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Abstract

A major problem of the CLIR is the Out of vocabulary (OOV) terms, which are
typically new terms that cannot be found in dictionaries. It has always been so difficult to
successfully translate OOV terms form one language to other, especially for those
languages without clear word boundaries such as Chinese. Some Chinese translations of
English medical OOV terms are not perfectly translated due to non-Chinese characters.
All existing English to Chinese OOV term translation approaches assume Chinese
translations only contain Chinese characters, as a result non-Chinese characters which
sometimes are important in the Chinese translations are ignored. This problem usually
does not occur in name entity OOV terms but it becomes problematic for technical and
medical type OOV terms. We solve the non-Chinese character problem with a rule based
candidate generation approach which considering different English OOV term and
automatically adjust the candidate generation system accordingly. We also proposed
some new features such as modified association measures and average location distance
of translation candidate to improve the accuracy of translation. We used a machine
learning system to select the correct Chinese translations. Our approach outperforms the
existing approaches with a precision of 95.48% and can handle the Chinese translation
that includes non-Chinese characters.
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Chapter 1

Introduction

Today information spreads fast throughout our world in many different ways such as
newspapers, televisions and the Internet. Neither newspapers nor televisions have the fast
spreading speed and geographical free availability of the Internet. The Internet offers us
an easy and fast access to information worldwide with no boundaries. The amount of
information on the World Wide Web is increasing every day; we can get almost any
information from the Internet. However, the use of the Internet is limited by one’s own
language ability. For example, a person who knows only English may only understands
the English web pages. Although there were many translation tools proposed, they work
well only with simple words or short sentences. The Internet users need an automatic
multilingual translation tool. In this chapter, we are going to describe the cross-language
information retrieval and the out of vocabulary problem, our motivation, objectives, and
thesis overview, in 1.1, 1.2, 1.3, 1.4, and 1.5 respectively.

1.1 Cross-language information retrieval & Out of Vocabulary

Cross-language information retrieval (CLIR) is an emerging field of study dealing
with multilingual translation and information retrieval. It lets the user input queries in a
source language to find information written in a target language. CLIR has many useful
applications, for example, it assists user to translate words, phrases, and documents from
one language to another. Bilingual dictionaries and bilingual translation software are all
tools of CLIR, but both above tools cannot perform a high-accuracy bilingual translation
without human interferes. Till today, King Soft (Jinshan 2009), one of the best bilingual
translation software in Chinese to English/English to Chinese, is only able to reach 40%
to 50% accuracy when cross language translation is applied with newspaper articles. One
of the problems cause such low accuracy is the out of vocabulary problem.

Out of vocabulary (OOV) terms are typically new terms from current affairs, such as
person names, place names, newly technical terms and translated words. Compound
words can be considered as another type of OOV terms. A compound word is a word that
composes of multiple sub-words that constitute a new meaning. This compound word
may not relate to the meanings of its sub-words, consequently direct translation of each
individual word would result in miss translation. For example, the word “cross straits”
means China and Taiwan relationship that is totally unrelated to its component words.



OOV terms can be classified into two groups, 1) the name entities such as person
names, brand names, and location names, and 2) the technical OOV terms such as newly
technological terms and medical terms. Name entities are usually translated by
transliteration, and, the Chinese translation usually includes only Chinese characters.
Technical OOV terms are usually translated by a combination of meaning and
transliteration. Then, some Chinese translations include non-Chinese characters. One
way to deal with OOV term problems is to add many dictionaries from different fields to
include the translations of that OOV term. Some disadvantages for this method includes:
require lots of memory for dictionaries; some OOV terms are too new, even the latest
dictionary does not include these OOV terms. Another way is to use the huge amount
of information available on the Internet to translate the OOV terms. The translations of
the OOV terms usually co-occur with the OOV term on the same document, if we can
extract these translations, we could build an automatic OOV term translation system
without human interfere.

1.2 Motivation

Information technology in Natural language processing field has presented number of
methods on English to Chinese OOV terms translation. Chinese is a language spoken by
over one billion populations in the world, and it is the second largest spoken language
besides English. All existing methods for English to Chinese OOV terms translation take
the advantage of the Internet. Most of them mainly focus on frequently used name entity
OOV terms. Name entity OOV terms are typically famous person names, location names,
brand names, which occur frequently on newspaper articles and their translations are
usually demand by the general public. However, the rapid growing of cross-country
patients, increasing cross-nation medical researchers, and growing multinational
hospitals, also needs the translations of some special medical OOV terms. Whenever a
new sickness is been discovered, usually it is initially been given a name in English.
Most the time, the special medical terms are too difficult to be translated, so the original
English terms are been used as Chinese translation. It is difficult for Chinese medical
researchers and patients to understand the meaning of the disease if such English medical
OOV term cannot be presented in Chinese language.

