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SUMMARY
We describe an index for estimating the level of
interest in Web pages. This “time-based interest” (TBI) index
combinates an equation reﬂecting page accesses and an equation
reﬂecting the decrease in interest over time. These equations
work simultaneously by using a parameter that is based on the
time since the last access. We experimentally estimated the decrease ratio of the TBI index and evaluated the characteristics of
the TBI equation. We found that the index follows Zipf’s distribution, indicating that reﬂects the change in popularity. We also
introduce an access-log analysis system called CyberRanking that
includes TBI analysis. CyberRanking analyzes the access logs of
Web servers and presents the results in 2-D or 3-D graph on a
Web browser.
key words: access log analysis, time based interest, World Wide
Web, visualization

1.

Introduction

As commercial use of the Internet has grown, so have
the demands for determining the value of World Wide
Web sites and the popularity of Web pages. Existing
indices such as page view (the number of the times a
Web page is viewed), Visit (the muber if time a page
is viewed distinguished from from the next by a ‘timeout’.), and “the access path of a user” can be determined from the access logs of Web servers. Analyzing
of these indices is used for one-to-one marketing or for
personalizing Web pages. However, the calculation of
these indices does not take into account the sequence
of time-stamps in the access logs, so this analysis is not
suﬃcient for determing the level of interest users have
in the contents of the site.
Current services such as searching (e.g. Yahoo! [1]),
site ranking (e.g. 100hot.com [2]), and personalization
(e.g. MyYahoo! [3]) also do not use the sequence of timestamp in their access logs. It is thus diﬃcult to determine the degree if user interest in their pages.
We developed an index for Web pages that makes
use of the sequence of time-stamps in the access logs.[4].
This “time-based interest” (TBI) index is deﬁned as the
sum of two equations, each with a variable representing
when the page was last accessed. We have now applied
this index to a directory service and evaluated its usefulness.
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We have also developed the CyberRanking directs
users to pages of potential interest, enables real-time
analysis by retrieving access logs stored in databases,
and allows easily customized analyses. The CyberRanking visualizaton system was designed to analyze
access logs based on the TBI index.
2.

Time-Based Interest Index

The index reﬂects the popularity of the Web is timebased interest (TBI). The index for a page goes up every
time the Web page is accessed. It goes down over time
as the page contents become outdated.
2.1 Calculation of TBI
The TBI index Fn is the sum of the increase in the
number of accesses and the decrease in accesses over
time:
Fn = g(δt) + h(δt)Fn−1 ,

(1)

where n is the number of accesses to a page, t is the
time, g(δt) is the increase value and h(δt) is reduction
ratio, and δt is the time span between the n − 1-th and
n-th accesses (δt = tn − tn−1 ).
For a period in which no user accesses the page,
F (t) at time t is given by
F (t) = h(δt)Fn ,

(2)

where δt = t − tn−1 , t is the time between accesses
(tn < t < tn+1 ), and δt is the time since the page
was last accessed (δt = tn − tn−1 ). Figure 1 shows
an example of how a change in interest over time is
reﬂected in the TBI index shown as F (t) and as its
discrete form Fn . Figure 2 shows how the TBI index
is calculated. The URLs of the individual pages to be
audited are extracted from the server’s access log. The
TBI index is calculated as a function of the elapsed
time, and the current value stored in a repository.
2.2 Increase Equation
The increase equation for the TBI index shows how
it increases every time a user accesses the page. This
equation is used only when a page for which a TBI
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index is calculated.
We deﬁned two requirements for increase equation
g(t). 1) Do not decrease the index value. 2) When the
time between accesses is zero (i.e., simultaneous access),
increase the index by the maximum amount.
g(t) > 0
g(0) = max(g(t))(const.)
g  (t) ≤ 0

(3)

The value calculated depends on time parameter
δt and the value calculated when the page was last accessed. In this paper, we set g(t) as a constant.
g(δt) = const.

