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Abstract

Automatic query expansion methods for English text retrieval have been studied for a long
time, with debatable success in many instances. In this paper, we study what the retrieval
effectiveness will be achieved when we apply a successful automatic query expansion method
for English text retrieval to Japanese text retrieval. Qur experiments show that the automatic
query expansion method also results in a notable improvement in Japanese text retrieval.

Introduction

Authors and searchers use a great variety of words to refer to the same thing, this is why expanding
or modifying the users’ queries can led to considerable improvement in retrieval results. Manual

query expansion, semi-manual query expansion, and automatic query expansion have been studied
to improve retrieval performance. In this paper, we focus on automatic query expansion.

Automatic query expansion or modification has been studied for nearly three decades, and a lot

of methods have been proposed. The various methods can be basically classified into the following

six groups[!:

1. Based on syntactic information. The term relations are generated on the basis of linguistic

knowledge and co-occurrence statistics %], The method uses a grammar and a dictionary to
extract a list of terms for each term. A query is expanded by adding those terms which are
most similar to any of the query terms. This produces only slightly better results than the

original queries(4.

. Based on relevance information. Relevance information is used to construct a global infor-

mation structure, such as a pseudothesaurus [4®! or a minimum spanning treel®.

is expanded by means of this global information structure. The main problem about this

A query

method is that relevance information is not always available.

. Automatic term classification. The similarities between terms are first calculated based on

the association hypothesis and then used to classify terms by setting a similarity threshold



value [M8I¥] A query is then expanded by adding all the terms of the classes that contain
[11]

query terms. This method is too naive an approach to be usefull®10I11],

4. Use of document classification. Documents are first classified and infrequent terms found in
a document class are clustered in the same term class (thesaurus class) ['2. The indexing
of documents and queries is enhanced either by replacing a term by a thesaurus class or by
adding a thesaurus to the index data. However, the retrieval performance depends strongly on
some parameters that are hard to determine ['3l. This method is also much more expensive.

5. Concept based query expansion [U. A similarity thesaurus is a term-vs-term similarity matrix
which is constructed based on how the terms of the collection are indexed. A probabilistic
method is used to estimate the probability of a term similar to a given query in the vector
space model. This approach improves retrieval performance significantly.

6. Phrase based query expansion ['4, A term-vs-phrase association thesaurus is constructed by
identifying phrases in the text and representing them by the terms that are closely associated
with them (i.e.,occur in the same text windows). This method can also simulate all types
of term-based association thesauri such as the term-vs-term, term-vs-noun_term, term-vs-
verb_term and term-vs-adjective & adverb_term association thesauri. Queries are expanded
by adding those phrases that are most related to the query from the association thesaurus.
This approach also improves retrieval performance significantly.

Japanese has many different characteristics from English, such as syntax(e.g., S-O-V word or-
der), agglutination (i.e., no space between words), phrase rules ['°1 pragmatics (e.g., the paragraph
is less well defined).

Among the various methods, method 6 is simple and effective. The method can also simulate
many types of association thesauri so that we can compare different types of association thesauri’s
effects to query expansion for Japanese text retrieval. The method can also specify the phrase
rules and paragraph limit (i.e., we can specify the number of sentences within a paragraph). So we
apply an approach based on this method to Japanese text retrieval and study what the retrieval
effectiveness will be achieved.

In the following section, we show how such an association thesaurus is constructed. In section 3,
we present a query expansion method. In section 4, many experiments have been done to evaluate
this approach’s effectiveness to Japanese text retrieval, and compare the effects of many different
kinds of association thesauri to query expansion for Japanese text retrieval.

2 Automatically Constructing an Association Thesaurus

Building an association thesaurus is based on the assumption that concepts that have a similar
lexical context may be related semantically. For example, the words “connectionism” and “neural
networks” occur in similar lexical contexts, but rarely in the same documents.

We view a text as a structured object. Text objects consist of paragraphs. A paragraph consists
of a set of sentences. It can be a natural text paragraph or a fixed number of sentences. A sentence
contains phrases and words. Terms are defined as all words except stop words. A phrase do not



have to be a real phrase, it can be a sequence of terms which satisfy the set of specified phrase rules
according to each term’s part of speech tag.

