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Summary
When one tries to use the Web as a dictionary or encyclopedia, entering some single term into a
search engine, the highly-ranked pages in the result usually contain many irrelevant or useless sites.
The problem is that single-term queries do not contain enough information to specify exactly which
sort of pages the user wants. For the analogous problem in TREC, Buckley et al. (1996) have
proposed query expansion, also known as pseudo-feedback or two-stage retrieval. In this method the
top n documents returned by an initial retrieval are added to the query, which is then used for a
second retrieval. This paper contributes, first, new normalization techniques for query expansion,
and second, a new “local relevance density” metric which complements the vector product metric
for computing similarity between an expanded query and a document. Both of these techniques are
shown to be useful for single-term queries in Japanese over the World Wide Web.
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1 Introduction

The Web (World Wide Web) contains massive
amounts of information of every kind, constantly
updated. We can access this information at home
or from the office, for any purpose, and have come
to rely on it more and more in place of tradi-
tional information sources. For example, when
we want to investigate the meaning of a term, we
frequently search for pages which describe or ex-
plain that term on the Web, instead of looking it
up in a dictionary or encyclopedia.
However current search engines are not opti-

mized for this use. Most models for information
retrieval presuppose that the query contains suf-
ficient information to meaningfully compute the
similarity between the query and each document,
but for single-term queries this is often not the

case. Thus the user typically has to refine his
query, over several steps, adding terms to narrow
the retrieval result to the sort of pages he wants.

In this paper, we present Perrie, a prototype
‘term search engine’. Perrie is designed to sup-
port the encyclopedic use of the Web, and its key
techniques are automatic query expansion and
evaluation of the relevance of web pages as pro-
viding explanation or discussion of specific terms.
Our aim is similar to that of Sakurai’s [1] work,
in that he was also interested in finding term ex-
planations in Japanese on the Web, but he re-
lied on syntactic pattern matching, and sought
to find only pages containing definitions. In our
study, the purpose of search is assumed to be not
merely discovery of a term definition but more
generally finding descriptions and explanations of
that term.
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2 Search Engine Basics

2.1 Web search tool

There are 2 kinds of web search tools, web di-
rectories represented by Yahoo and search engine
such as Infoseek and Goo. In a web directory,
web pages are categorized and indexed by hu-
man power. While they provide us more pre-
cise searching resulta, they cover many fewer web
pages than search engine. Therefore, when we try
to use the Web as a dictionary or encyclopedia,
we mainly use search engines. But the number of
search result pages found by search engine is so
enormous and the precision of ranking pages is so
low that it is difficult to find the page we want in
them.

2.2 IR(Information Retrieval) model

Generally web search engines rely on the Vector
Space Model and TF-IDF weghting. In the vec-
tor space model, all documents and queries are
represented as vectors. There is one component
in each vector for every distinct term that occurs
in the document collection.
In many cases, the value of each component is cul-
culated by TF-IDF weghting, which is the prod-
uct of Term Frequency (TF) and Inverse Docu-
ment Frequency (IDF). The following equation
gives the weight of term Tj in document Di.

Wij = tfij · log N
n

Wij :weight of Term Tj in Document Di

tfij :frequency of Term Tj in Document Di

N :number of Documents in collection

n :number of Documents where term Tj occurs
at least once

In Vector Space Model, similarity is determined
the inner product of the document vector calcu-
lated above and the query vector.

V SSi =
−→
di · −→q

V SSi :Vector Space Similarity of page i

3 Query Expansion

When the query is a single term, we need to ex-
pand it by adding other words. Following Buckley
et al. [2], we expand it by adding high frequency
words from the collection of pages which contains
the search word: these are assumed to be relevant
and to give a more accurate query vector.

3.1 Buckley’s Method

In pseudo-feedback (also called two-stage re-
trieval, Buckley et al. [2]), a short query is ex-
panded as follows: After the first retrieval step,
using the original short query, the top n docu-
ments returned by first retrieval are added to the
query, and this is used for the second retrieval.

−−−−−−→
Qexpanded =

−−−−−→
Qoriginal + average{−→di |i ∈ (searchresult)}

3.2 Creation of expanded query vector

Similarly, we assume that the average page vec-
tor of the page set containing the search term is
generally usable as an enhanced or ‘sharpened’
equivalent of that search term.

(DTf1, DTf2, DTf3, ..., DTfn, ...)
= average{−→di |i ∈ (Searchresult)}

DTfn :Domain term frequency (frequency of
term n in the search result set)

Web pages have various lengths, so the vector di is
normalized to have length 1 for each document.
This is the first difference between our method
and Buckley’s.
Assuming then that more relevant words occur

more frequently in the search result set, we de-
fine the degree of relevance to the search term as
follows:

Rn = max(log (Dn/Gn), 0)

Rn :the Relevance of term n to the search term

Dn :the occurrence probability of term n in Do-
main web pages
(DTfn/

∑
DTfi)
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Gn :the occurrence probability of term n in Gen-
eral web pages

In figure 1 showing Rn for a search on the
Japanese term for “foot binding”, high relevant
degree terms have something to do with search
term, low ones have a little.

