
!"

Integrating Technical Terms into Thesaurus using
Extracted Related Words

Yoshimi Suzuki and Fumiyo Fukumoto 1

Abstract. Thesaurus expansion is important for most of NLP ap-
plications. Because word senses are useful information for them and
new words which are not listed in a dictionary appear in documents:
web pages, patent documents, and so on. This paper describes a
method to integrate new technical terms which appear in patent docu-
ments into a thesaurus. To integrate new words into a thesaurus which
has hierarchical semantic features, we used some words which are
listed in the thesaurus and are extracted as the similar words of the
new words. For validity test of the method, we performed some ex-
periments using words which are listed in the thesaurus as test data.
And also we performed some experiments using new words. The re-
sults suggest that the proposed method is effective for thesaurus ex-
pansion.

1 Introduction

There are a large collection of patent documents, and many people
with different interests and with different specialized fields. When a
person who is not the expert in the area retrieves patents, it is very dif-
ficult for him to find the relevant patent documents. Because he may
not known the technical terms which are related to the keywords in
the area. Also, researchers in same area may not remember keywords
in a moment. For example, researchers of a company use ’stall’ and
researchers of another company use ’hang up’. Therefore, it is impor-
tant to construct thesaurus of technical terms for the person who is
not the expert in the area. For example, using thesaurus of the tech-
nical terms, user can use the words which he did not know but are
listed in the thesaurus as synonyms of the keyword. Also using the
thesaurus, the system can retrieve patent documents using query term
expansion.

Currently there are a lot of electronic thesauri, e.g. Roget’s The-
saurus, WordNet[5], BunruiGoiHyo [7] and EDR concept dictionary.
However, they are thesauri of common words and they have few tech-
nical terms or their hierarchal semantic features are not for technical
terms. For example, in EDR concept dictionary which has 410 thou-
sands words and has about 8 levels of hierarchy, the hypernym of
“collector (one of electrodes of transistor)” is “machine component”,
and “base” and “emitter” which are also electrodes of transistor are
not listed in EDR concept dictionary. EDR concept dictionary which
lists 410 thousands words can not be expanded by integrating techni-
cal terms, because its classification for technical terms is very coarse.
Therefore, it is necessary to construct thesaurus of technical terms.

There are a lot of studies for thesaurus construction and thesaurus
expansion. Tokunaga, et al. [11] and Uramoto [8] proposed meth-
ods for extending an existing thesaurus by classifying new words
in terms of that thesaurus. However, their studies are for commonly
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used words and not for technical terms. Also there are many stud-
ies of ontology mapping, ontology alignment and ontology matching
(e.g., [10], [2], [9]). These studies are able to use structure informa-
tion of both ontology. However, for integrating unknown words into
a thesaurus, we can not use semantic structure of unknown words.

For thesaurus construction or thesaurus expansion, we have to ex-
tract similar word pairs. In order to extract similar word pairs, some
methods ([3], [4] and [6]) based on dependency relationships are pro-
posed. However, their methods are for commonly-used words and
they did not mentioned whether their methods were effective for
technical terms.

For extracting similar words of technical terms, we have to deal
with the following difficulties.

• Some technical terms appear less frequency.
• Some technical terms are used in same context. Therefore it is

difficult to obtain various dependency relationships.

In this paper, for deal with these difficulties, we present a method
for detecting word senses of unknown technical terms using extracted
coordinate terms of the technical terms and hierarchical semantic fea-
tures of a concept dictionary. Also we propose a method to integrate
new technical terms into a core thesaurus. We perform some experi-
ments in order to confirm effectiveness of the proposed method.

2 System Overview
Figure 1 shows the overview of our system. Our system consists of 4
procedures.

Figure 1. System Overview

We explain 4 procedures of our system using examples of the new
technical terms: ’JBIG’, ’corpus’ and ’packet’.
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3 Extracting words Which are Similar to the new
word

Some technical terms do not frequently appear in even if large cor-
pora. Table 1 shows frequencies of 5 technical terms in the patent
documents. Although the technical terms in Table 1 are technical
terms about data compression, ’JPEG’ appears frequently, however
’JBIG’ appears few times. Therefore, in order to deal with the tech-
nical terms like a ’JBIG’, we have to extract technical terms which
are the coordinate terms of the technical terms.

