incompetence. 
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 Table 7 also reveals that households that visit more communication websites, more 

adult websites, more information websites, or more shopping websites have lower true state 

dependence.  In model 1, a one percent increase in visits to communication websites from the 

mean is correlated with the largest increase in true state dependence, 0.237%.  One percent 

increases in visits to adult, information, and shopping websites are correlated with increases in 

true state dependence of 0.116%, 0.0804%, and 0.0589% respectively. 

5. Conclusion 

 True state dependence matters in online markets.  Using a more flexible econometric 

framework than previous studies on state dependence, I have shown that true state dependence 

shelters portals from their competitors and can generate millions of dollars in extra revenue. 

 The existence of true state dependence in these markets partially justifies the land grab 

mentality that characterized the early period of Internet growth.  Theoretical models of true 

state dependence, in the form of switching costs, imply an early period of intense competition.  

True state dependence can ease long-run competition and create a barrier to entry. 

 From a strategic perspective, websites should look for ways to increase true state 

dependence, without turning off customers, in order to increase revenues and move to 

profitability.  Easy personalization and email are some techniques that websites can further 

develop, but they can also try to focus their attention on users who are more likely to display 

higher true state dependence such as more experienced users and users that visit more 

entertainment, information, and shopping websites.   
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APPENDIX:  VARIABLE DEFINITION DETAILS 

 As described in section 2.2, knowing the goal of search is important for knowing 

whether a search fails. I determined the goal of search by the category of the website following 

a visit to a portal, if that next website was visited within 5 minutes of the end of the portal visit.  

If the goal of the search is another portal, then the goal of the first search is considered to be the 

same as the goal of the second.  If no website is visited within 5 minutes of the end of a portal 

visit, then the search is considered to have no known goal.  The goals were divided into roughly 

100 overlapping categories including news, music, email, shopping for computers, and travel. 

 I define an online session end as a 15 minute break between website downloads.  It is 

important to identify sessions in order to derive used last session loyalty. 

 The view length at a portal is the time of departure minus the time of arrival (in 

seconds).  It is time spent during previous visits that is important for whether a household 

returns to that portal.  I focus on results from a one period lag on last view length.  More 

complicated functions of past time spent do not yield qualitatively different results. 

 I cannot identify search failure exactly, but I proxy it with a repeated search variable 

discussed in section 3.2. As with time spent, it is previous searches at a website that matter, and 

more complicated functions of past repeated searches do yield the same qualitative results.  

 How much time a household’s previous visit to a portal took and whether that search 

was repeated are only observed when the household has visited that portal previously in the 

data set.  Since many households visit a portal for the first time late in the data set, these 

variables are missing for a large number of observations.  I therefore created a dummy variable 

for missing data.  I also interact one minus the missing data variable with the view length of 
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previous search and the previous search repeated variables.  This overcomes the potential bias 

caused by the missing data.  This missing data dummy has no economic interpretation. 

 The variable total visits to destination proxies familiarity with the destination.  It is 

calculated as the total number of times a household visits the destination website in the sample. 

 I divide destinations into five types: information, ecommerce, communication, adult, 

and other.  I include these destination type dummy variables in the household-specific 

regressions (other is used as a base). 

 Based on the online habits of the households, I construct household characteristics: total 

time online and percentage of all website visits by that household in twelve categories.  

 One of the robustness checks for the loyalty variable uses Guadagni & Little’s (1983) 

measure.  This measure is defined as follows.  Let portsameijt=1 if household i visited portal j 

in its previous search and zero otherwise. Let GL loyaltyijt≡ωGL loyaltyijt-1+(1-ω)portsameijt.  

They calibrate ω based on dummies for lags of length 1 to 10.  Using one fourth of the data for 

the bottom nest, I estimated the model with 10 lagged dummy variables, and found the value of 

ω that minimizes ∑ , where β
= −

− −
10

1
1 ||

t t
t βω -t is the coefficient of the tth lagged dummy of 

portsame, is ω=0.782.  I hold this number constant for each household. 

 Like Keane (1997), I impose a value of zero on GL loyaltyij1, the first observation for 

each household.  This initial condition bias goes away through the law of large numbers. 

 The GL Loyalty for sessions variable is constructed similarly except that the most recent 

visit is considered to be the last visit of the previous session. 

