0000 oooooooooDooo
IPSJ SIG Technical Report

20040 ICSO 1380 (1)
20040 120 4

Proposal of M2VSM and Its Comparison with Conventional VSM

ToORU IsHIBASHI! and YASUFUMI TAKAMA'

Information retrieval based on Vector Space Model (VSM) only employs typical indexing
terms contained in documents. For that reason, when we apply it to a specific field such as
medicine, it can crowd the documents in the vector space, which makes it difficult to retrieve
and cluster them. In this paper, modified VSM based on meta keywords such as adjectives
and adverbs, which is called M2VSM (Meta keyword-based Modified VSM), is proposed for
separating the crowded documents using meta keywords as additional value of indexing terms.
Experimental results by applying M2VSM to Medline (medical literature database) show that
it can separate documents crowded in the vector space.

1. Introduction

We can find huge databases easily on the
Web in recent years because of breakthroughs in
technique for information acquisition and dra-
matically low-pricing of the mass storage de-
vices. Especially in the medical field, there is
an increasing trend of storing medical docu-
ments and literature in the databases, for ex-
ample, documents such as patient reports in
hospital database, medical literature in medi-
cal libraries, and general medical information
on the Web. As a result, the efficient retrieval
of these documents from databases is becoming
increasingly important.

Data mining is the process of detecting
the new knowledge and rules on these huge
databases and utilizing them. Various kinds
of data mining and information retrieval tech-
niques have been developed based on VSM
which has several advantages. One of them is
the ability to rank the documents in order of
the expectation that documents are appropri-
ate to a user’s query. Another advantage is the
ability to implement the relevance feedback [1].
However, when they are applied to a specific
field such as medicine, the documents tend to
form dense clusters in the vector space because
of high similarity between them, therefore their
performance decreases. Increasing the num-
ber of dimension by increasing the number of
unique terms can make the vector space sparse,
however this sometimes leads to problems such
as curse of dimensionality, which prevents the
expression of the accurate relationship between
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documents.

In this paper, we propose modified VSM
based on meta keywords such as adjectives and
adverbs, called M2VSM (Meta keyword-based
Modified VSM), which divides the dense clus-
ters into small semantically similar clusters.

Since medical data is often used as common
data in the data mining field, and the concept
of ”EBM (Evidence-Based Medicine) based on
Statistical Evidence” [2], which has had much
attention recently, is related to document re-
trieval, we apply M2VSM to Medline, a famous
online medical literature database of national
library of medicine in USA, and present that
effectiveness. Adjectives and adverbs are used
as not additional indexing terms but additional
value for indexing terms in M2VSM.

We review the conventional VSM in Section 2,
and then propose M2VSM in Section 3, followed
by comparative experiments by applying VSM
and M2VSM to Medline in Section 4.

2. Vector Space Model

The VSM has been widely used in the tradi-
tional information retrieval field. Most search
engines also use similarity measures based on
VSM to rank documents on the Web. The
model creates a multi-dimensional space, in
which both documents and queries are repre-
sented by vectors. For a fixed collections of doc-
uments, a N,-dimensional vector is generated
for each document and query from sets of terms
associated weights, where N, is the number
of indexing terms in the document collection.
Then the similarity between a document and
a query, and documents is calculated by cosine
measure. In VSM, weight w;; associated with
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the term ¢; in document D is often calculated
by TFIDF (Term Frequency Inverse Document
Frequency) measure [3]. The important charac-
teristic of TFIDF measure is that the more of-
ten t; appears in Dj, the more important ¢; is in
Dj, on the other hand, the more documents ¢;
belongs to, the less discriminative power it has,
and thus the less important it is. How to calcu-
late TFIDF value for ¢; in D;, TFIDF (t;,D;),
is defined as Eq.(1),

TFIDF(t;,D;) = —2 x log

s D;YZ 5. (1
where m;; represents the number of occurrences
of t; in Dj, M; represents the total number of
indexing terms in D;, Np is the total number
of documents and DF(t;) is the number of doc-
uments containing ;.

The similarity sim(g, D;) between a query
g and a document D; is defined as Eq( ),
i.e., inner product of the query vector ¢ =
(q1,92, --- qNW) algd the document vector ﬁ
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As we mentioned this in Section 1, when the
conventional VSM is applied to a database in
a specific field such as medicine, it can crowd
the documents in the vector space. That makes
it hard to retrieve and cluster the documents.
One of the reasons causing this problem is the
existence of the indexing terms appearing in
many documents, because they have the gen-
eral meanings in the field. Therefore increasing
the number of the indexing terms dose not only
resolve the problem but also causes the curse of
dimensionality at worst. In order to deal with
this matter, we propose to expand the Vector
Space Model based on Meta keywords (adjec-
tives and ad-verbs).

