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Figure 6. Indexing Strings Extraction Proceedure

cept, yet they have information to extract keywords
from arbitrary string in Japanese and Chinese. We
also need to note thaif,/df; (adaptation) may be-

come large when the corpus tents to treat the string

Next, for each string in the best segmentation:
words, we calculatelf,/df, anddf; /N. We have ob-
served that strings of one character exist as the result
of segmentation problem for function words. There-

as keywords, even if the word generally is regarded asfore, we add a heuristics that we will ignore the strings

functional words.

3 Indexing String Extraction Procedure

We have developed a procedure to extract index-
ing strings observing the figures of previous section.
We have utilized the facts that adaptation within the
boundary is larger than surrounding strings, and the
value within the boundary may be regarded as con-
stant. We also utilized the fact that we can distin-
guish the keywords and surrounding strings in adap-
tation and frequency plain.

Indexing string extraction procedure is divided into

of one character. Observing the distribution of the key-

words, as is shown in figure 1 and figure 2, we formu-

late the following condition.

{ 0.1 < dfa(w;)/dfr (w:), }
conditions = ¢ 0.00005 < dfi(w;)/N < 0.1, (1)
length(w;) > 1
wherelength(w; ) is length of stringw, .

Although the constants including in formula (1) de-
pend on target corpus, we can decide the constants
from the existence range by examining a sample set
of good indexing strings. The output of the system is

two steps as figure 6. First, we estimate the boundary e set of the strings that satisfies this condition.

of keywords, and then we select keywords.

We have defined an empirical score obtained from
results of figure 1 and figure 2. We regard this in-
dexing string likelihood, assuming that keywords will
have high indexing string likelihood. Please note that
the strings with extremely high frequency also have

large adaptation. They sometimes have larger adap-

tation than keywords even if the strings are not good
indexing strings. Therefore, we adjusted the value of
likelihood with the same level of good keywords. We
also regard this score of the string with low frequency
as negative infinity assuming that the value of adapta-
tion is not reliable at all.

dfz (w) dfy (w)

log df1 (w) for dfg(w) 2 37 L S 0.5
score(w) = < log0.5 for dfa(w) > 3, 102 5 05
- for dfz(w) < 3

Using this likelihood, we have calculated the seg-
mentation that will give the highest sum of these like-
lihood values of segmented strings. This is formulated
as below:

>

W={wy,wa, " ,wn}

words = argmaxy, score(w;)

whereW is a segmentation of given string, and is
thei-th segmented string 61/.

Ozawa[l15] reports segmentation of the similar
kind. Ozawa useddf as the score function, and re-
ported this segmentation improves the information re-
trieval precision. Although segmentation &jf may
not produce natural indexing string, proposed segmen-
tation by our likelihood tends to produce more natural
words than Ozawa’s system.

It should be noted that this segmentation method
does not uses any kind of dictionaries. All that need
is the sample of good keywords and reasonably large
corpus. Yet, we have observed that it can decide mean-
ingful string.

Although indexing strings might not necessary be
the meaningful string for information retrieval, theo-
retically indexing unit should be statistically indepen-
dent each other, and the strings corresponding to word
boundary will be more independent than the strings
within words. Therefore we may say this approach fits
the theoretical framework, and provide an actual way
to provide independent string unit.

It reported that using bigram or n-gram as indexing
strings works well for Chinese or Japanese [14, 21].
We can still use our system with these systems.

After extracting indexing strings in a query, we can
ignore other strings in a query as the source of noise.
Although this approach is not theoretical at all, this
makes it possible to use indexing extraction system
with existing information retrieval systems.