 I define the portsameijt variable to depend on the previous portal visited of any kind, not 

just the previous of the main portals used in this study. Therefore, if a household visits Yahoo 

then Top9.com and then Yahoo again, portsameijt on the second Yahoo visit equals zero.
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ENDNOTES 

1.  Household-specific regressions are also less computationally intensive.  In order to estimate 

random coefficients models on my data set, I was limited to 6 firms and 100 households.  For 

the household-specific regressions, I used 18 firms and 2651 households. 

2. I assume that Ti is exogenous.  Therefore bad search experiences do not turn people off the 

Internet in general, but only away from portals toward other websites. 

3. The probability of choosing Portal j at time t is F(Xjtβ+αj+εij>Xktβ+αk+εkt) for all k≠j. 

Let Dh be a dummy variable for portal h: 

F((Xjt-Xkt)β+(Dj
jt- Dj

kt)αj+( Dk
jt- Dk

kt)αk>εik-ε ij) 

Now call Dh a part of X and α a part of β, and normalize by σ, the standard deviation of (εkt-εjt): 

F((Xjt-Xkt) 
σ

β >
σ

εε ijik −
) 

Panel studies assume that σ  is constant across households.  Under this assumption, the 

coefficients are comparable across households.  This argument does not hold in comparing 

panel random effects models. 

4. More details on Guadagni & Little’s loyalty measure are given in Appendix A. 

5. Advertising is typically paid on a per-view basis.  Using revenue data from J. Walter 

Thompson Company for nine portals from January to September 2000 and the visits data in this 

study, I find that the average portal gets 4.01 cents per visit.  I use this to calculate revenue 

changes.  The revenue effects may be even larger if advertising prices fall without true state 

dependence. 

 



TABLE 1 
Variable descriptions 

 
Variable Description Mean Standard 

Deviation 
BOTTOM NEST (Average Number of Observations=299.5)  
Same as Last Session 
Loyalty 

Dummy variable equal to one if went to the same 
portal during the previous online session 

0.0190 0.137

Last Search Repeated Dummy variable for previous search at a portal 
followed  
by another search 

0.106 0.307

Last View Length Length of time of the last search at a portal  57.1 171.4
Media Mentions Mentioned in major US media that day or the day 

before 
0.168 0.374

Missing Data Dummy variable equal to one if have not yet visited 
that portal 

0.491 0.500

Portal Dummy 
Variables  
(17 in total) 

Dummy variables for the portals in the data set N/A N/A

MIDDLE NEST (Average Number of Observations=19.5)  
Same as Last Session 
Loyalty, Fringe 

Dummy variable equal to one if went to the same 
portal during the previous online session 

0.0243 0.154

Other Portal Dummy variable equal to one if visit a fringe portal N/A N/A
TOP NEST (Average Number of Observations=679.0)  
Times Visited 
Destination 

Total times visited the destination website over the 
course of the sample 

390.0 1485.0

Information 
Destination 

Dummy variable equal to one if destination is news, 
sports, weather, women’s, technology or other 
general information 

0.00762 0.0870

Ecommerce 
Destination 

Dummy variable equal to one if destination is a 
shopping or an auction website 

0.288 0.453

Communication 
Destination 

Dummy variable equal to one if destination is email, 
chat, or other communication 

0.177 0.382

Adult Destination Dummy variable equal to one if destination is 
pornography 

0.185 0.388

Other Website  Dummy variable equal to one if go directly to 
destination 

N/A N/A

   



 
TABLE 2 

Summary statistics 
 

Portal % Share 
of all 
portal 
visits 

Average time 
spent at site 
(in seconds) 