It has always been so difficult to successfully translate OOV terms from one language
to another, especially for those languages without clear word boundaries such like
Chinese. Most existing name entity OOV term translation approaches usually produce
multiple answers that require human to select. It is reasonable and easy for human to
differentiate a brand name and a normal term. Nevertheless, those methods are not
suitable for technical OOV terms, especially medical OOV terms, because it is difficult
for non-expert persons to select the correct translation as those OOV terms are usually
technical terms. According to our observation, some English medical OOV terms are not
perfectly translated into Chinese as they sometimes include non-Chinese characters such
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as English alphabets, numbers, and symbols. At the present, the existing English to
Chinese OOV term translation system ignore those non-Chinese characters in the
Chinese translations.

1.3 Objectives

We propose to build a system that translates English medical OOV terms into
Chinese. This system uses the Internet as the source for Chinese translations. Different
from most existing approaches, our system considers the non-Chinese characters in the
Chinese translations. Our system selects the Chinese translations automatically using
association measures and data mining techniques.

1.4 Scope of our work

This thesis focuses on translating English Medical OOV term to Chinese only since
existing English OOV term to Chinese translation approaches cannot perfectly handle
English medical OOV terms. This thesis looks in detail when applying the existing
English OOV term to Chinese translation approaches to the English medical OOV term
problems and finds ways to improve the quality of the results in terms of accuracy.
Certain OOV terms are beyond our translation ability. Our system is limited to the
English OOV terms that can only be retrieved from the Chinese Web. We only consider
the Chinese translations that are not too far away from the English OOV term.

1.5 Thesis Overview

The overall thesis is outlined in the following chapters. The existing English to
Chinese OOV terms translation approaches are presented in Chapter 2, which is a
summary of extensive literature review. In Chapter 3, we present our proposed
approaches for English-Chinese OOV term translation. In Chapter 4, we present the
experimental results of our proposed approaches. In Chapter 5, we present the detailed
discussion of those experiment results. Finally, we conclude the thesis in Chapter 6.



Chapter 2

English to Chinese OOV term Translation Background

2.1 Introduction to Chinese

Chinese language is a language spoken by more than one billion people over the
world, is a language that constitutes the second largest number of speakers. The old
Chinese Qin Empire regulated the Chinese language or Standard Mandarin for more than
2000 years ago. Standard Mandarin is the official language of the People's Republic of
China (PRC) and the Taiwan. Although Chinese and Taiwanese all speaks the same
Standard Mandarin, they have different writing systems.

For the Standard Mandarin speaking language, there are two different writing
systems, which are Traditional system and Simplified system. The traditional system is
usually very difficult to write, as there are many strokes for writing. The traditional
system comes with the Chinese characters based phonic system for pronunciation
purposes. This system is used in Taiwan, Hong Kong, and Macau as the official written
system and some other Chinese speaking communities including Thailand.

The simplified Chinese system is modified from the traditional system to reduce the
number of strokes for each Chinese character in order to write them more easily. The
simplified system uses a Romanic phonic system for pronunciation purposes. This
system is used in China and Singapore as the official written system.

The traditional writing system writes the Chinese characters-Hanzi in vertical
columns from top to bottom whereas the simplified writing system writes the Chinese
character in horizontal rows from left to right. Nowadays, texts both traditional and
simplified writing system are usually arranged in horizontal rows from left to right.

Unlike English, Chinese language has no word boundary between Chinese words. In
addition, almost all Chinese characters have a meaning and thus they are treated as a
word. According to a comprehensive Chinese dictionary “Hanyu Da Cidian,” it contains
23,000 Chinese characters and more than 370,000 Chinese words.(Government 2009;
Language 2009; WiKi 2009)

2.2 OOV Term Translation Problem

The out-of-vocabulary are words arise from daily actives, such as person names,
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location names, brands, newly technology terms and translated words. Given a referenced
dictionary, any words that cannot be found in the dictionary are called out-of-vocabulary
(OOV) terms. OOV terms can be compound words in which each component is in a
dictionary but the combination of those words gives a new meaning. Such OOV terms are
idioms or proper names for example “cross straits”.

From its definition, whether or not a term is an OOV term depends mainly on the
dictionary that it is used for reference. One word may be an OOV term for one dictionary,
but may not be an OOV term for another dictionary. Because of the dictionary dependence,
OOV words are often a problem for automatic spell checkers, voice recognition software
and cross language translation software. For our work, we focus on the problems of OOV
terms arisen in the cross language translation.