Assume no two paragraphs are the same in the collection. We present a phrase by a vector
h; = (pi1, piz, - - -, Pin)T in the paragraph vector space defined by all the paragraphs of the collection.
The p;’s signify feature weights of the paragraph p, with respect to the phrase h; and n is the
number of paragraphs in the collection. We define the feature weights p;;, as the phrase h;’s frequency
of occurrence in the paragraph py.

We also present a term by a vector t; = (pj1,Pj2,---,Pin)’ in the paragraph vector space.
Similarly, the p;i’s signify feature weights of the paragraph p; with respect to the term ¢; and n
is the number of paragraphs in the collection. The pj; 1s defined as the term t;’s frequency of
occurrence in the paragraph pg.

With these definitions, we define the similarity between phrase h; and term ¢; by using a simi-
larity measure such as the simple scalar vector product:

SIM(hi,tj) = t? -h; = ijk * Pik (1)
k=1

For each phrase h;, the terms are chosen by setting a similarity threshold value. Thus, those
terms form a feature vector representing the lexical context of the phrase h;.

Since the Japanese words in a text are not separated by spaces, a segmentation program is
needed to identify and extract terms from the documents. In our system, we use the JUMAN
segmentation program!'” to extract terms from the Japanese databases. JUMAN can also get each
term’s part of speech tag.

Building an association thesaurus for Japanese databases mainly consists of the following five

steps:

1. Use the Japanese segmentation program JUMAN to segment documents , get each term’s
root and each term’s part of speech tag.

2. The program JPhrasefinder extracts phrases according to the set of specified phrase rules and
the terms’ part of speech tags.

3. For each phrase, JPhrasefinder collects the significant terms that occur in any document
within a paragraph of n sentences and builds the term-vs-phrase association thesaurus.

4. Do some pro-processes such as data filtering.

5. The built association thesaurus is stored in JINQUERY?,
JINQUERY is a Japanese version of INQUERY. INQUERY is based on an inference network-based

probabilistic retrieval model which views information retrieval as an evidential reasoning process in
which multiple sources of evidence about document and query content are combined to estimate the
probability that a given document matches an information need ¥, INQUERY has demonstrated
good retrieval effectiveness ['® for English text retrieval. JINQUERY also demonstrated good
retrieval effectiveness 1% for Japanese text retrieval.

The thesaurus built by JPhraseFinder is collection dependent. JPhraseFinder automatically
creates collection-specific phrase links. If there exists a collection which has a very good coverage
over all topics, it is possible to produce a general thesaurus.
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Figure 1: A simple phrase retrieval inference network

3 Automatically Expanding Queries

Three of the basic problems about automatic query expansion are:
e How to select suitable items for query expansion ?
o How to select weights of the selected items?
e How many items should be added into the original query?

Qiu has showed [l that a query should be expanded by adding those terms that are most familiar
to the query, rather than selecting terms that are similar to the query terms.

In our approach, we use JINQUERY to access the association thesaurus. We map phrases of
the thesaurus into documents of JINQUERY, and terms into terms, the association between terms
and phrases into the link from terms to documents. Thus, the association thesaurus is changed into
a probabilistic inference network. Figure 1 illustrates a simple phrase retrieval inference network.

The similarity between a phrase and the query is denoted by Simgp(Q, p). We define Stmqp(Q, p)
by a constant k and the belief value of () when the phrase p is instantiated as follows.

Simgp(Q,p) = k - bel(Q | p) (2)

Here, We present a simple example to show how phrases are selected and weighted by JIN-
QUERY.