% 
searches 
repeated 

% days 
with media 
mentions 

Altavista 4.0 109.7 11.9 5.2 
AOL 4.3 93.9 10.6 82.3 

Ask Jeeves 1.1 146.1 16.8 3.1 
Excite 5.1 93.4 10.1 15.6 

Go 2.0 138.9 10.1 15.6 
Google 0.6 104.9 18.6 0 
Go2net 1.5 280.3 11.1 3.1 

Goto 1.5 94.2 23.9 1.0 
Hotbot 1.8 90.3 18.8 1.0 

Infospace 0.6 161.9 17.6 2.1 
Iwon 2.6 152.0 14.8 1.0 

Looksmart 0.7 70.1 31.5 0 
Lycos 2.5 96.2 29.7 16.7 
MSN 17.4 116.7 9.7 6.4 

Myway 2.2 153.0 11.5 0 
Netscape 10.6 114.0 9.6 13.5 

Snap 1.7 91.0 13.0 7.3 
Yahoo 33.1 96.7 5.1 58.3 

Fringe Portals 6.7 193.1 15.3 0 
 



TABLE 3 
Summary statistics of household characteristics 

 
    Variable Observations Mean Standard Deviation Min Max
DATA FROM OBSERVED 
BEHAVIOR 

 

Total Time Online (seconds) 2651 164,344 231,017 10 4,571,000
Non-search visits 2651 679.0 1049.2 0 17,000
% Adult Websites 2651 9.86 16.46 0 100
% Brochureware 2651 3.09 5.43 0 100
% Classified Websites 2651 1.31 4.44 0 100
% Communication Sites 2651 2.37 16.20 0 100
% Entertainment Sites 2651 4.79 7.22 0 75.51
% Finance Websites 2651 4.93 10.31 0 100
% Information Sites 2651 8.83 10.30 0 100
% Search Websites 2651 29.80 16.0 0 100
% Shopping Websites 2651 6.18 7.46 0 100
% Technology Sites 2651 3.65 5.85 0 100
% Women’s Websites 2651 0.744 1.76 0 27.14
DATA FROM CENSUS BLOCK 
LEVEL INFORMATION 

 

Average Age 2650 38.74 8.55 13 71.30
Average Education 2648 13.85 1.42 8.9 16.10
Avg. Household Size 2646 2.53 0.369 1 3.88
Average Income 2646 46,582 22,174 4,999 190,132
% Married 2650 49.73 0.113 0 100
% Renting 2650 10.43 0.122 0 100

 



TABLE 4 
General model coefficients 

 
Variable Unweighted 

Mean of 
Coefficients 

Standard 
Error of 
Mean 

Standard 
Deviation of 
Coefficients 

Number of 
Households 

Number 
Significantly 
Positive at 
95% Level 

Number 
Significantly 
Negative at 
95% Level 

BOTTOM NEST  
Loyalty (Last Session) 1.19 2.22E-05 2.66 2361 1652 101
Last Search Repeated -0.191 3.77E-05 5.90 2214 188 365
Log(Last View Length) 0.0477 4.44E-05 0.560 2361 18 17
Media Mentions 0.0390 2.81E-05 2.13 2361 323 217
Missing Data 1 1.05 5.49E-05 3.62 2361 570 302
Altavista -1.61 3.24E-05 2.69 1367 177 744
AOL -1.58 2.94E-05 2.70 1507 169 869
Ask Jeeves -2.29 2.59E-05 2.40 829 55 546
Excite -1.65 3.69E-05 2.85 1304 175 727
Go -2.09 3.85E-05 2.73 1153 108 710
Go2net -1.87 2.21E-05 2.53 507 67 312
Google -2.16 3.25E-05 2.64 519 35 322
Goto -2.05 2.51E-05 2.72 1340 77 816
Hotbot -1.70 3.27E-05 2.45 1064 97 611
Infospace -2.40 2.74E-05 2.34 863 28 557
Iwon -1.75 3.33E-05 2.88 529 85 309
Looksmart -2.38 2.47E-05 2.15 851 25 553
Lycos -1.81 2.69E-05 2.48 1346 116 798
MSN -0.165 4.06E-05 3.42 2011 633 755
Myway -1.35 5.90E-05 3.67 432 82 225
Netscape -0.799 3.20E-05 3.45 1529 406 701
Snap -2.29 3.09E-05 2.53 639 49 418
MIDDLE NEST  
Loyalty (Last Session) 0.232 4.77E-05 4.89 1917 787 229
Other Portal -1.46 3.00E-05 2.35 1917 193 1028
σ 5.16 0.000268 10.35 1918 N/A N/A
TOP NEST  
Log(Times at Destination) -0.392 3.15E-05 2.97 2635 97 611
Information Destination 2.71 6.81E-05 5.83 2621 1712 89
Ecommerce Destination 3.02 6.58E-05 6.54 2591 1595 91
Communication Destination 2.52 6.11E-05 6.80 2532 1435 104
Adult Destination 3.06 5.81E-05 6.99 1888 1102 24
Other Website 0.861 7.02E-05 4.71 2635 1150 265
δ 5.52 2.22E-04 9.04 1918 N/A N/A
Log Likelihood -773.34 N/A 1329.45 2651 N/A N/A
# of Observations 998.03 N/A 1385.10 2651 N/A N/A