Table 1. Example of Indexing Strings of Proposal Method

No.  Query

0001 ODOOODOoOOoOo/Ooooo
autonomous mobile robot/ about

0002 0OOOO/O/ODOOO/ODODOOO/ODOODOOO/ODOooo/ooo/ooool/
ooooo/o/ooooo/oooooooooo
compound noun/ of / structural analysis/ in field of / symbolic/ a method of ktatistical
/ a method of £ombination / approach/ is there any research of

0003 OO /OO /ODOOO/ODOOO/ODOO/OoOoOoooooo /oo
machine/ learning / about /sample/ complexity / is discussing aboutgublication

4 Experiments

tfidf (d,w) = (1 + logtf(d, w)) (1 +log %)

In the evaluation, we have extracted indexing
strings from each query with several different meth- Wheretf(d, w) is frequency of wordw in the docu-
ods including proposed one. Then, we have comparedMentd, df (w) is the frequency of documents contain-
information retrieval precision replacing each query N9 termuw.
with the corresponding extracted indexing strings. We ~ The second schema is ETW. ETW stands for Em-
have used NTCIR1 collection [5, 13]. This collection Pirical Term Weighting. ETW is a schema that we
consists of 83 queries and about 330,000 documentshave been using in our experience with NTCIR. It is
of Japanese technical abstracts. NTCIR1 collection kind of statistical model, and shows reasonable perfor-
contains two kind of relevance judgment called RIGID Mance for NTCIR collection, is defined as follows.
and RELAXED. We have obtained 11 points average
precision with the standard tools called TRECEVAL n(d, w) = max(0, min(idf (w),
for both judgments.

We compare proposal method: SIS with four other _ N
methods. The first method is HMN. A human subject idf (w) = log Frray
who is native speaker of Japanese and knows techni-
cal fields including the structure of information sys-
tem selects the important indexing string by hand. We
believe that this is the best method we can do for in-
dexing string selection, even if it is very expensive to
perform information retrieval. We choose this method
as optimal case to measure how much efforts remain.5 Results
The second method is ALL. All the strings in each

query are used as it is. We choose this method as First, we show the examp|e of indexing Strings
base line to measure the improvements as total. Thethat SIS outputs. Table 1 shows the output for some
third method is DF1. We select strings whose bi- queries. The indexing strings are in bold letter. The
grams have similar document frequency as the key- next line is direct translation of each string. It is inter-
words. We do not use df2 at all to show the impor- esting that we can have some translation for the string
tance of df2. The forth method is CHA. This method that iS produced by the System W|thout |anguage de_
uses the output of Chasen and selects the string USingpendent knowledge.
part of speech information provided by Chasen. We  Taple 2 and table 3 show performances of informa-
selected the segmented strings labeled as "nouns” andjon retrieval for all methods. First of all, we have
"unknown words”. We choose this method as a repre- found the SIS is the best system in our experiment.
sentative of the dictionary based systems. It should be noted that HMN does not work well, even
We also need several weighting schema because theéf SIS learns indexing strings by the examples of hu-
precision is affected by term weighting. We choose man. Let us recall the procedure of SIS. SIS will select
two kind of schema. This first schema is TFIDF. strings within a region off; /N vs. dfs/df; plain. Itis
TFIDF is standard weighting schema described in text- not sure whether human being will select every string
book. TFIDF is a variation oftf(d,w) - idf (w). within this range. This suggests that human can select
It is reported that TFIDF shows better result than good indexing strings because SIS works, but the hu-
tf(d,w) - idf (w). TFIDF is defined as follows. man may not select all the indexing strings that should

At f(dw) + bef(d,w)idf (w)))

The coefficients ofi; andb; are empirically decided
by the regression of log odds from the relevance judg-
ment of training collection. See Reference [21] for the
detail of ETW.