The inference network fragment shown in Figure 2 contains two phrases pl, p2 and three repre-
sentation concepts. Phrase pl is represented by the term rl (Japanese) and term r2 (automobile),
phrase p2 is represented by the term r2 (automobile) and term 13 (industry). A single query is

Q = #WSUM(1.0 3.0 Japanese 2.0 automobile)

For the purpose of this example, we are using only features of a simplified form of the basic
model shown in Figure 1. Arcs are drawn from a phrase only to representation concepts that have
been assigned to that phrase. When a phrase is instantiated, it provides equal support for all
members of the set of assigned representation concepts; all other representation concepts receive no
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Figure 2: Inference network fragment

support. Techniques for estimating the representation nodes’ beliefs are discussed in detail in [2°],
Here, for the purpose of this example, we just use the following estimates '8 for the representation
nodes’ beliefs:

P(r; = true | p; = true) = 0.5 4 (0.5 - tf;; - idf;) (3)

P(r; = true | all parents false) = 0.0 (4)

where, if we use maz_th; to represent the maximum SIM(h;,t;) value for any term ¢; which
associates the phrase h;, and use fi to represent the term ¢;’s frequency of occurrence in the entire
collection, then

1 = STM (i ti) (5)

maz_th;

idf, = log(collectionsize/ f;)

(6)

log(collectionsize)

Table 1 gives the terms’ STM and tf values for the two phrases and idf values on the collection.
We assume that maz_th; = 5 and maz_thy, = 4.

Table 1: SIM , tf and udf values

ti SIM(pl, ti) SIM(pg, ti) tfﬂ tfz'g ’Ldf’L
Japanese 3 0 06 | 0 0.77
automobile 3 2 0.6 | 0.5 | 0.18
industry 0 4 0 | 1.0 | 0.624

Thus, from equation (3), we have

P(Japanese = true | pl = true) = 0.5+ 0.5 x 0.6 x 0.77 = 0.731
which results in a link matrix of

I ~{ 1.000 0.269
Japanese = { 0 000 0.731

(S5



For the automobile node, we must compute beliefs for both parents, so

P(automobile = true | pl = true) = 0.5+ 0.5 x 0.6 x 0.18 = 0.554

P(automobile = true | p2 = true) = 0.5 + 0.5 x 0.5 x 0.18 = 0.545

which result in a link matrix of

0.000 0.545 0.554 0.554

(1.000 0.455 0.446 0.446)
Lautomobile =

The last column of this link matrix is unused since only one document can be instantiated at a
time. It is set to the maximum of the individual document beliefs.
Using the same procedure, the link matrix for industry is

5 ~ { 1.000 0.298
industry = \ 0000 0.812

There are several ways to estimate the matrix at Q. We would generally estimate the matrix
based on the frequency of each term in the query text. The link matrix can then be estimated as

I 1 06 04 0
@7 \0 04 06 1
Instantiating pl results in

bel(rl) = 0.731 bel(r2) = 0.554 bel(r3) = 0.0

Instantiating p2 results in
bel(rl) = 0.0 bel(r2) = 0.545 bel(r3) = 0.812
Which gives
bel(Q | p1) = 0 x 0.269 x 0.446 + 0.4 x 0.269 x 0.554 4 0.6 x 0.731 x 0.446

+1 x 0.731 x 0.554
bel(Q | p2) =0 x 1.0 x 0.455 + 0.4 x 1.0 x 0.545 + 0.6 x 0.0 x 0.455
+1 x 0.0 x 0.545

In practice, link matrices are replaced by a variety of canonical forms that are more efficient to
store and computel'®,

Table 2 shows phrases discovered automatically by running JINQUERY on the association
thesaurus. The floating numbers to the left of each phrase are belief values. The absolute magnitude
of a belief value is not meaningful, but the relative magnitude of belief values is significant.



Query:1.1: #WSUM(1.0 3.0 H=x 2.0 HEE)
0.509971 Fo A v =¢ g
0.508772 HA~ HEE
0.507165 A pE St
0.505467 GFE
0.505430 EELCNE
0.505430 HEhE 78
0.505324 HEjeH =55
0.504911 MDC
0.503601 HEIE S X —A—
0.503520 M T

<< Japanese >>

Query:1.1: #WSUM( 1.0 3.0 Japanese 2.0 automobile)

0.509971
0.508772
0.507165
0.505467
0.505430
0.505430
0.505324
0.504911
0.503601
0.503520

lead plate steel

Japanese automobile industry
production company

GE

automobile market
automobile distribution
automobile telephone

M D C company

automobile part maker
European market

<< English >>

Table 2: Phrases discovered automatically for query 1.1.

