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Abstract

The phenomenon that a ‘little’ topic can make a big
difference is called ‘The Tipping Point’. As a strategy
for marketing, this phenomenon could be a great eco-
nomic chance (opportunity). For instance, it is a good
strategy to promote items associated with a certain fash-
ion. The Tipping Point refers to a situation where the
topic matches potential needs of customers. In this pa-
per, we analyze the mechanism of The Tipping Point
in the context of the WWW, and present an algorithm
named ‘Expected Activation’ for discovering promising
new topics on the WWW.

1 Introduction

It often occurs that a new topic becomes suddenly pop-
ular. We understand ‘topic’ in the broad sense that cov-
ers fashion, an item, a song, food, and so on. The topic
may seem insignificant at first sight, however, it may
turn out to match potential needs of customers. The
Tipping Point describes this kind of phenomenon where
a ‘little’ (insignificant, marginal) topic makes a big dif-
ference [1]. For example, how does a novel written by
an unknown author become a national bestseller? Why
did the crime rate drop so dramatically in New York
City in the mid-1990’s? Malcolm Gladwell answers to
these questions as follows [1]:

[. . ] ideas and behavior and message and prod-
ucts sometimes behave just like outbreaks of
infectious disease. They are social epidemics.
The Tipping Point is an examination of the
social epidemics that surround us.

We are deeply confused by changes that happen sud-
denly. However, since we cannot completely decode the
world surrounding us, we cannot know the chances and
their mechanisms in advance. Considering this situa-
tion, The Tipping Point could be a big chance as a
marketing strategy:

e Discovering chances could be an enormous advan-
tage in our highly competitive world.

e Discovering chances may guarantee more safety,
because we can avoid selling items that damage
us severely.

*e-mail:matumura@miv.t.u-tokyo.ac.jp

The WWW is an attractive information source be-
cause of its sheer size and sensitivity to trends. In this
paper, we present an algorithm called Expected Ac-
tivation for discovering promising new topics on the
WWW.

Discovering chances is different from predicting top-
ics that will be popular in the future. The predicted
topics will come into fashion to a certain extent. On the
other hand, chances cannot come into fashion without
one’s action, e.g., promotion. That is, the active role of
people is necessary for realizing the chances. The merit
of discovering chances is that competitors are not aware
of them. Previous data-mining methods in Knowledge
Discovery in Databases (KDD) treat chances as noise
for their rareness, so that promising new topics cannot
be extracted.

A recent example of a chance is the use of cellular
phones which spread exponentially all over the world.
Because cellular phones were very rare before, pocket-
bells were mainly used. Nobody predicted that cellular
phones would become such a great sales hit. Consid-
ering the context of the appearance of cellular phones,
there are essentially two factors which match people’s
potential needs. First, a pocket-bell was inconvenient,
because people had to find a public phone when a
pocket-bell rang. On the other hand, a cellular phone
can be reached from anywhere. Second, a cellular phone
is equipped with the functions of the Internet and E-
mail services. Due to the synergy effects of these factors
satisfying the user’s potential needs, cellular phones be-
gan to get popular.

Needless to say, prediction is an important activity.
In the case of determining where a new store should
be built, the owner often predicts the estimated sales
by analyzing various data, e.g., population or the ratio
of young people. However, this form of prediction can-
not find more (economically) relevant relations between
customers and items (products). In another case, pre-
diction is used for determining what items should be
sold [2]. However, it is hard to find potentially needed
new items, because new items are hardly detected from
the sales in the first place. Although prediction might
allow for simple estimations of potential needs, with a
more detailed knowledge of potential needs (e.g., the
relations between goods and customers), a shop man-
ager could make more accurate strategic estimations.
Of course, you might find out the potential needs of



customers if you conduct a survey of the needs of a
large number of people. However, because of the short
time span of (some) needs, this kind of survey would
have to be done quite frequently, which is usually too
costly. Therefore, the approach of discovering chances
from data is much more beneficial for us.

The idea of discovering chances can be explained by
an ‘activation model’ rather than a social epidemics re-
ferred to in The Tipping Point. The basic assumption of
this model is that chances (e.g., promising new topics)
are activated by human needs. This model is similar
to KeyGraph [3], which was originally developed as a
keyword extracting algorithm. KeyGraph makes use of
the co-occurrence graph of terms in a document for ex-
tracting keywords. It assumes that a document consists
of basic concepts from which assertions are activated.
The difference between KeyGraph and the Expected
Activation algorithm is that KeyGraph retrieves topics
by micro-scale such as words, whereas our goal is to
retrieve topics by macro-scale like web pages.