Table 2. Gross 11pt. average precisions (RIGID)

HMN SIS ALL DF1 CHA
TFIDF 0.2226 0.3042 0.2293 0.2633 0.1997
ETW  0.2408 0.3220 0.2821 0.2841 0.2408

Table 3. Gross 11pt. average precisions (RELAXED)
HMN SIS ALL DF1 CHA
TFIDF 0.2278 0.3153 0.2356 0.2726 0.2121
ETW  0.2404 0.3318 0.2908 0.2936 0.2488

Table 4. The number of WINs of SIS
RIGID RELAXED
CHA DF1 ALL HMN | CHA DF1 ALL HMN
TFIDF | 64 51 66 31 64 53 65 34
ETW | 56 50 53 24 55 48 51 27

be included because the precision of HMN is less than  From results of table 2, the hypothesis is rejected
SIS. at the rate 0f3.92 x 1072 or less. The performance

The precision of DF1 is in between SIS and ALL. differences difference with SIS and other systems are
This suggests that selecting indexing strings by statis- statistically significant.
tical measure effective because DF1 is more precise
than ALL. This also suggests that the contribution of
adaptationdf-/df1) is not negligible.

The worst system is CHA. We estimates that this & Related Work
is due to poor dictionary because the query is about
special technical documents.

Next, we are interested in the behavior of individ- Our indexing string extraction procedure consists
ual query and statistical significance. Therefore, we of word segmentation and indexing strings selection.
have compared 11 points average precision of eachin information retrieval, it is important to choose the
query. Table 4 shows the number of WINs for each word segmentation method, because it directly affects
method, where WIN represents the situation that pro- the retrieval performance. Many word segmentation
posed method has higher 11-point average than an-methods based on statistical analysis have been pro-
other. posed for Japanese so far. In previous works, there

The interesting case is HMN. The number of WIN are many methods using a lexicon [12, 19], a seg-
out of 83 is contradict the result of previous one. One mented training data [6, 10, 20], or an unsegmented
possible explanation is that Human sometimes makestraining data [7]. These methods use language infor-
a fatal mistake even if Human usually makes slightly mation such as a part-of-speech and types of charac-
better choice. ter. Our method dose not use such language informa-

The results of other systems are consistent with pre-tion. There is another method using frequency infor-
vious experiment. The proposed system (SIS) is the mation in training data [7] like our methods. While our
best system, and DF1 is the second best. We can perimethod uses only document frequency, this method
form hypothesis test by the number of WIN. The null needs collection frequency and knowledge of a part
hypothesis is that the probability that the target system of speech. The below methods are proposed for mor-
shows better performance is less than 0.5. Assumingphological analysis in Japanese. As opposed to these,
that each query is independent, the number of WIN we propose a word segmentation method for obtain-
obeys binomial distribution. The probability that WIN ing effective words in information retrieval. In Chi-
is more tharm times satisfies following formula: nese information retrieval, there is a report for over-

segmentation phenomenon; thats’ accurate segmenters
lead to reduce retrieval performance [16]. This sug-
1r m e gests that a segmenter for information retrieval is not
P(X 2m)= 9 /0 Z nCmp™ (1 = p) dp necessarily an accurate segmenter. Therefore, we con-
n " " clude that our proposal segmenter is useful for infor-
< chm <1) mation retrieval at least, though our obtained words
- 2 are not necessarily correct words.

1/2 n



7 Conclusion

We have described a method to decide indexing
strings by statistical analysis. The method calculates
document frequency and adaptation for every string of

(10]

queries, then decide which strings are likely to be key- [11]
words learning from the examples of keywords. As

the result, we have found that we can obtain mean-

ingful strings from the system without and language
dependent resources.

We have measured the effectiveness of the index-
ing strings of our system. We found that the average
performance of the system is better than that of other
system including human selection, even if the system

[12]

Mori, S. and Nagao, M., Unknown Word Ex-
traction from Corpora using N-gram Statistics,
Journal of the Information Processing Society of
Japan vol. 39, no.7, pp.2093—-2100, 1998, (in
Japanese).

Nagao, M., The lwanami Software Science Se-
ries 15: Natural Language Processitvganami-
Shoten1988, (in Japanese).

Nagata, M., A part of Speech Estimation Method
for Japanese Unknown Words using a Statisti-
cal Model of Morphology and ContexCL99
pp.277-284, 1999.

try to follow the human behavior. We have also ver- [13] NTCIR Project, http://research.nii.ac.jp/ntcir/
ified that adaptation have significant contribution for
improving performance in our system.
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