After phrases are discovered, we consider how phrases are weighted. In our approach, we choose
as Simgp(Q,p). We specify a max_weight for the top ranked

the weight(Q,p) of an added item

phrase p;. According to equation (2), we get the constant k,

k = maz weight/bel(Q | p:)

Then we weight each phrase p; according to the following equation:

weight(Q,p;) = k - bel(Q | p;)
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For the phrases in Table 2, if we specify that the weight of the top ranked phrase ’lead stell’ is
0.8, from equation (7), we have

k =0.8/0.509971 = 1.5687.

Then according to equation (8), we can get all the phrases’ weights in Table 2. Table 3 shows final
weights of the phrases in Table 2.

weight(Q, p;) phrase p;
0.800000 lead steel
0.798111 Japanese automobile industry
0.795590 producer community
0.792926 GE
0.792868 automobile market
0.792868 automobile flow
0.792702 automobile telephone
0.792054 M D C community
0.789999 automobile part maker
0.789872 European market

Table 3: Weights for the phrases in Table 2

After we have determined how terms are selected and weighted, we take into account how many
items should be added into the original query . Qiul!! has showed that adding only those terms
that are ranked in the top positions , rather than all the terms from the association thesaurus, can
result in more significant effectiveness. In the next section, we will do experiments to study how
the number of added phrases affects the retrieval effectiveness. We also study the following three
expansion models:

DUP Onunly duplicate phrases from an association thesaurus are added into the queries.

A phrase is duplicate for a given query means that all terms of the phrase are subsets of
the original query. For example, for the query "high frequency oscillators using transistors”,
the phrase "transistor oscillator”, and the term ”transistors” are duplicate with the query.
The purpose of adding duplicate phrase is to see whether the evidence from the association
thesaurus identifies the importance of query terms or phrases.

NODUP Ounly nonduplicate phrases are added into queries.

If any term of a phrase is not a subset of a given query, the phrase is nonduplicate with the
query. For the sample query above, the phrase "npn transistors” , and terms ”triode” and
"anode” are nonduplicate with the query. The purpose of adding nonduplicate phrase is to
see whether a thesaurus can provide some new information about queries.

BOTH Both duplicate and nonduplicate phrases are added into queries.



4 Experiments and their Results

There are various test collections in English, but unfortunately, there is no standard collection for
Japanese currently. So, we used a test collection which has 1101 full-text newspaper articles on
Japanese business and economics. It contains articles from three major Japanese newspapers, The
Asahi, The Mainichi and Nihon-Keizai(Nikkei)-Shinbun.

In this experiment, we used 27 test queries. The queries are generally expressed as a sentence
containing several keywords.

The program JPhrasefinder can produce different association thesauri by defining different
phrase rules’. For example, if we define the phrase rule as {V}, JPhrasefinder will produce a
term-vs-verb_term association thesaurus; if we define the phrase rule as {N}, a term-vs-noun_term
association thesaurus will be built.

An important question is what range should be used to generate association data. Intuitively, a
natural paragraph seems appropriate because it generally focuses on describing an individual topic.
Because using a long paragraph would limit the performance of JPharasefinder, an experiment
parameter, the paragraph limit, is set. The paragraph limit defines the maximum number of
sentences allowed within a paragraph.

Experiments are conducted to address the following issues:

e How do different query expansion models (i.e., DUPONLY, NODUP, BOTH), different num-
bers of added items and max weights for the top item from the association thesaurus for a
given query affect query expansion’s effectiveness?

e How do different types of terms, like verbs, adjectives & adverbs, and nouns affect retrieval
performance?

e Compare the effects between the term-vs-term association thesaurus and the term-vs-phrase
association thesaurus to query expansion.

e What are the best noun phrase rules?
o Compare the effects of association thesauri with different paragraph limits to query expansion.

According to above issues, our experiments are divided into the following four parts:

1. Test how different query expansion models (i.e., DUPONLY, NODUP, BOTH), different num-
bers of added items and max weights for the top item from the association thesaurus for a

given query affect query expansion’s effectiveness?.

Table 4 shows the retrieval results of the expanded queries for different expansion models at
10 point recall-precision.