The rest of the paper is organized as follows. In Sec-
tion 2, we describe how to discover web pages which
contain potential customer needs by applying the acti-
vation model to the WWW. A more detailed descrip-
tion of the mechanism of Expected Activation is given
in Section 3. In Section 4, we report on our experimen-
tal evaluation. Section 5 concludes the paper.

2 How to Discover Chances?

In this section, we apply the idea described above to
the WWW. More precisely, we aim to reveal how our
mechanism detects chances (promising new topics) on
the WWW.

First, we discuss what kind of web pages can be seen
as containing actual needs. Recent search engines like
Google [5] make use of the web’s link structure (this
technology is described in [4]). The value of impor-
tance (quality) of a web page is given as the number
of citations from other pages (backlinks). The idea of
using citations (backlinks) to evaluate the importance
of web pages is based on social filtering [6]. Highly
ranked web pages play a vital réle in the WWW, there-
fore we call them authorized-pages. In the case where
authorized-pages are linked with each other, we treat
these pages as a community. A community is a big
chunk of actual needs. In our view, chances are hidden
between different communities.

Second, we mention the effects of activation of web
pages originating from different communities. Consider
a web surfer’s next action starting from an authorized-
page within a community, he/she will probably go to a
page cited therein by tracing its link. A web page much
cited (activated) across different communities will be
visited repeatedly. However, such page is then in trend,
so we call it a trend-page. On the other hand, a web
page cited (activated) only a few times by some com-
munities is not currently in trend, as some communi-
ties disregard it. Even though it might be a trivial web
page, the page surely matches a potential need as some
members of some community cite (activate) it. Accord-
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Figure 1: Illustration of authorized-pages, communities,
trend-pages, and chance-pages.

ingly, we call it a chance-page. Our eventual aim is to
discover chance-pages that are supported by different
communities. Our categorization of web pages for dis-
covering promising new topics is graphically explained
in Fig. 1.

The threshold of ‘activation level’ (number of times
a certain web page is cited by different communities)
could not be set to a certain value in advance because
it depends on the scale of communities. In Expected
Activation, (potential) chance-pages are extracted until
the activation level reaches more than two by adding
a community step by step, because a web page with
activation level one is considered to have only too weak
potential needs.

3 The Expected Activation Algorithm

Expected Activation is an algorithm for discovering
chance-pages from the WWW by making use of the
web’s link structure. The algorithm is based on the ac-
tivation model described in Section 1. The process of
Expected Activation consists of five phases.

Phase 1: Input query and collect Web pages.
Input queries composed of some keywords about
the user’s area of interest, and download the first
100 web pages for the query by using existing
search engines. Our aim is to discover chance-pages
supported by different communities, therefore we
must input keywords from different areas.



Phase 2: Collect authorized-pages. Analyze the
citations in web pages downloaded in Phasel, and
collect much cited web pages as authorized-pages.

Phase 3: Form communities.
Regard the authorized-pages that contain links to
each other as a community.

Phase 4: Extract trend-pages. Regard much cited
web pages from different communities as trend-

pages.

Phase 5: Discover chance-pages.
Discover web pages rarely cited from communities
as chance-pages.

There is a variety of search engines which consider-
ably differ in the way they rank retrieved pages. Since
their internal ranking algorithm is mostly not open, we
must treat the algorithm as a blackbox. In this paper,
we experiment with Google! because its ranking algo-
rithm is published. In the following, we give a brief
overview of Google:

e Google searches web pages with the ‘PageRank’
criterion which selects web pages by importance
and quality.

e PageRank is acquired by analyzing citations, back-
links, and tags of web pages recursively.

Though Expected Activation uses only links in the
WWW, Google gives us much benefit because the idea
underlying Google is similar to Phase 2 in Section 3.
Another benefit of using Google is that the web pages
Google retrieves tend to be the most representative web
pages of communities. Therefore, we do not have to
form communities in Phase 3 of Section 3. That is, we
use Google to process Phase 2 and Phase3.

4 Experimental Evaluations

We implemented a prototype of the Expected Activa-
tion system named Chance Finder on a Sun ENTER-
PRISE 450 workstation with perl5 and Perl/Tk.

It is difficult to evaluate the accuracy of chance-pages
as a marketing strategy (see Section 1), because we can-
not relate chance-pages to actual user needs easily. In
this paper, we consider using questionnaire surveys for
our experiment. The purpose of the questionnaire sur-
veys is to identify the chance-pages’ effects to the test
subjects. This process can be explained as follows:

1. Input queries composed of some keywords to both
Google and Chance Finder.

2. Show Google’s search result to the test subjects,
and let them report their thoughts about “Can you
realize a chance?”.