Figure 1: the example of Rn for the search term
“foot binding”

This relevance is used as the weight of the word.
Specifically, the expanded query vector −−−→

ExQ is
defined to be (R1, R2, .., Rn, ..). To avoid prob-
lems in which few highly frequent words dominate
the result, we take the logarithm of the frequency
ratio. of the works. Also, to avoid problems of
site-specific bias, for example to prevent a site
which has the company name an every page from
causing that name to get a high R score, a word
which occurs in only pages from one site in as-
sumed to be idiosyncratic to that site, and prob-
ably not relevant to the search word, and is given
a weight of 0. These two refinements are also ways
in which we improve on Buckley’s method to suit
the web.

4 Web Page Evaluation

There are many factors which can be used to
evaluate web page, including contents, link to-
pography, update frequency, access count and

so on.[3] In this study, we restrict attention to
content-based evaluation, as this factor is espe-
cially important when we search for pages con-
taining meaningful information about a term.
We use the following two methods to evaluate

Web page contents.

4.1 Vector Space Model

This model is explained in section 2.2. In our
system similarity is determined the inner product
of the normalized page vector and the expanded
query vector, as follows:

V SSi =
−→
di · −−−→ExQ

V SSi :Vector Space Similarity of page i

4.2 Local Relevance Density

The local density of relevant sentences is assumed
to indicate the quality and quantity of description
about search term a page.
Our rationale is that, of the various types of

pages on the web (tables, lists, image archives),
we are most likely to find term information in
explanatory pages, and that these pages are com-
prised at least in part of clumps of related sen-
tences, which include many words relevant to the
query.
Thus the degree of relevance of a sentence is cal-

culated as given by the equation below. However,
when the same word occurs two or more times in
a sentence, it is counted only once. A page is di-
vided into sentences based on simple rules for sen-
tence extraction considering HTML tags [4], fol-
lowed by grammatical analysis using the Japanese
morphological analysis system “Chasen” [5].

CRk =
∑

i

∑
j,i�=j Ri ·Rj

Nk
2

CRk :the Co-occurrence-Relevance for the words
of the sentence k

Ri :the Relevance of term i occurring in sentence
k

Nk :the Number of terms in sentence k
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The sentence which consists of relevant terms
to the search term has high CR such as figure 2,
and which consists of non-relavant has low such
as figure 3.

Figure 2: the example of a sentence with high CR
for search term “foot binding”

Figure 3: the example of a sentence with low CR

for search term “foot binding”

Since we assume that pages containing succes-
sive sentences which have a high Co-occurrence
Relevance provide us much information, the fol-
lowing equation gives the Local Density of rele-

vant sentences on a page.

LDi = max{
∑

k

CRk ×

max(10− |x− k|, 0)| 0 ≤ x ≤ ni}

LDi :Local Density of relevant sentences of page
i

n :the number of sentence in the page

Figure 4 illustrates how the Co-occurrence Rel-
evance varies across the sentences of a page: in
this example, the page is crowded with relevant
sentences near the middle. Figure 5 illustrates
the window for computing the Local Density over
each clump of nearby sentences. A 10 sentence
half-width for the filter was found to give good
results.

Figure 4: the example of CR distribution in a
page

Figure 5: the window for measuring LD
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5 Our Term Search Engine:
Perrie

Figure 6 shows the process flow in Perrie. First,
Perrie gets the top 100 pages searched and
ranked by Infoseek (http://www.infoseek.co.jp).
Next, using the morphological analysis system
“Chasen”, nouns are extracted from each page,
and the expanded query vector (§2.2) is created
from these. The VSS (§3.1) and LD (§3.2) of each
page are calculated from that vector, and the page
is evaluated using both. Since the sort of page
users probably want is highly relevant and has a
dense explanatory section, we combine the two
scores using the product.

Pi = LDi · V SSi
α

Pi :the evaluation score of page i

α :constant

Figure 6: Overview of Processing in Perrie

6 Evaluation Experiment

6.1 Search Engine Evaluation Crite-
rion

In Information Retrieval in general, some function
of combining recall and precision is used for eval-
uating the quality of the document set returned.
This method is based on the premise that all doc-
uments can be divided into two sets, those which
are relevant and those which are not. However,
this assumption fails for web pages, which are typ-
ically relevant or not to a degree. Moreover, un-
like traditional information retrieval tasks, where
users want all relevant documents, Web searchers
typically are happy when they find any one page
that has the information they want.
We therefore propose a new evaluation crite-

rion. We have users score each page on a scale
from one to seven, and the search engine’s ranking
is considered better to the extent that its ranking
correlates with the user’s scoring. Specifically we
define the Raw Ranking Accuracy:

R.R.A. = Σ
(score of i− th ranked page)

log(i+ 1)

From this score, we normalize to obtain the Rank-
ing Accuracy as follows:

RA =
R.R.A.−Expected R.R.A.

IdealR.R.A.−Expected R.R.A.

The ideal R.R.A. here is the evaluation score if
the pages are ordered perfectly in accordance with
the user’s scores, and the expected R.R.A is the
expected value of for a search engine that ranks
the pages of the set at random. Normalization
sets the Ranking Accuracy of a random engine at
0, and of an ideal engine at 1.