'In the phrase rule, we use individual letters represent the part of speech tags, i.e., N: noun, V: verb, J: adjective,
D: adverb, R: prefix, O: postfix, A: adnoun. If a set of phrases is defined as {NN, NNN}, it means that any two or
three consecutive nouns is taken as a phrase.

2all experiments in this part are based on an association thesaurus with the phrase rule {NNN, NN, N}, the
paragraph limit 3. Because the results are sensitive to many parameters, in all experiments in section 4, correspond
to the specified parameters, we take the best results which we got under all other parameters.



Recall Precision (% change)-27 queries

BASE | DUPONLY NODUP BOTH
10 | 719 |76.6 ( 16.5) | 72.8 ( +1.3) | 75.3 ( 14.8)
20 | 66.6 |60.5( +4.3)|66.9 ( +0.4) | 69.7 ( +4.7)
30 | 56.8 |59.3( +4.4) | 56.5(-0.5) | 58.5 ( +3.0)
40 | 48.4 |50.3 ( +3.9) |49.1 ( +1.4) | 50.1 ( +3.4)
50 | 417 |43.5 ( +4.5) | 42.6 ( +2.3) | 44.0 ( +5.6)
60 | 364 |36.8(+1.0)|37.0(+1.4)|37.8(+3.8)
70 | 332 |33.4(+0.5) |33.4( +0.5)|33.6 ( +1.1)
80 | 30.9 | 30.8(-0.3) | 31.6 ( +2.3) |3L.2 ( +1.1)
90 | 25.0 |25.1( +0.1)| 25.0 (-0.4) | 26.0 ( +3.9)
100 | 19.7 | 19.6 (-0.6) | 19.8 ( +0.7) | 19.7 ( -0.1)
avg | 43.1 | 445 ( 13.3) | 435 ( 108) | 44.6 ( 13.6)

Table 4: The retrieval results for different expansion models

First, the figures indicate that this automatic query expansion method yields a significant
improvement (a 3.6% improvement for the collection which has only 1100 documents) in the
retrieval effectiveness of Japanese text retrieval. Qiu [, Jing and Croft'¥ found that the
performance improvement increase with the size of collection, so this gives promise of query
expansion to Japanese text retrieval.

Among the three expansion models, DUPONLY gets a considerable improvement in retrieval
results, NODUP gets a slight improvement in retrieval results, BOTH performs best.

In our experiments, we found that the retrieval performance is sensitive to the specified
max_weight for the top item from the association thesaurus for a given query and the number of
added nonduplicate items, and that the number of duplicate items discovered by JINQUERY
is generally small, all duplicate items should be added to get better retrieval performance.

Figure 3 shows how the 'max_weight’ in DUPONLY mode affects the retrieval effectiveness.
Figure 4 shows how the 'max_weight’ in NODUP mode affects the retrieval effectiveness. It
seems that there is an optimum max _weight value. Further research should be done to find
how to determine the optimum 'max _weight’.

Figure 5 shows some experimental results® about how the number of added nonduplicate items
affects the retrieval performance. It seems that improvement by expanded queries increases
when the number of additional terms increases. When the number of additional terms is
between 14 to 21, the improvement remains constant. Once the number of additional terms
gets to be larger than 22 | the improvement decreases. The results are similar to Qiu’s

1]

conclusion!]. Because our test collection size is very small, further experiments should be

done on larger collections for more reliable conclusions.

SBOTH model is used, the max_weight for the top duplicate item is 0.11, the max_weight for the top nonduplicate
item is 0.05.
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Figure 4: Improvement using expanded queries with different max_weights in NODUP model
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Figure 5: Improvement using expanded queries with various numbers of added nonduplicate items

2. Test on the effects of all kinds of term-based association thesauri to query expansion.

Most existing automatic thesauri are based on term-vs-term co-occurrence data. Here, we
simulate a term-vs-term association thesaurus by defining a set of phrase rules as {N, J, D,
V}, ie., all terms are ‘phrases’. In order to study how different types of terms, like verbs,
adjectives and adverbs, and nouns affect retrieval performance, we also simulate term-vs-
noun_term, term-vs-verb_term, and term-vs-adjective & adverb_term association thesauri.