(4)

In future work we will calculate it.
2.3 Decrease Equation
2.3.1

h(0) = 1
h (t) ≤ 0
h (t) ≥ 0

This equation reﬂects how the level of interest in certain
information declines due to decreasing usage, obsolescence, and decreasing interest.
2.3.2

Decreasing Usage of Information

Because users access pages to get information, their
contents should be kept up to date or deleted when they
become out of date. Libraries have a limited storage
capacity, so deciding which books to keep and which
to dispose of to make room for new ones is always a
problem. Cole [6] showed that the usage of periodicals
in a library decreases exponentially with time:
R(x) = R(N )e−Lx ,

Overview

The decrease equation is used to calculate how much
the interest level in a page has declined. We deﬁned
three requirements for decrease function h(t). 1) It
should reduce index monotonouslly. 2) The reduction
ratio must be positive. 3) Do not decrease the index
value when users access the page simultaneously.
0 ≤ h(t) ≤ 1

(5)

(6)

where R(x) is the number of requests for magazines
published x years ago, R(N ) is the total number of
requests for all magazines and N and L are constants.
2.3.3

Obsolescence

Information becomes outdated, so it has a certain life
span. Griﬃth et al. [7] investigated the range of dates of
documents cited in theses and found that the number
decreased exponentially over time. We can thus say
that the interest level in information goes down as the
information becomes obsolete over time.
2.3.4

Decreasing Interest

Rumors, trends, and current events can cause a rapid
increase in interest levels in the short term. However,
people soon lose interest. Cognitive science research
has shown that memory decays through disuse. The
“retention ratio of memorization” is exponentially related to elapsed time, t [8]:
R(t) = R(∞) + {R(t) − R(∞)}e−αt ,
Fig. 1 Example of how change in interest over time is reﬂected
in the TBI index.

Fig. 2

(7)

where R(∞) is the constant as t → ∞ in R(t), and α
is the reduction ratio.

Calculation of TBI index.
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2.3.5

for each access, i.e., at a as constant (g(δt) = 1). The
TBI index at any time t after the n-th (n is a natural
number) access to a page:

Reduction Ratio Equation

The decrease equaton can thus be shown as an exponential equation of elapsed time. It shows the reduction
ratio of the TBI.
Because we set h(0) = 1 (Eq. (5)), reduction ratio
function is:
h(δt) = e−αδt

(8)

where α is the reduction ratio, and δt is the time since
the last access.
2.4 Estimation of Reduction Ratio
We have experimentally estimated the reduction ratio
by using the logs of the full-text search engine in NTT
DIRECTORY [5], a popular portal site in Japan. The
keywords entered by users were assumed to reﬂect the
topics of interest. The total number of keywords entered for a topics was assumed to reﬂect the level of
interested for all users. The reduction ratio was assumed to be the reduction in the ratio of queries for a
event against all queries.
The keywords related to a topics were identiﬁed
using a thesaurus. The set of Japanese words related
to “election” was used to estimate the reduction in interest. Elections are held periodically and capture people’s attention, but the quickly lose it after the vote are
counted, so they are a suitable example for estimating
the reduction.
Because the interest in an election usually falls
when the results are announced, the reduction ratio can
be estimated as the reduction ratio of keywords submitted to retrieve Web pages about the election. The
number of keywords submitted depends on the measurement period. To exclude this eﬀect, we based our
estimation on the access-share, that is, the ratio of target keywords to total keywords within a certain period
(one hour).
Access − share =

(N umber of target keywords)
(N umber of all keywords)
(9)

F (t) = Fn e−0.2765δt ,

(11)

where δt = t − tn . The TBI index at the time of the
n-th (n is natural number) access to the page is:
Fn = 1 + Fn−1 e−0.2765δt ,

(12)

where δt = tn − tn−1 .
2.6 Experimental Evaluation
We tested whether the TBI index can substitute for
page view, the metric commonly used to rank Web sites
by their number of accesses. A study on the popularity
of Web documents [9], using page view as the metric,
showed that the number of accesses to documents related to their overall rank in popularity followed Zipf’s
law [10].
We investigated whether the TBI index also follows
Zipf’s law. We used the access logs of NTT DIRECTORY from March 23 to June 9 1999. The directory
included about 230,000 links at that time. We computed the TBI and page views indices of each URL.
The results are shown as a dual-logarithmic diagram
in Fig. 4. Each data point represents one page, with

Fig. 3

Change access-share over time following an election.

Figure 3 shows the change in the access-share for
an election over time following the election. Given
Eq. (5), the series of plot points was normalized so that
the peak is at h(0) = 1. The reduction ratio equation
is:
h(δt) = e−0.2765δt .

(10)

2.5 TBI Equation
Based on the discussion in Sect. 2.2, we set the increase
function so that the TBI index increases by one point

Fig. 4 Comparison of distributions between TBI and Page
View indices.
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Fig. 6 Usage ratio of ﬁve sorting functions in NTT
DIRECTORY.