Document retrieval systems usually employ
nouns as indexing terms, which refer to a per-
son or place or thing, expressing the topic of
a document. The noun which shows the topic
of a document is considered most suitable in
information retrieval, but relatively high fre-
quency terms tend to have the only general
meanings, and when those words are modified

- (2)

sim(q, D

3. M2VSM

020

by adjectives and adverbs that define the con-
cept of terms, they can have specific meanings.
Therefore we consider if same indexing terms
have the different meta keywords in a differ-
ent document, each document refers to the dif-
ferent topics. The research of using adjectives
and adverbs as seed words in opinion extraction
on the Internet [4] has been proposed already.
To determine which words are semantically ori-
ented, in what direction and the strength of
their orientation, these kinds of research mea-
sure their co-occurrence with words from the
seed set of semantically oriented words. We,
however, employ adjective and adverb as meta
keyword of indexing terms, so these researches
and ours differ in this point. Meta often means
”above” or "upper level” in artificial intelli-
gence and knowledge engineering fields, but in
M2VSM, meta means rather ”with” or ”meta-
physical”. We employ meta keywords as addi-
tional value of indexing terms, not additional
indexing terms.

Given the collection of meta keywords Sy,
we difine the similarity as Eq.(3),

N
> anwn; Fnj

sim(q, D;) =
k 1%\/2
ME| = |1y = 0
Fij = \MEi]-ﬂMEiq\ ,(3)

...otherwise
ME;j, ME;, C Sy, |ME;;|,|ME;y| < M,
where M E;; represents the set of meta key-
words of indexing term ¢; in a document D;,
M E;, represents the set of meta keywords of ¢;
in a query ¢, and F;; is defined based on the
intersection of M E;; and M E;,. In this paper,
we employ two modifiers at maximum as meta
keyword for t; (i.e. M = 2), which is based
on the observation result that even though lots
of adjectives and adverbs modify an indexing
term, only 2 modifiers immediately before the
term are important.

Example sentences are given in Table 1. Both
document D; and D>, which are assumed to
contain a single sentence, have ”immunity” in
common as an indexing term. When we sup-
pose t;=immunity, the sets of meta keywords
are M E;;=(simultaneously, virus-specific) and
M E;5=(cellular), and there is no common meta
keyword for ¢;, so these two documents are go-
ing to be divided.
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Table 1 Example sentences in document D and D2

document sentence
D Simultaneously, virus-specific immunity
is induced by antigen.
D> Hcv subverts cellular immunity by IL-10.

4. Comparative Experiments

4.1 Method

We prepare two fixed collections of documents
from Medline for experiments. One consists of
100 documents about hepatitis ¢ virus, and the
other consists of 240 documents about stem cell.
We extract adjectives and adverbs from these
documents manually in advance, and make the
collection of meta keywords Sas which consists
of 760 words. As for indexing terms, we use
Medical Subject Headings (MeSH), which is the
National Library of Medicine’s controlled vo-
cabulary thesaurus.

We apply VSM and M2VSM to prepared two
fixed collections and calculate the similarity be-
tween the documents, and visualize the simi-
larity to see the dispersion of the documents
by Keyword Map (KM) [5]. As the function of
KM, when the similarity between a query and
a document is more than 0, the query links to
the document, and when a document is at close
range to a query on a map, the similarity be-
tween them is comparatively high.

4.2 Results

Fig.1 and Fig.2 represent the similarity be-
tween documents on hepatitis ¢ virus visualized
by KM. We optionally chose one document as