One way to do the cross language translation is to add as many as dictionaries from
many fields to the system hoping that they contain the needed word. However, this way is
not very efficient as we need a lot of memory to store a large size of dictionary and more
importantly the needed word may be too new so that it is not yet been included in any
dictionaries.

Another way without helps of any other dictionaries to get the cross language
translation of OOV terms is to find their existing translations available on the internet. This
approach is quite convenient but requires many additional steps to overcome language
barriers such as no word boundary in some languages like Japanese, Thai, or Chinese.

2.3 Standard Procedures for OOV terms Translation using the

Internet

When we focus on the web mining, there are four steps for the translations of the OOV
terms. Those steps are 1) getting the text document that contains the OOV terms and the
possible translations on the Internet, 2) generating possible translation candidates for OOV
term, 3)filtering translation candidates; and 4) finally selecting the correct translation
candidates.

In the following subsection, we review those standard processes that are used to
retrieve the text document that contain the OOV terms and the possible translations on the
internet.

2.3.1 Getting Web pages Containing Possible OOV Terms’

Translations

Many multi-languages documents are available on the Internet; most of them come
from the technical research papers, organizational or governmental web sites. Zhang and

5



Vines stated if English OOV terms occur in Chinese web pages, the Chinese translations
for these English OOV terms are usually nearby (Zhang and Vines 2004). Cheng et al.
observed that if a Chinese term occurs in an English web page, its translation usually
exists in the same page as well (Cheng, Teng et al. 2004). A number of existing
approaches have presented techniques for retrieving the translation pairs from
multi-languages documents. Those methods can be summarized as follows.

2.3.1.1 The parallel corpus based approach

Given an OOV term in the source language and a known text containing the OOV
term, this approach finds its translation of the OOV term in the target language by
utilizing an available translated text of the known document in the target language.
Such a pair of documents is called parallel texts. This concept is derived from the
concept of parallel multi-language texts, which are used widely in the field of Cross
Language Information Retrieval (CLIR) (Fung and Yee 1998; Nie, Simard et al. 1999;
Resnik 1999; Kilgarriff and Grefenstette 2003; Yang and Li 2003).

2.3.1.2 The anchor text based approach

Proposed by Lu, Chien, and Lee in 2004 to solve the translation problem of web
queries, this approach uses the web anchor texts and its link structure to extract
translations of web queries. The anchor texts are set of hyperlinks that contain the URL,
the title, and the summary to the original website. Collections of anchor texts from
different languages are referring together to the same page. When the OOV terms are
inputted in the search engine, the returned anchor texts can links to a number of web
pages in a target language that possibly contain the translation of our OOV term query
(Lu, Chien et al. 2004).

2.3.1.3 Web query based approaches

This approach is a widely used method to mine an OOV term in the source language
and its translation in the target language. It is done by querying a source OOV term to a
search engine and specifying results to be in the target language. The returning search
results are called “snippets.” The snippets contain brief but useful information about title,
URL, and the sample of output containing the OOV terms. In the close location to the
OOV term appeared in the retrieved sample text, the candidates of OOV term translation
may be found. A snippet of OOV term query “Intel” is shown below (Cheng, Teng et al.
2004; Lu, Chien et al. 2004; Zhang and Vines 2004).



JEF R ((Intel YWt AL MID - 15384775 - Sina BBS - Powered by Discuz! - [ Translate
this page ]

Sina BBS KZKH#HIE Je5 /K ( Intel ), 72 KK EA BN 025 E /K ( Intel YWEEHEH HIET. X
S AT T G, S LALLM T, ..

bbs.sina.com/viewthread.php?tid=89549 - Cached

Figure 2.1 An example of snippet from query “Intel”

2.3.1.4 Query extending approaches

The web query based approach may have a big drawback of not always getting the
translation due to not enough information. Proposed by Zhang et al. in 2005, this query
extension approach expands the original OOV terms in the source language by adding
some hints in the target language before querying them to the search engine. This way
would increase the possibility of getting the texts containing the OOV terms (Zhang,
Huang et al. 2005).

2.3.2 Generating possible Chinese translation candidates

Given texts that contain possible target translation of the source OOV term, in this
step we try to generate the target translation candidates for the source OOV term.
Because in those webs retrieved texts, they usually contain the correct translation term.
But automatic generating the translation candidates is always difficult, especially for
certain languages like Thai, Japanese, including Chinese which do not have a clear word
boundaries. Existing approaches suggest some text preprocessing such like word
segmentation is not necessary because the translation for the OOV term is not in the
dictionary. Word segmentation tools are based on dictionaries.