Table 1. Frequencies of 5 technical terms in the patent documents

Technical terms code frequency
JBIG none 200
JPEG none 1446
GIF none 2
image compression 3cd3e6 3643
data compression 3c8276 7783

3.1 Dependency Relationship

Dependency information is used for extracting semantic similar
pairs. For example, Lin proposed “dependency triple” [4]. A depen-
dency triple consists of two words: w, w′ and the grammatical re-
lationship between them:r in the input sentence. ||w, r, w′|| denotes
the frequency count of the dependency triple (w, r, w′). ||w, r, ∗||
denotes the total occurrences of w − r relationships in the corpus,
where “∗” indicates wild card.

We used 10 kinds of case particles as r. Table 2 illustrates the case
particles which we used as r.

Table 2. 10 case particles

case particle description
ga nominative case
no genitive case
wo accusative case
ni dative case
he goal
to comitative case

kara elative case
yori from, at
de inessive case
ya coordination

For example, a dependency triple (apply, object, JBIG) is obtained
for the unknown word “JBIG”. However, some technical terms do not
appear frequently, then we have to use hierarchical semantic features
for smoothing technique.

4 Extracting Dependency Triples of the new word
and Its Coordinate Terms

In order to extract the corresponding semantic feature of the new
word, we extract dependency triples of the new word and the ex-
tracted words. Table 3 illustrates examples of dependency triples of
the extracted words. Using some extracted words, many types of de-
pendency triples are extracted.

Table 3. Examples of dependency triples of the extracted words

w r w′

message object (wo) save
message object (wo) send
frame object (wo) discard
information subject (ga) change
signal subject (ga) contain

5 Extracting Words Which are Similar to the new
word and are Listed in EDR Technical term
dictionary

We extract words which are similar to the new word and are listed
in the core thesaurus. For extracting the similar words from the core
thesaurus, first, I(w, r, w′) is calculated using Formula (1).

I(w, r, w′)

= − log(PMLE(B)PMLE(A|B)PMLE(C|B))

−(− log PMLE(A,B, C))

= log
||w, r, w′||× ||∗, r, ∗||
||w, r, ∗||× ||∗, r, w′|| (1)

where PMLE is the maximum likelihood estimation of a probability
distribution.

Let T (w) be the set of pairs (r,w′) such that log ||w,r,w′ ||×||∗,r,∗||
||w,r,∗||×||∗,r,w′||

is positive. The similarity Sim(w1, w2) between two words: w1 and
w2 is defined by Formula (2).

Sim(w1, w2)

=

∑

(r,w)∈T (w1)∩T (w2)

(I(w1, r, w) + I(w2, r,w))

∑

(r,w)∈T (w1)

I(w1, r, w) +
∑

(r,w)∈T (w2)

I(w2, r, w)
(2)

Table 4 shows examples of extracted similar words of “JBIG”.

Table 4. Extracted similar words of “JBIG” (top 5)

rank words in the core thesaurus similarity
1 image compression 0.331
2 data compression 0.313
3 algorithm 0.182
4 program 0.155
5 command 0.153

6 Detecting Corresponding Semantic Features
Finally, candidates of corresponding semantic features of the new
word are detected using the hierarchical semantic features of the core
thesaurus. Table 5 illustrates the extracted technical terms which are
similar to “packet” and are listed in the core thesaurus. In Table 5,
most of top 10 words are technical terms about transmitting data.

Figure 2 illustrates part of hierarchical semantic features associ-
ated with “packet”. For estimation, we use node distance between
each node of the extracted word and node of the new word (packet).
We defined node distance was number of arcs from the new word to
the node which was the ancestor of the new word and the extracted
word. For example, in Figure 2 node distance between “packet” and
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Table 5. Extracted proper nouns for “3c8e70 packet” (top 10)

rank noun code similarity
1 message 3c9112 0.542
2 frame 2e6a69 0.535
3 information 2dd8aa 0.532
4 signal 3c8966 0.523
5 bit 2dee6f 0.442
6 transmit data 2fb213 0.415
7 content 2decb4 0.410
8 image data 3c74fa 0.404
9 received data 2fe07a 0.398

10 block 2def72,3c8561 0.396

“bit” is 1. In Figure 2, average of node distance of top 10 words and
“packet” is 2.36 (= 1+1+2+2+2+2+2+3+3+4+4

11 ).