| High similarity with a query |

Fig.1 visualized VSM similarity between HCV
documents

030

Fig.2 M2VSM similarity between HCV documents

a query among the documents and inspected
how the query links to the other documents.
Fig.1 shows a query links to all the other doc-
uments and some documents which have rela-
tively high similarity with the query make one
cluster. The average number of links when each
document is chosen as a query is 98.99. On
the other hand, Fig.2 represents when we chose
the same query in M2VSM, that cluster was
divided into the other clusters and the aver-
age number of links is 6.93, which means docu-
ments crowded in high and low similarity with
the query is divided because of meta keywords.
Fig.3 and Fig.4 represents the results for the
documents on stem cell retrieved with such a
detailed query as ”stem cell t-cell HIV” and
considered much more crowded under VSM and
M2VSM. In Fig.3 and Fig.4, the links between
documents are not displayed. Fig.3 shows the
documents are crowded on the map under the
similarities calculated by VSM. On the other
hand, the documents are spread on the map in
Fig.4. By comparing Fig.3 and Fig.4, it is con-
firmed that crowded documents can be divided
by meta keywords. Example pairs of indexing
term with meta keyword are given in Table 2.
Having divided clusters which consist of doc-
uments that have high similarity between them
into some small clusters, we confirmed whether
the documents in those clusters are seman-
tically similar or not. We chose one clus-
ter divided into a few clusters under M2VSM
and asked an expert in medicine if documents
are similar in them. As a result, we found
some effective meta keywords to separate the
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Table 2 Example pairs of indexing term with meta
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Fig.3 Visualized similarity beween documents about
Stem cell in VSM

) 7 i e ik
| Divided into small clusters | ==

Fig.4 Visualized similarity beween documents about
Stem cell in M2VSM

documents, like ”structure-base” and ”non-
structure-based”. On the other hand, it is also
found that important indexing terms were sep-
arated because of Meta keywords.

4.3 Applicaton baseline of meta key-

word

From experimental results, some effective
meta keywords to separate the crowded doc-
uments are found, but also it is found that im-
portant indexing terms are separated because of
meta keywords. For such cases as this, we need
to consider the application baseline of meta key-
words. Furthermore M2VSM has an interesting
characteristics such as follows; if the appropri-
ate application baseline is set up in M2VSM,
dense clusters in vector space can be made
sparse without breaking the structure of orig-

U 4d

t-cell-based
lentivirus-mediated

gene therapy
gene transfer

intrathymic t-cell
macrophage-tropic hiv-1
dz-475-treated cells
hiv-1-specific ctl
vector-transduced cells

achieved clinical
hiv-related disorders
alloreactive, allogeneic t-cell
pathogen-specific immune
transduced hematopoietic stem cells
chimeric, ii-specific immune
hiv-1-specific t-cell
cell-associated epstein-barr virus
nested polymerase chain reaction
t-tropic virus

m-tropic virus
hiv-1-infected pediatric
retroviral-mediated transfer

inal vector space. That is, the dimension will
be changed by increasing or decreasing the total
number of indexing terms in VSM. As a result,
new members will join in one cluster, or mem-
bers of cluster will go out of the cluster. In
M2VSM, however, the similarity between the
documents is monotonically decreasing to the
application baseline of meta keyword. As a re-
sult, new members will not join in the cluster,
but members of cluster can come out of the clus-
ter.

First of all, we tried to set up the application
baseline based on Zipf’s law [6], but we con-
cluded that using Zipf’s law to set up the appli-
cation baseline of meta keyword is not adequate
by preliminary experiment. In this section, we
consider using the baseline related to DF value.
For setting up the application baseline of meta
keyword, we confirmed the change in the simi-
larity between documents when indexing terms
which have high or low DF value are deleted
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DF value for cutting indexing terms.

Fig.5 Number of document pairs and DF value of cut-
ting indexing terms that have high DF value
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Fig.6 Number of document pairs and application
baseline (DF value) of indexing terms

in VSM. We also compared the changes in the
similarity when indexing terms which have high
DF value are deleted with that when meta key-
words are applied to the indexing terms which
have high DF value.

Fig.5 represents the number of document
pairs with DF values for cutting indexing terms
that have high DF values to decrease the num-
ber of dimension in VSM. Each bar is divided
into 3 sections; from top, each section repre-
sents the number of document pairs which have
high(over 0.6), middle(0.4 to 0.6), and low(0.3
to 0.4) similarity between them. Fig.5 dose not
show the number of document pairs which have
the similarity under 0.3, and this document set
about stem cell is the same one used in the
experiment in preceding section. In Fig.5, the
number of document pairs which have high sim-
ilarity between them is increasing or decreas-
ing when the number of dimension is changing
by cutting the indexing terms, and the number
of document pairs are suddenly changed when
indexing terms appearing in 10 or more docu-
ments are cut.

Fig.6 represents the number of document

50
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The number of document pairs
-
g
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H n n n 0 50
DF value for cutting indexing terms

Fig.7 Number of document pairs and DF value of cut-
ting indexing terms that have low DF value

pairs with application baseline (DF value) of
meta keywords in M2VSM. In Fig.6, the num-
ber of document pairs which have high similar-
ity between them is getting decreasing steadily
when meta keywords are applied to the indexing
terms over the application baseline. Compared
with Fig.5, in Fig.6 relatively high similarity
document pairs are decreasing gradually, which
means the vector space is getting sparse gradu-
ally because of meta keywords. As well as Fig.5,
the number of document pairs are also suddenly
divided when meta keywords are applied to the
indexing terms which appear in 10 or more doc-
uments.