There are two existing approaches, which are considering all substrings and using
predefined patterns. The details of each method are provided in the next section.

2.3.2.1 Considering all substrings

One of the most accurate and widely used approaches for generating Chinese
translation candidates for English OOV terms was proposed by Zhang and Vines (Zhang
and Vines 2004). They used a candidate length and co-occurrence rule and achieved up to
80% accuracy to translate name entities of English OOV terms such as person names,
company names and brand names. Given a snippet containing the source-language OOV
term in target language, this method first removes all punctuations and counts the
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numbers of OOV term. When a source-language OOV term is found, they collect twenty
target language characters in front of and behind the source-language OOV term. Since
segmentation system is not used here. They have to consider all substrings from both
front and back part. For example, a string containing Chinese characters and the English
OOV term: “HJ & KK & A M B 9EHF /K ( Intel )t EHEH UG 7. This method
generates all substring of the front part: “FJ & K Z A A2 98KF /K™ and back part: “tH
FEHEH FEL S T, for example the substring of the back part are: 1, , #E H, i, iF,
T, W WEHE, R, R, EHE L T, SR AL T, B
HHE T, HHIE T, #5777, and 1 7. They collect the frequency and the candidate
length for each substring for later use (Cheng, Teng et al. 2004; Zhang and Vines 2004;
Lu, Xu et al. 2007).

2.3.2.2 Pattern translation candidates generating system

Viryayudhakorn argues that the above method generates too many incorrect
target-language translation candidates. They suggest that most OOV translations are
usually enclosed in a parenthesis and placed immediately after the source OOV term.
They generated few parenthesis patterns according to document observation. Given a
snippet containing the source-language OOV term in target language, this method scans
for parenthesis patterns near the OOV term. They extract all characters within the
parenthesis that matches to their patterns (Viriyayudhakorn, Theeramunkong et al. 2008).

2.3.3 Filtering possible Chinese translation candidates

There are always too many possible translation candidates to process forward, so in
this step we present several existing techniques to filter possible translation candidates.
There are two major approaches, which are co-occurrence statistics and mutual
information, where the co-occurrence statistics is the most widely used approach.

2.3.3.1 Ranking function

Given a list of tremendously many possible translation candidates generated by all
substrings of the retrieved snippets, a ranking function is used for ranking the substrings
based on the likelihood of being the correct translation. The ranking function r can be
described as in the following formula (Zhang and Vines 2004):



|Ci] f(ci
mch'lcjl +(1—-0) X% F(Eoov) (2.1)

Ri =aX

where maj|C]| is the maximum length of the target language substring found. |C;| is

the length of each possible target-language translation candidate. f(Ci) is the frequency
of the target language translation candidate and f(Eoov) is the frequency of the source
language OOV term. According to Zhang and Vines’s experiments, o is a value that is
proved to be robust across their experiments, they suggested that a = 0.25 provides the
best combination of frequency and length. If a is big, the ranking function gives high rank
to longer candidates; if a is too small, the ranking function gives high rank to candidates
that are more frequent.

According to the ranking function, the candidate that appears frequently (large f(Ci))
and has long length (large|C;|) is getting higher rank than the candidates that rarely
appear and has short length. Because the method is build specifically for OOV term
translations, these translations are usually longer than normal terms.

This approach is widely used as it can quantify the major features: frequency and
length that affect the OOV term translation, the major disadvantage of this approach is
that only two features of the possible translation candidates are focused, therefore it
usually yields results with low overall recall and precision.

2.3.3.2 Mutual Information

Simply selecting the longest translation candidates and the most frequent translation
candidates do not always give the correct outcomes. Several approaches try to improve
this problem by ranking all the translation candidates with some probability model.

Given a list of excessively many possible translation candidates generated by all
substrings of the retrieved snippets, we need to filter them by mutual consider the
co-occurrence frequency of each character in the possible translation candidates. Mutual
information is usually applied to quantify the distance between the joint distributions of
two terms. Since the list of possible translation candidates contains all substrings, some
of them maybe a term and some of them maybe a sentence. Lu, et al. suggested a few
approaches for determining the candidate to be either word or sentence, two methods
using mutual information to quantify the likelihood of the word are explained below
(Jang, Myaeng et al. 1999; Lu, Xu et al. 2007).