Figure 2. Hierarchical semantic features of “packet” and its similar nouns
(top 10)

7 Experiments

7.1 Experimental setup

We used patent publication bulletins written in Japanese (1993)
which were provided by patent retrieval task of NTCIR Workshop 4
[1]. The patent publication bulletins consist of about 210 thousands
patent documents. The new unknown technical terms are selected
from the patent documents.

We used technical term dictionary (domain: information process-
ing) by EDR as a core dictionary. It has about 90 thousands concept
classification records. Figure 3 illustrates hierarchic structure of se-
mantic feature of “corpus” in the dictionary..

The depth of the hierarchical semantic features is 6. ‘corpus’ is
one of child nodes of ‘document’. The lower semantic features of
‘document’ are ‘corpus’, ‘archive’ and so on.

Figure 4 shows three types of related words and dictionary struc-
ture of the core thesaurus. “processing products” is the hypernym
of ‘documents’. ’corpus’, ’archive’ and ’thesaurus’ are hyponyms
of ’documents’. And also these words are coordinate terms of each
other.

Figure 3. Hierarchical semantic feature of “corpus” in EDR Concept
Classification Dictionary of Technical Terms

Figure 4. Dictionary structure and related words
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7.2 Experimental results and Discussion

We performed experiments of integrating technical terms into a the-
saurus using 100 test words. We confirmed that 100 technical terms
are classified into the corresponding semantic features by using our
method. The technical terms were selected from top 400 words
which are frequently searched in “Dictionary of IT technical term
’e-Words”’2.

Table 6 shows the results.

Table 6. 100 technical terms and their average of node distance

Technical terms Average of
node distance

CCD 4.12
LAN 3.56
LED 3.20
algorithm 3.43
bit 3.30
buffer 3.71
computer 3.22
counter 3.85
database 2.79
data bus 3.33
device 2.61
driver 3.21
flag 1.89
flip-flop 2.66
format 4.05
header 3.52
interface 2.23
low pass filter 4.00
microprocessor 3.87
memory 2.41
modem 1.00
module 3.91
network 3.89
node 2.97
offset 2.92
packet 2.36
parameter 3.11
password 4.83
pixel 3.33
processor 3.85
protocol 4.22
polling 3.54
port 2.34
register 4.75
scanning 4.00
segment 3.88
socket 2.26
software 3.71
subroutine 3.74
throughput 2.62
. . . . . .
average of 100 words 3.54

In Table 6, “average of node distance” indicates average of node
distance between the new word and its similar words (top 10 words
and their similarities are higher than 0.5) which are listed in the core
thesaurus. As the results, we obtained average of node distance was
3.54 using the hierarchical semantic features whose depth is 8.

The worst case was ‘password’, whose average of node distance
was 4.83. Table 7 shows the extracted similar words of ’password’.
Although the average of node distance of ’password’ is not so good
and node distance between ’passcode’ and ’password’ is 6, ’pass-
code’ and ’password’ are similar to each other. From these results,

2 http://e-words.jp/

it appears that the core thesaurus is too small and some polysemous
words are unconsidered.

Table 7. Similar words of ’password’

rank similar word similarity node distance
1 passcode 0.548 6
2 identification number 0.538 6
3 number 0.534 5
4 ID 0.532 5
5 ID number 0.521 2
6 identification code 0.509 2

Table 8 shows the results of the words which are not listed in the
core thesaurus. As the results a node is selected as the hypernym the
words.

Table 8. Unknown words and the selected node as the hypernym of the
words

num word extracted hypernym
1 filament parts of hardware
2 solar battery parts of hardware

Figure 5 shows how to integrate new word: ’filament’ into core
thesaurus. For deciding the hypernym of ’filament’, we trace links
from root node to a leaf node. If a node has more than one child node,
we select a child node whose subtree has extracted words more than
other subtrees. If the extracted words in the subtree are less than 2,
the nodes are decided as the hypernym of the new words.

Figure 5. Experimental Results: “filament”

Although we use very few test data and use a core thesaurus which
has coarse classification, we can integrate new technical terms into a
thesaurus.

8 Conclusion

This paper proposed a method to integrate new technical terms into a
thesaurus using extracted similar words of the technical terms. Using
the extracted words from patent documents and hierarchical structure
of a technical term dictionary, we showed the possibility of thesaurus
expansion.
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