 All mean coefficients are significantly different from zero at the 99% confidence level



 
TABLE 5 

Robustness of true state dependence definition—using randomly selected group of 100 households 
 

Model Model Description % change in 
Yahoo’s share 
when Yahoo’s true 
state dependence 
variable equals 
zero* 

% change in 
Yahoo’s share 
when all true 
state dependence 
variables equal 
zero* 

Unweighted 
Mean 
Loyalty 
Coefficient* 

# 
Significantly 
Positive at 
95% Level 

# 
Significantly 
Negative at 
95% Level 

Log 
Likelihood 

Users for 
Loyalty 
Estimate 

Total 
Obs. 

1 Used previous session 
loyalty, standard model 

18.97% 14.39%      1.08 75 3 -35,050 88 75,575

2 One period lag loyalty, 
standard model 

26.40%       15.87% 0.774 74 2 -33,399 88 75,575

3 GL loyalty,  
Standard model 

41.71%       18.18% 1.63 75 3 -32,292 88 75,575

4 GL loyalty by session, 
standard model 

19.82%      7.45% 0.635 48 3 -35,493 88 75,575

5 Used previous day loyalty, 
standard model 

7.10%      1.67% 0.141 41 2 -35,825 88 75,575

  *all results in these columns are significantly different from zero at the 99% confidence level



TABLE 6 
Impact of variable changes on market shares (standard errors in parentheses) 

 
Portal Predicted Shares

(%) 
 Simulated 

Shares if there is 
No True State 
Dependence at 
all (%) 

Estimated Weekly 
Revenue Change 
to Portals if there 
is No True State 
Dependence at all1 

Own Simulated 
Shares if there is 
No Own True 
State Dependence 
in Full Model (%) 

Estimated Weekly 
Revenue Change to 
Portals if there is 
No Own True State 
Dependence1 

Market Share 
after 10% 
Increase in Own 
Repeated 
Searches (%) 

Altavista 1.29 (0.00841) 1.18 (0.00872) $140,016 (1.37) 1.09 (0.0737) $256,193 (8.39) 1.29 (0.00910)
AOL 1.41 (0.00860) 1.37 (0.00832) $51,858 (1.35) 1.23 (0.0357) $229,656 (4.15) 1.41 (0.00754)
Ask Jeeves 0.329 (0.00324) 0.336 (0.00312) -$9,328 (0.508) 0.294 (0.00357) $45,172 (0.545) 0.329 (0.00381)
Excite 1.69 (0.00527) 1.50 (0.00525) $239,572 (0.841) 1.40 (0.00353) $372,871 (0.718) 1.68 (0.00437)
Go 0.616 (0.00723) 0.591 (0.00656) $31,468 (1.10) 0.534 (0.00591) $104,854 (1.06) 0.616 (0.00743)
Go2net 0.498 (0.00486) 0.488 (0.00501) $13,262 (0.789) 0.454 (0.00348) $56,294 (0.676) 0.496 (0.0121)
Google 0.205 (0.00363) 0.203 (0.00333) $2,835 (0.558) 0.180 (0.00365) $33,007 (0.569) 0.205 (0.00749)
Goto 0.456 (0.00726) 0.473 (0.00626) -$21,797 (1.08) 0.424 (0.0122) $40,201 (0.919) 0.455 (0.00521)
Hotbot 0.601 (0.00449) 0.601 (0.00443) $1,069 (0.713) 0.550 (0.0143) $66,339 (1.47) 0.600 (0.00536)
Infospace 0.183 (0.00398) 0.201 (0.00388) -$23,046 (0.628) 0.173 (0.0111) $12,223 (1.68) 0.183 (0.00650)
Iwon 0.838 (0.00442) 0.762 (0.00424) $96,996 (0.692) 0.709 (0.00679) $165,356 (1.35) 0.838 (0.00876)
Looksmart 0.202 (0.00333) 0.212 (0.00323) -$12,192 (0.524) 0.190 (0.00348) $15,457 (0.855) 0.202 (0.00336)
Lycos 0.819 (0.00572) 0.822 (0.00541) -$2,884 (0.891) 0.748 (0.00365) $91,952 (0.768) 0.818 (0.00417)
MSN 5.62 (0.0140) 5.01 (0.0138) $774,616 (2.23) 4.71 (0.0121) $1,161,248 (2.10) 5.59 (0.0121)
Myway 6.92 (0.00437) 0.638 (0.00484) $69,332 (0.737) 0.608 (0.0143) $107,668 (1.69) 0.692 (0.0167)
Netscape 3.45 (0.00928) 3.11 (0.0106) $441,141 (1.60) 2.96 (0.0111) $627,260 (1.64) 3.44 (0.0122)
Snap 0.564 (0.00410) 0.528 (0.00408) $44,948 (0.654) 0.494 (0.00679) $88,566 (0.897) 0.564 (0.00681)
Yahoo 10.60 (0.0132) 9.22 (0.0142) $1,737,161 (2.19) 8.93 (0.0933) $2,110,762 (10.66) 10.57 (0.0112)
Other Portal 1.97 (0.00715) 2.09 (0.00271) -$156,378 (0.865)
Other Website 68.05 (0.0122) 70.66 (0.0121) -$3,418,667 (1.95)