Table 5 gives a summary of results? on effects of term-vs-term, term-vs-noun_term, term-vs-
verb_term, and term-vs-adjective & adverb_term association thesauri to query expansion.

“all thesauri are built with the paragraph limit 3 in this part.
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Recall Precision(% change)-27 queries

BASE {N} {J,D} {V} {N,J,D,V}
10 | 719 |73.4( +2.0) | 72.1 ( 10.2) | 71.9 (-0.1) | 72.3 ( +0.6)
20 | 66.6 |69.1(+3.8)|66.8(+0.3) | 66.6(-0.0) |69.0( +3.7)
30 | 56.8 | 56.3 (-0.9) | 56.9 ( +0.2) | 57.2 ( +0.8) | 55.4 ( -2.4)
40 | 484 |50.3(+3.8) 48.4(—|—00) 48.9 ( +1.0) | 48.8 ( +0.7)
50 | 417 |43.0 (+3.1) | 415 (-0.4) | 42.1 ( +1.0) | 42.7 ( +2.6)
60 | 36.4 |37.8( +3.6)| 36.4 (-0.0) |36.5( +0.2) | 37.4 ( +2.6)
70 | 332 |34.8( +4.8) | 33.2(-0.1) |33.2 ( +0.0) | 34.9 ( +5.0)
80 | 30.9 | 30.8(-0.3) | 30.9 (-0.1) | 30.9 ( +0.1) | 31.2 ( +0.8)
90 | 25.0 |25.1(402) | 252 (40.4) | 25.0 (-0.3) | 25.2 ( +0.7)
100 | 19.7 | 19.4 (-1.2) | 19.7 ( +0.0) | 19.7 ( +0.3) | 19.7 ( +0.2)
avg | 431 |44.0 ( +2.1) | 43.1 (+0.1) | 43.2 ( +0.3) | 43.7 ( +1.4)

Table 5: Summary of results on all types of term-based association thesauri

From above experimental results, term-vs-noun_term thesaurus performs better than the term-
vs-verb or the term-vs-adjective & adverb_term thesaurus, the term-vs-verb term thesaurus
performs better than the term-vs-adjective & adverb_term thesaurus. The term-vs-term the-
saurus, which ignores part of speech tags, is slightly less effective than the term-vs-noun_term
thesaurus, but performs better than the term-vs-verb or the term-vs-adjective & adverb_term
thesaurus.

It seems that nouns are most useful for query expansion, verbs less, adjectives & adverbs
least.

We also concluded that the term-vs-phrase thesaurus in part 1 performs much better than all
types of term_based thesauri.

3. Test what are the best noun phrase rules?

There are many noun phrase rules used to identify the noun phrases for Japanese text(®]
but what are the best noun phrase rules? In the following experiments, three sets of phrase
rules, are used to produce different term-vs-phrase association thesauri. Table 6 presents the
experimental results® on the three term-vs-phrase association thesauri.

Sall thesauri are built with the paragraph limit 3 in this part.
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Recall Precision (% change)-27 queries
BASE | {NNN NN} | {NNN,NN,N,NV,VN,RNN, |{NNN NN N}
NNO,RNO,JRNN,JNN,JNNO}

10 | 719 | 759 ( +5.5) 75.9 ( 15.5) 75.3 ( 14.8)
20 | 66.6 |69.2( +3.8) 69.3 ( +4.1) 69.7 ( +4.7)
30 | 56.8 |59.0 (+3.9) 59.3 ( +4.4) 58.5 ( +3.0)
40 | 484 |50.0 (+3.2) 50.3 ( +3.9) 50.1 ( +3.4)
50 | 417 |43.0 ( +3.3) 435 ( +4.5) 44.0 ( +5.6)
60 | 36.4 |36.6(+0.4) 36.6 ( +0.4) 37.8 ( +3.8)
70 | 332 |33.4(40.6) 33.4 ( +0.6) 33.6 ( +1.1)
80 | 30.9 | 30.9 (-0.1) 30.9 ( -0.1) 31.2 ( +1.1)
90 | 25.0 |25.0 (+0.0) 95.1 ( +0.1) 26.0 ( +3.9)
100 | 19.7 |19.7 ( +0.0) 19.6 ( -0.6) 19.7 ( -0.1)
avg | 431 | 443 ( 12.8) 444 ( 13.0) 146 ( +3.6)