Next we confirmed how indexing terms that
have low DF values affect in vector space.

Fig.7 shows the number of document paris
with DF values for cutting indexing terms that
have low DF values in VSM. Cutting the index-
ing terms that have low DF values extremely
increases the number of document pairs which
have high similarity between them. Only cut-
ting the indexing term that have low DF values
just makes the vector space dense, but the phe-
nomenon of vector space being suddenly made

Table 3 DF value and the number of indexing
terms(total:1329)

DF value | number of indexing terms
under 10 1134
" 20 102
~ 30 40
" 40 20
~ 50 10
~ 60 5
T 70 7
~ 80 2
" 90 2
~ 100 0
over100 7
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sparse in M2VSM (in this case, the application
baseline is about 10 or 20) could be compen-
sated with this effect.

From the results, as far as this document set,
indexing terms which appear in about 10 to 20
documents are important to set up the applica-
tion baseline of metakeyword, though we need
to investigate other document sets. The num-
ber of indexing terms per DF value is shown in
Table 3. It turns out that if we suppose index-
ing terms which appear in under 10 documents
are not important, about 85.3 percent of in-
dexing terms are not important and only 14.3
percet of them are important, especially about
7.7 percent of them (DF values are about 10
to 20) are potent with the similarity between
documents.

5. Conclusions

We propose M2VSM, a modified VSM based
on meta keywords such as adjectives and ad-
verbs. When it is applied to documents col-
lected form Medline, it is confirmed that the
documents crowded in the vector space which
consist of dense clusters are divided into small
clusters under M2VSM, and there are effec-
tive meta keywords to separate crowded doc-
uments. It is also found that the choice of in-
dexing terms, to which meta keywords should
be applied, is important. From this point of
view, we try to set up the application baseline
of meta keyword related to DF value. Regard-
ing the qualitative evaluation, we found some
document pairs, in which meta keywords sup-
posed to work, in the process of setting up the
application baseline of meta keyword. Further
analysis is still in progress.

This paper only employs adjectives and ad-
verbs as meta keyword, but we think nouns also
can be meta keywords. For example, if there is
an expression "involved in A” (A can be a noun
or noun phrase) in a sentence, the relationship
between a noun as the subjective of the sen-
tence and, A, is important. Therefore, we need
to treat nouns immediately after specific verbs
and prepositions (namely, ”of”, ”at”, ”with”,
etc.) as meta keywords.

We have not used qualifiers as meta keywords
because most of the adjectives and adverbs are
used as modifiers, but due to several verbs are
used as adjectives in sentences, we need to con-

gen

sider whether verbs are used as meta keywords
or not.

It is expected that M2VSM can be applied
not only to medical databases but also to var-
ious databases in the specific field or specific
topics. Furthermore, it will be suitable for the
fields, in which meta keywords have important
roles, such as opinion extraction on the Web.

References

1) Takenobu, T.: ”Sec 5.2. Relevance feedback”,
in Computation and Language Volume5; Infor-
mation Retrieval and Natural Language Pro-
cessing, pp- 154-159 (1999)

2) TuanNam, T., Masayuki, N.: Biomedical Lit-
erature Database Retrieval System Based on
Genetic Function, in proceedings of the 14th
Japanese Society for AI, pp. 392-395 (2000).

3) Thorsten, J.: A probablilistic Analysis of the
Rocchio Algorithm with TFIDF for Text Cat-
egorization, in proceeding of the 14th Inter-
national Conference on Machine Learning, pp.
143-151 (1997).

4) Hong, Yu., Vasileios H.: Towards Answer-
ing Opinion Questions: Separating Facts from
Opinions and Identifying the Polarity of Opin-
ion Sentences , in proceeding of the Conference
on Empirical Methods in NLP(EMNLP), pp.
129-136 (2003).

5) Yasufumi, T., Tomoki, K.,: Keyword Map-
based Relevance Feedback for Web Information
Retrieval, in proceeding of the 2nd Pan-Pacific
Symposium on IT, pp. 41-44 (2004).

6) R.Baeza-Yates, Berthier R.: Acm Press
”Sec.6.3.3. Modeling Natural Language”, in
Modern Information Retrieval, pp. 145-148
(1999)


研究会temp
テキストボックス
－6－

研究会temp
テキストボックス

研究会temp
テキストボックス

研究会temp
テキストボックス

研究会temp
テキストボックス