6.2 Experiment Method

The subjects were given the following task.
”Please do term search from the Internet in order
to acquire the meaning or the some information
about a word. Please think of some word about
which you want to learn more.” All subjects chose
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Japanese words and most gave no scores to non-
Japanese pages. The word chosen by the sub-
ject was fed to our baseline Infoseek, and the top
40 search result pages were scored by the subject
from 1 (not at all related/ not at all helpful) to
7 (very satisfying). We asked users to base their
scoring on the content of the page itself, not con-
sidering the value of pages linked to from that
page.

6.3 Result

Subjects came up with the following 19 terms:

For each of these 19 terms, the 40 web pages
were ranked by four page ranking methods. For
each method, the ranking accuracy was computed
using the top-20 ranked pages, based on the ob-
servation that most users will not examine more
than about 20 hits. The four methods were:

A. Ranking pages using the vector space model
with conventional query expansion, namely
pseudo-feedback.

B. Ranking pages using the vector space model
and the expanded query as computed by Per-
rie.

C. Ranking pages using the local density met-
ric and the expanded query as computed by
Perrie.

D. Perrie, combining B and C, with α set to 1.0.

The ranking accuracy of 19 terms by Infoseek
and methods of A, B, C, and D is shown in Table
1,and the average of that is shown Figure 7. Sta-
tistically significant differences are observed for
all pairings except BC.

Info A B C D
a. .39 .39 .41 .65 .52
b. .25 .24 .78 .59 .78
c. –.21 .48 .60 .73 .77
d. –.17 .66 .84 .85 .86
e. .09 .39 .30 .45 .48
f. .30 .48 .27 .76 .80
g. .17 .05 .26 .49 .44
h. –.36 .32 .37 .48 .56
i. .07 .23 .48 .39 .41
j. .25 .39 .60 .68 .57
k. .43 .64 .47 .37 .41
l. –.16 .22 .44 .49 .63
m. .05 .50 .67 .77 .78
n. .16 .80 .75 .11 .71
o. .19 –.10 .70 .61 .84
p. .10 .74 .81 .77 .89
q. .15 .38 .54 .45 .60
r. –.32 .60 .64 .35 .60
s. .15 .50 .62 .70 .74

Table 1: Ranking Accuracy of terms by each
method
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Figure 7: Average Ranking Accuracy

Figure 8: The 1st ranked page for search term f.

7 Discussion

Figure 7 shows that for average ranking accu-
racy, an average difference of 0.14 points was ob-
served between the conventional method, pseudo-
feedback (A), and our method for computing the
expanded query vector which normalizes with re-
spect to baseline word frequency across the web
(B).
Next, comparing among methods of B, C, and

D, which all use our extended query vector, no
significant difference was seen between method
B, using the vector space model and C, using lo-
cal density. However in method D (Perrie), using
both, the ranking accuracy rises 0.09 point com-
pared with methods B and C on average, and this
is statistically significant. This rise is considered
to result from the fact that the combination of
the two evaluation models is effective at penaliz-
ing low quality pages.

Analysis of cases where valuable pages were
given low scores by Perrie reveals 4 main causes:

• The search result set consisted of two or
more clusters, due to a term with two senses
or appearing in web pages of two unre-
lated types. For example, when subject
chosed the term g.“Yugoslavia”, themes of
almost all searched pages were categorized
into two: soccer and the situation of the na-
tion. Ranked top pages consisted of these
two kind of pages. But the subject wanted
only information about the latter. So the half
of the top pages were given poor scores.

• The relevant degree of a term was too high
due to a spurious correlation. Figure 9
shows the 5 highest relevant degree terms
to the search term q.“swing by”. While all
terms except for “Nostradamus” are some-
how relevant to “swing by”, “Nostradamus”
is not. This phenomenon results from a spu-
rious correlation. In this case, “Cassini”
is a famous spacecraft which changed orbit
by the navigation technique called “swing
by”, so these two terms coincided. And
some documents say that the catastrophe in
August,1999 prophesied by “Nostradamus”
results from “Cassini” impacting on the
earth. Here,“Nostradamus” and “Cassini”
coincided, too. Therefore “Nostradamus”
and “swing by” often coincided though “Nos-
tradamus” does not correlate with “swing
by” directly.

Figure 9: the Highest relevant degree term in
“swing by”

• Vision information, such as images, were un-
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modeled factors in a subject’s page scoring.

• One subject scored an English language page
highly but of course the expanded query
matched that page poorly.

Compared with Infoseek, the search engine Per-
rie obtained a higher ranking accuracy in 18 of 19
words, showing an increase of 0.57 points on av-
erage. Moreover, at least one of the pages scored
highest by the subject was found among top 3
ranked pages for 14 of the 19 words; an example
is seen in Figure 8.

8 Conclusion

In searching for explanatory Web pages, the ex-
panded query vector and the local density of
relevant sentences proposed by this study were
proved to be effective for web page evaluation.
Moreover, it can besaid that a search engine ef-
fective for encyclopedia or dictionary-use of the
WWW was feasible by these methods.
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