 
 

                                                 
1 Assumes 43.3 million online households during relevant time period and a value to the websites of 4.01 cents per visit. 



TABLE 7 
OLS regressions of loyalty coefficients on household characteristics 

(standard errors in parentheses) 
 

Variable Model 1 Model 2 Model 3 Model 4 Model 5
Total Time Online 8.46e-07***

(2.15e-07)
8.29e-07***
(2.17e-07)

7.73e-07***
(2.14e-07)

8.25e-07*** 
(2.17e-07) 

Non-Search Visits  0.000234***
(0.0000498)

% Adult Websites 1.69***
(0.354)

1.84***
(0.378)

0.4531
(0.314)

1.03 
(1.18) 

1.27***
(0.373)

% Brochureware 2.17**
(0.929)

2.30**
(0.938)

1.50 
(1.45) 

2.02**
(0.927)

% Classified Websites 0.595
(1.13)

-0.162 
(1.54) 

% Communication Websites 1.44***
(0.359)

1.55***
(0.375)

0.760 
(1.15) 

1.23***
(0.364)

% Entertainment Websites 0.478
(0.728)

-0.301 
(1.30) 

% Finance Websites 0.668
(0.520)

0.832
(0.544)

.0701 
(1.19) 

0.519
(0.522)

% Information Websites 1.31**
(0.521)

1.43***
(0.536)

0.636 
(1.23) 

1.06**
(0.523)

% Search Websites -1.43***
(0.323)

-0.831 
(1.15) 

% Shopping Websites 1.37**
(0.689)

1.45**
(0.701)

0.653 
(1.31) 

1.17*
(0.688)

% Technology Websites 1.22
(0.857)

1.33
(0.863)

0.535 
(1.40) 

1.02
(0.857)

% Women’s Websites 2.90
(2.82)

2.08 
(3.05) 

Average Education 0.0652*
(0.0344)

0.0656*
(0.0347)

0.0604*
(0.0343)

0.0630* 
(0.0348) 

0.0598*
(0.0344)

% Married 0.0230
(0.439)

0.0607 
(0.442) 

Constant -0.833
(0.508)

-0.971*
(0.584)

0.477
(0.497)

-0.177 
(1.25) 

-0.636
(0.506)

  
N 2649 2649 2649 2649 2649
R Squared 0.0202 0.0208 0.0190 0.0210 0.0226

Model (1) contains all variables that satisfied F-tests for inclusion without the potentially endogenous % Search Websites variable. 
Model (3) contains all variables that satisfied F-tests for inclusion. 
*** significant at a 99% confidence level  
** significant at a 95% confidence level  
* significant at a 90% confidence level 