Table 6: Summary of results on the term-vs-phrase thesauri with different sets of noun
phrase rules

The purpose of removing single noun from the set of phrase rules is to reduce the amount
of the association data because many phrases are composed of single nouns. It is expected
that some important single-noun phrases would be lost because of this. But how big would
the loss be? The Table 6 shows that the loss is not significant for Japanese text. Further
experiments should be done on larger collections to confirm this conclusion.

Fujii and Croft mentioned some phrase rules for Japanese text retrieval in their paper!*®]

use these phrase rules as our second set of phrases rules, but the experimental results show
that the addition of adjective, prefix, postfix, and adnoun to the noun phrase rules does not

, we

enhance retrieval performance.

Our experiments show that the association thesaurus based on the noun-only noun phrase
rules performs best. We may even remove single noun from the phrase rules to reduce the
amount of association data if we can confirm that the individual nouns do not play a very
important role for query expansion in Japanese text retrieval.

. Experiments on association thesauri with different paragraph limits.

JPhrasefinder has shown that a small paragraph limit can significantly reduce the amount of
association data. The experiments on association thesauri with different paragraph limits are
to find an appropriate paragraph limit. Table 7 reports the results of query expansion using
three thesauri with different paragraph limits. PL-n means that the association thesaurus is
generated with the paragraph limit n.
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Recall Precision(% change)-27 queries
BASE PL-1 PL-3 PL-5

10 | 719 | 752 ( +4.6) | 753 ( +4.8) | 75.7 ( +5.2)
20 | 66.6 |70.1( +5.2)|69.7 ( +4.7) | 69.3 ( +4.1)
30 | 56.8 |60.1( +5.9) | 58.5 ( +3.0) | 59.2 ( +4.3)
40 | 484 |51.8(+6.9)|50.1 ( +3.4) | 50.0 ( +3.3)
50 | 41.7 |45.2( +8.4) | 44.0 ( +5.6) | 43.2 ( +3.6)
60 | 36.4 |38.8(+6.4)|37.8(+3.8) 3658 (+0.8)
70 | 332 |34.7( +4.5)|33.6 (+1.1) | 33.5 ( +0.9)
80 | 309 |32.5(+53)|31.2(+1.1)| 30.8(-0.5)
90 | 25.0 |26.5( +5.7) | 26.0 ( +3.9) | 25.1 ( +0.2)
100 | 197 | 19.6 (-0.2) | 19.7 (-0.1) | 19.6 ( -0.6)
avg | 431 |45.4( 15.5) | 44.6 ( 13.6) | 44.3 ( 12.9)

Table 7: Summary of results on association thesauri with different paragraph limits

From above experimental results, the association thesaurus with paragraph limit 1 produces
much better results than the other thesauri. This may be explained by the fact that the
sentence is well organized in Japanese.

5 Conclusion

In this paper, we applied an approach based on the phrased-based query expansion method to
Japanese text retrieval, and did some experiments on the collection with 1100 documents. Our
experiments showed:

e The method also results in considerable improvement in Japanese text retrieval.

o Retrieval performance is sensitive to the weights of the added items and the number of the
added additional terms.

o For Japanese text retrieval , the term-vs-phrase thesauri perform much better than all types
of term_based thesauri, the association thesaurus based on the noun-only noun phrase rules
produces the best improvement, and individual nouns may not help to improve retrieval
performance very much.

e For Japanese text, it seems that nouns are most useful for query expansion, verbs less, adjec-
tive & adverbs least.

e For Japanese text retrieval, the association thesaurus with paragraph limit 1 produces much
better results than thesauri with other paragraph limits.

In our future research, we will do further experiments on larger databases to conform conclusions
we got here. We will also do some experiments to compare this method’s effects to Japanese text
retrieval and English text retrieval.

Qiul'l, Jing and Croftl'4] have showed that the larger the collection is, the better the association
thesaurus performs, better results will be expected on association thesauri built on larger collections.
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