2.3.3.2.1 Symmetrical Conditional Probability (SCP)
Given a list of possible translation candidates from all substrings of the retrieved
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snippets, we can rank each translation candidates by using Symmetrical Conditional
Probability (SCP). SCP score ranges from 0 to 1. For each substring in the possible
translation candidate, SCP calculates the frequencies of these substrings in the corpus
(Silva and Lopes 1999). Then SCP compares these frequencies with the frequency of the
possible translation candidate. The SCP score is close to 1 when the substring of the
possible translation candidate occurs less often in the corpus than it occurs only within
the translation candidate itself. If a string has a high SCP score, the string is likely to be a
word. SCP can be determined in the formula below (Lu, Xu et al. 2007; Ngomo 2008).

(n—1Df(cq ...cp)?

SCP(cy ...cp) = :;igl—lf(cl i C)f(Cipq e Cp)

(2.2)

SCP takes string(c; ...c,) as the input where(c; ...c,) 1is a string in target language
which is the possible translation candidates, n is the number of characters in the string.
For each input we separate it into two substring, the front substring (c; ... ¢,) and back
substring(c;;q ... ¢)for all possible patterns of the input. f(c; ...c,) is the frequency of
that string, and f(c; ...c,) and f(c;4q ...cy) are the frequency of front substring and
back substring.

For example, a Chinese string containing English OOV term: “ X ¢ #f 118 JERF /R
(Intel), AJ 2 KK BEAMBTEE/R (Intel) HEHEL H 15 T7.” One possible Chinese
translation candidates from this string is J&4f /K. SCP tries to determine if Je4F/K is a
word or a sentence by comparing the frequencies of each substring of JifF/K to the
frequencies of J&45 /K. An example of calculation is shown as follows:

Table 2-1 an example of SCP calculation

Possible translation | Frequency in the | Substrings of the | Frequencies in
candidates corpus candidate the corpus

PRI 2 e 2
iy

Vane
7N

T

R

N N DD

B -1D()?
(2)(2) +(2)(2)

SCP(Hehs/R) =
SCP(34/R) = 1
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SCP is used for filtering the possible translation candidates, the filter process starts
with the strings with the longest length, since they are usually more likely to be a
sentence than a word.

1. If the longest string with n characters resulted a higher SCP score than its n-1
substring, that longest string is recorded as a translation candidate, and all of its
substring’s frequencies are deducted by this longest string’s frequency.

2. If the longest string with n characters result a lower SCP score than its n-1
substring, this longest string is removed, and we take the n-1 substring as the new longest
string and repeat the above test.

SCP can help to differentiate the type of string whether or not it is a sentence or a
word. However, if the corpus is very large, or the translation of the OOV term contains
frequently used substrings, SCP is not being able offer a high score for the correct
translation candidates.

2.3.3.2.2 Symmetrical Conditional Probability & Context Dependency (SCPCD)

Given a list of possible translation candidates from all substrings of the retrieved
snippets, we can filter each translation candidates by using Symmetrical Conditional
Probability & Context Dependency (SCPCD) (Cheng, Teng et al. 2004) which not only
considers the possibility of a candidate to be a word but also considers the sentence
containing this candidate is a word or sentence. In SCPCD, symmetric conditional
probability (SCP) is used to measure how likely the candidate is a truly word term to a
certain degree(Silva and Lopes 1999) and context dependency (CD) (Chien ; Gu, Wang
et al. 2004) looks at the sentence containing this candidates in the corpus and checks
whether or not that sentence is a word or sentence. CD also ranges from 0 to 1. SCPCD
can be calculated as follows:

SCPCD(cq ...cy) = SCP(cq ...cp) X CD(cq ... Cp) (2.3)

where the calculation of SCP and CD are

(n—1Df(cq ...cp)?

SCP(cy ...cp) = 527;—1f(cl e €)f(Cigq e Cp)

(2.4)

CD(cq ...cp) = LC(cy f(zrll)Rf()Czl . Cp)

(2.5)
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CD takes string (c; ...c,) which is the target-language translation candidate as an
input, where LC(c; ...c,) and RC(c; ...cy,) is the frequency of left and right adjacent
target-language characters in the corpus. The adjacent characters are the characters next
to the target-language translation candidate. If the adjacent characters of a
target-language translation candidate are always same in the corpus that means this
target-language translation candidate is a substring of another word. If the adjacent
characters of a target-language translation candidate are different, LC(c; ...c,) or
RC(cq ...cp,) is equal to the frequency of (c; ...cy).

SCPCD can be described as follow
LC(cq ...cp)RC(cq ... Cp)

1 o
n—1 i=1 1f(51 e Cp)f (Cigq o Cn)

SCPCD(cy ...cp) = (2.6)

where (c; ...c,) is target a translation candidate, n is the number of characters in the
target translation candidate, f(c; ... ¢,,)is the frequency of the target translation candidate,
and f(cq ...c,) and f(cij4q ..-Cn) i1s the frequency of the front part and the back part of
the target translation candidate. LC(c; ...c,) and RC(cq ...c,) is the number of left
and right target language characters in the corpus.