Fig. 5

Application of the TBI index to NTT DIRECTORY.

Fig. 7

the x axis showing the pages sorted according to their
popularity by the indices. The x-y plots are very similar, and their equations shows that both distributions
follow Zipf’s law.

3.

Components of CyberRanking.

CyberRanking Access-Log Analysis System

3.1 Overview
TBI index:
y = 7927.8x−0.6857
R2 = 0.9943

(13)

Page view:
y = 7571.1x−0.6691
R2 = 0.9923

(14)

In each equation, x is the rank ordered by each index,
y is the value of the index. The TBI index can thus
be used as an index for rating the popularity of Web
pages.
2.7 Application of the TBI
We applied the TBI index to NTT DIRECTORY.
Three diﬀerent parameters of the decrease ratio were
used to determine the variation in ranking. The hyperlinks in Fig. 5 were sorted by the TBI index computed
with Eq. (12). This site has ﬁve sorting functions: by
date, by title, by the TBI index, by URL, and by number of bookmarks stored in this site. As shown in Fig. 6,
the TBI index was used the most for sorting.

The CyberRanking access-log analysis system we developed uses the TBI index and statistical analysis.
As shown in Fig. 7 it has three modules. A loggathering module collects the access logs of the target
Web servers. An analysis module in the CyberRanking
server analyzes the indices. A visualization module in
the CyberRanking prepares the results for display on
the user’s browser.
3.2 Log-Gathering Module
This module has two functions. A log-cut function is
installed in the Web servers to analyze their access logs.
It also sends the access logs of the servers to a directory where the CyberRanking server can obtain them
by HTTP requests. This is necessary because access
logs are usually generated in a directory that cannot
be accessed by an HTTP requests.
A log-gather function is installed in the CyberRanking server to gathers the access logs sent by the
log-cut function. It collects the site map and page titles
of the target servers by sending “robots” to the servers.
The data obtained is processed by an application server
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Table 1

Indices analyzed by CyberRanking.

Fig. 9

Fig. 8

Example of displayed result (2D).

(WebBASE [11], [12]) and stored in a database.
3.3 Analysis Module
The indices analyzed by the analysis module are listed
in Table 1. They are classiﬁed according to time, such
as the time of day or day of the week.
3.4 Visualization Module
This module prepares the analyzed data for display
by a Web browser. Figures 8 and 9 show examples
of displayed results. The user interface is written in
JavaScript, the graphs are produced using VRML. This
module can produce both 2-D and 3-D graphs.
4.

Discussion

Example of displayed result (3D).

a contents based on the scores already assigned by other
users. Kobayashi et al. [15] proposed a recommendation technique based on information the user selected.
However, the neither change in interest over time was
considered.
The only parameters needed to calculating the TBI
index is the time since the last access and the index at
that time. Because it is easy to calculate, it is superior
to the other methods in terms of scalability.
The TBI index equation deﬁned in this paper is experimental; there are several problems still to be studied. 1) In estimating the reduction ratio (Sect. 2.4), we
used concentrated access in a short period. A more
generalized reduction ratio is required. 2) The increase
equation was set to a constant in this paper; it may also
be an function of time; because a concentrated number
of accesses may reduce the level of interest. 3) We did
not consider the eﬀect of revising or renewing the page
contents on the TBI index. 4) Selecting suitable parameters to represent the characteristics of the users
and pages is diﬃcult and requires further study.
4.2 CyberRanking
CyberRanking presents a visualization of how Web
pages are used, which can be useful for navigation.
CyberRanking can work with OLAP (online analytical
processing) systems, because it uses WebBASE, making it easy to retrieve their databases and handle them.

4.1 TBI Index

5.

Related work on access-log analysis falls into two
groups, 1) keyword-based interest, 2) user-based interest. For 1), Nomiyama et al. [14] proposed a ranking method that uses an index based on the weight
of key words in a document and the frequency of access to them. However, the weight given to contents
by the function at time is not considered. For 2),
Shardanand and Maes [13] evaluated methods of forecasting the scores that individual users would assign to

The time-based interest (TBI) index was designed to
reﬂect the popularity of Web pages. The equation and
functionality are also discussed. Moreover, We estimated the reduction ratio of the TBI as an exponential
equation of the time span from the last access to the
page. Experimental evaluation of the TBI index showed
that is obeys Zipf’s law, as does the number of accesses
to pages. The CyberRanking visualizaton system was
designed to analyze access logs based on the TBI index.

Conclusion
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