3. Show the result of Chance Finder to the test sub-
jects, and let them report their thoughts about
“Can you realize a chance?”.
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Figure 2: An output of Chance Finder for input query
{?Electronic Commerce” OR ” Artificial Intelligence” }.

4.1 An Example of Chance Finder

In this subsection, we show an example experiment
where chances are detected from the border area be-
tween EC (Electronic Commerce) and AI (Artificial
Intelligence). The source web pages are collected by
inputting queries ({“Electronic Commerce” OR “Ar-
tificial Intelligence”}) alternatively into Google, since
Google does not support the logical “or” operator.
Fig. 2 shows the result of Chance Finder for input
query is {“Electronic Commerce”} OR {“Artificial In-
telligence” }. In Fig. 2, the circle nodes, square nodes,
and triangle nodes stand for authorized-pages, trend-
pages, and chance-pages, respectively, and the arrows
denote links from authorized-pages to chance-pages.

As can be seen from Fig. 2, we can recognize that
two different authorized-pages play significant roles
for citing the same chance-pages which are not au-
thorized in general. One of the authorized-pages is
1) ecommerce.about.com? that contains EC reports,
statistics, technologies, and a variety of tips. The an-
other authorized-page is 2) mpboards.htm? that covers
almost all of the AI area. Those two authorized-pages
strongly refer to three trend-pages: 3) index.htm?*, 4)
index.htm®, and 5) submit.htm. 3) and 4) are repre-
sentative index pages of the About.com domain which
provide a variety of sites led by expert guides. Re-
cently, About.com sites are rapidly growing. In fact,
according to the survey on ‘Portals leapfrong up Media
Metrix chart of the Web’s top sites’ in December 1999,
About.com is described as follows [7]:

Excite@Home Corp., NBC Internet Inc. and
About.com Inc. are on the rise, according to
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the latest traffic numbers from Internet mea-
surement firm Media Metrix Inc.

5) is a homepage of PERKINS COIE LLP which is one
of the largest law firms. Digital signature is a core tech-
nique for the security of EC, therefore the knowledge of
the laws about digital signature is necessary. There-
fore, 3), 4) and 5) are surely catch the present trend
in the area of EC and AI. Moreover, the authorized-
pages suggest five chance-pages (here, chance-pages are
restricted to more than activation level two, because
of 2.): 6) index.htm?, 7) index.htm?®, 8) index.htm?, 9)
index.htm!?, and 10) index.htm!!. Each of 6), 7), 8),
9), and 10) is created by the people who have a strong
sense of religion, affiliates, travel, people, and internet,
respectively. Considering these pages from a chance
discovery point of view, we inspire the following ideas:

e Al might apply to improve the design of the web
sites attractively.

e Al might apply to travel planning.

e Al might apply to consumer targeting for EC.

4.2 Evaluations on Questionnaire Surveys

We conducted questionnaire surveys to identify the
chance-pages’ effects to the three test subjects, whose
reports can be summarized as follows:

Google

e I had to read all the web pages to see the picture
of the results.

e It was hard to find chances because the contents of
the results should have been compiled.

Chance Finder

e [ easily found the border areas between the com-
munities and could focus on a few profitable web

pages.

e The arrows often gave us triggers to convert con-
tents into chances.

e Chance Finder is an unprecedented system, be-
cause it focuses not only on authorized web pages
but also on non-authorized web pages.

To summarize the reports, we observed that chances
are recognized only after presented consciously and ex-
plicitly, since we could not compile the contents of
many web pages well. From a chance discovery point of
view, Chance Finder’s results are more beneficial than
Google’s outputs, because Chance Finder cuts the extra
information and shows the relations among authorized-
pages and chance-pages.
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5 Conclusion

In this paper, we describe the idea of discovering
promising new topics on the WWW, and propose the
Expected Activation algorithm to automatically re-
trieve pages that contain material about new topics.
From the point of view of chance discovery, we can show
that the results of Chance Finder are more profitable
than Google’s outputs. Experiments have been per-
formed based on questionnaire surveys.

Nowadays, the WWW is one of a most important
and vast information sources, and will be more so in the
future. In this context, the web is a good starting point.
Discovering chance-pages could be a major economic
factor in our highly competitive world.

As future work, we consider acquiring new customers
by promoting the chance-pages to the community, and
plan to apply Chance Finder to a consumer targeting
technique of online advertisement|8].
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