Vo

For example, a Chinese string containing English OOV term: “ X ¢ #f 118 JERF /R
(Intel), A& RKFEA B DEHRR (Intel) WEHEH H LG 1.2 One possible Chinese
translation candidates from this string is J&45 /K, this example is shown in Table 2-2.

Table 2-2 an example of SCPCD calculation

Possible translation | Frequency in the | left and right | Frequencies in the
candidates corpus adjacent corpus
target-language
characters
TR 2 i 1
il 1
2)(2
SCPCD(Hehi/R) = @@

1 (D@ + @)

SCPCD(JEH5/R) =1
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2.3.4 Selecting the correct translation candidates

As the Target-language translation candidates for the source OOV term we filter in
the previous step are not always the correct OOV term translation, the final process is to
automatically select the correct translation for the OOV term. While some closely related
languages such as English and French, Chinese and Japanese share a very similar
grammar, character and sound, the translation selection process can use a transliteration
approach. When focus on no closely related languages such as English and Chinese the
transliteration approach fails. Existing approaches usually solve the translation candidate
selection process statistically, we explain some widely used existing methods as follows.

2.3.4.1 Co-occurrence Statistics & longest common substring (LCS) approach

Given a list of possible translation candidates generated and filtered from the above
steps, we can select the correct translation candidates by using co-occurrence statistics
and LCS approach. To select the correct translation candidates Zhang & Vines suggested
there are two steps need to be done (Zhang and Vines 2004). First step, the candidate(s)
that come with the longest length are chosen. If there is more than one candidate with the
same length, the one that has a higher frequency is chosen, but if both length and
frequency of two or more candidates are same, all of those will be selected. Second step,
the translation candidate(s) that has the highest frequency is chosen. If however there is
more than one candidate with the same frequency but if both frequency and length of two
or more candidates are same, all of those will be selected. LCS is used to select the
candidates that have the longest length with the frequency more than 1, LCS substring is
calculated by LCS suffix and those formulas are show below (Dan 1997; Silva, Ga et al.
1999; Lin 2004):

LCSuff((Cl ), (d, dq)) = {L%Suff((ffl e Cpp)y (d dq_l)) +1 lfOCt':Efe]rV:Vliiq] (27)

Longest common suffix takes two strings ((c; ...c,), (d; ...d,)) as input, where (¢ ...c,)
is a string contains p characters; (d, ...d,) is another string contains ¢ characters, if one
character of string (c, ..c,) is same as another character in string (d, ...d,), the LCSuff
increase one, otherwise, it remains O(Hirschberg 1977; Bergroth, Hakonen et al. 2000).
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LCSubstr((c1 ) (d .. dq)) =  max LCSuff((c1 ) (d, .. dj)) (2.8)

1<ism,1<jsn

For example, two Chinese strings: “A11H 9¢4F/K” and “JEfF/RENE”. In order to
calculate LCS for these strings, we need to calculate the LCSuff first. LCSuff checks if first
string’s characters are same with second string’s characters(Tichy 1984). Some examples
of LCSuff are shown below.

LCSuff (%, %) = 0
LCSuf f (ST YL, 35) = LCSuff (5118, ") + LCSuf f (9%, %)
=0+1
=1
LCSuf f(JNIESeRE R, BEFIR) = LCSuf f (S Jeky, 58F) + 1

= LCSuff(HEHE, 55) + 1+ 1
= LCSuf (S, ") + 1+ 1+1
=0+1+1+1
=3

The LCSuff find that character %1 and < is not the same, so it resulted 0. The
LCSuff find that character & and 9% is the same, so it resulted 1. The LCSuff
calculations are showed in below.

Table 2-3 an example of LCS calculation

String A | % =} o ¥ IR
String B
D 0 0 1 0 0
i 0 0 0 2 0
IR 0 0 0 0 3
5l 1 0 0 0 0
18 0 2 0 0 0

Table 2-3 is an example of LCS calculation matrix, where “%[1i8 J9:5F /K is string A
and “JEFF/RANIE” is string B. The longest common substring of string A and sting B is
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the max value in the matrix, which is the value of LCSuff (5119545 K, 4F/RK). The
LCSis Z&fF/RK with a length of 3 characters.

The Co-occurrence Statistics & longest common substring (LCS) approach follows a
clear logical and selects the longer candidates as the translation candidates. However,
sometimes these longer candidates may be a sentence; the method try to fix this by also
selects the most frequent candidates.

A disadvantage of this method is that the method can still select more than one
translation in some cases.

2.3.4.2 Total Correlation approaches

Given a list of possible translation candidates, we can also select the correct
translation candidate by finding the possibility of how often each character in the
translation candidates occur together in the corpus. The total correlation defines the level
of the dependency of each candidate in the corpus. Lu et al. suggested the more
independent of the candidates, the higher the chance to be the correct translation
candidate. A formula for finding total correlation of each character in the possible
translation candidates is shown below (Lu, Xu et al. 2007):

iy N™1f(cq ...cp)
= 9 F D) f (3) o f ()

Correlation(c; ...cy) (2.9

where ¢;(i = 1...n) are target characters in the translation candidates of source OOV
term, f(c;) is the frequency that the ¢; appears in the retrieved snippets, f(c; ...c,) is
the frequency that all target characters appear together in the retrieved snippets and N is
the size of the retrieved snippets.

For example a possible Chinese translation 5%/ for the English OOV term Intel.
This example is shown below:

Table 2-4 an example of total correlation calculation

Possible Frequency in the Substrings of Frequencies in the
translation corpus possible translation | corpus
TRFR 20 o 26

¥ 23

/R 20
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Number of the snippets is 100

1003-1(20)

. e o Y
Correlation(¥fi/R) = log, (26)(23)(20)

=1.223

2.3.4.3 The Chi-square Method

We can also get the correct translation by Chi-square test, which checks the
relationship between source-language OOV and the target-language translation
candidates. Chi-square tests a list of possible translation candidates with their source
OOV term. A correlation relationship between a source-language OOV term and its
target-language translation candidate can be measured by this method. The Chi-square
tests the hypothesis that source OOV term and its possible translation candidates do not
co-occur together(O'Brien and Vogel 2003). Cheng et al. applied the Chi-square test for
selection the correct translation candidates with in two steps. First we need to get the
number of returned pages obtained by querying the OOV term, translation candidates, or
both to a search engine. Second, we can calculate the Chi-square score based on those
numbers. We explain the details of those two steps below.

For the first step, each source-language OOV term may have more than one
translation candidates. For each translation candidate associated, we submit the source
OOV term, translation candidate, source OOV term together with the translation
candidate to the search engine and record the number of pages returned by those queries.
We also need to get the total number of web pages in the world, and the number of pages
that does not contain either OOV term nor translation candidates, because the total
number shows the ratio between the OOV term and Chinese translations.

For the second step, we need to use the gathered numbers in the first step to compute
the Chi-square score. Cheng et al. modified the conventional Chi-square to the following
formula to suit the web retrieved number of returned pages (Buitelaar, Olejnik et al. 2004;
Cheng, Teng et al. 2004).

N X (axd—b xc)?
(a@a+b)x(@a+c)x(b+d)x(c+d)

x2(Eoov, (¢ ...cp)) = (2.10)

where the meaning of each variable is explained as follows
Variable Meaning
Eoov source OOV term

(c1 .o Cp) translation candidates
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a S(Eoov/A\(cq ...cp))

b S(EoovA—(cy ... cp))
C S((cq -..cp)\=Eoo0v)
d S(=Eoov—(cy ...cp))
S Is a function that takes a query as the input and returns the number of WebPages

containing that query

While the existing candidate-selection methods such as mutual information and
length co-occurrence analysis tend to use the co-occurrence frequency to be the most
important feature. Chi-square test improves much on this co-occurrence frequency by
checking not just only co-occurrence but also independency(YE and CHEN 2001).
Chi-square test how often that OOV term exists in the web site without its translation
candidates, and how often that translation candidates exist without the OOV term.

For example a possible Chinese translation J¢4F/K of the English OOV term Intel.
Their chi-square score is calculated as follows:

Table 2-5 an example of chi-square calculation

Eoov (¢c1 . Cp) A B C D
Intel SN 40 90 50 10

Number of the snippets is 100

2 (Intel, A = 100 x (40 x 10 — 90 x 50)2
x“(Intel, 447N (40 +90) x (40 + 50) x (90 + 10) x (50 + 10)

=23.9458

2.4 Related Data Mining Techniques

One of the most important new emerging knowledge in artificial intelligent is data
mining or sometimes called data digging. Data mining is the process of extracting hidden
patterns from the data. There are few data mining methods that can be used to find the
relationships between items and classify items into groups, such data mining methods are
association measures and decision tree.
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2.4.1 Association measures

Association measures can find the relationship between items in a data set. Follows
are introduction and processes of association rule mining for finding relationships
between items(Zhang 2000).

Association measures discover the relations of item A and item B in a data set. This is
done by consider the frequency of those item A, the frequency of item B, and the
co-occur frequency of item A and item B. Association measures are suitable for
considering large data set and compare individual items. Association measures express
the relationships between item A and item B not just an if-then base but with probabilistic,
it uses numbers to express the degree of uncertainty for each item (Agrawal, Imieli et al.
1993; Hand, Mannila et al. 2001; Pei, Han et al. 2001).

When we apply the association measures to find relations between items, there are
two required steps. The first step is to gather frequencies for item A, item B, or both item
A and item B. The second step is to perform association measure calculations to find the
relationship between item A and item B by using four types of association measure
formulas: Support, Confidence, Lift (interestingness), and Conviction. The details of
each one are described below.

The fundamental of the association measures is the Support, it is used for calculating
other three association measure formulas. The Support is simply the frequency of an item.
The larger the Support scores the higher chance this item exists in the data set.

supp(4) = % (2.11)

where A is the frequency of the item A in the data set, N is the number of total data in the
data set.

The first extension from the Support is the Confidence. Confidence represents a
chance or certainty that when item A occurs, what is the degree of item B occurs.

supp(A U B)

conf(A=B) = supp @)

(2.12)

where A is the frequency of item A in the data set, A U B is frequency when item A and
item B co-occur together in the data set.

The Lift or Interestingness (Lallich, Vaillant et al. 2007) can be seen as an extension
from Confidence, it takes the correlation between item A and item B. Lift measures the
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item A and item B in a simple correlation measure. Lift tests on two hypotheses, first the
item A does not co-occur with the item B. Second item A and item B are co-occurring
together. Lift is the ratio of Confidence to Expected Confidence (Han and Kamber 2006).

supp(A U B)

lift(A= B) = supp(A) x supp(B)

(2.13)

where A is the frequency of item A in the data set, B is the frequency of item B in the
data set, AU B is the frequency when item A and item B co-occur together in the data
set.

Conviction was one of the last defined association measures in 1997, it represents the
ratio of the expected frequency that item A occurs without item B. The more independent
for the item A and item B the higher the result closes to the maximum 1.

1 — supp(B)
1— supp(A U B) (2.14)
supp(4)

conv(A = B) =

where A is the frequency of item A in the data set, B is the frequency of item B in the
data set, A U B is the frequency when item A and item B co-occur together in the data set.

2.4.2 Decision tree

Decision tree can classify the items into correct and wrong groups. Following we
give a brief introduction of decision tree and how it classify items (Safavian and
Landgrebe 1991 ).

Decision tree is a well-researched decision support system uses an if-then base and a
tree-like graph for grouping each item into different categories. It takes consideration of
the each item’s features (item’s frequency, item’s association measure scores, etc) and
help to categorize them into correct and wrong groups. It is commonly used in decision
support system for user to find common features in large data sets. In the tree-like graph,
each leaves represent classifications, where each nodes represent joints of features which
leads to those class (Yuan and Shaw 1995; Kearns and Mansour 1996).

Decision tree algorithms are very well developed, which are built specifically for
classification. We can use the decision tree algorithms to classify different items into
correct and wrong categories. Usually it required two steps for decision tree to classify an
item. First step is construction of decision tree using training data set. Where the training
data set can be built by manually classify few items into correct class and wrong class.
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Second step is using the constructed tree to predict the correct items from experimental
data set. We describe the details of two steps below (Agrawal, Imielinski et al. 1995;
Magerman 1995; Witten and Frank 2002; Han and Kamber 2006).

In the first step, we need to construct a training data set from different items. For the
training data set, we have to manually label two different classes: the correct class and
the wrong class. With the training data set, we can construct the decision tree. The
decision tree tries to construct the items into a tree-like graph. Starting with the root,
feature with high desecration power divide the items into few big branches (leaves). Then
features with low desecration power divide the big branches (leaves) into smaller
branches (leaves). Eventually all items are classified into two groups, the correct group
and the wrong group. For each of those tests, decision tree tries to choose the best feature
that offers the best result. If any features that in the training data set is not used in the
decision tree, then those features are either with very low desecration power or cannot be
used to desecrate the items at all. In the second step, each item in the experimental data
set is classified by its features according to the decision tree.
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Chapter 3

Our Approaches

In this chapter we describe our approaches to find OOV term translations. We
propose two different approaches namely the longest common substring candidate
generation with association measure approach and rule based candidate generation with
data mining approach. We describe them in more detail in section 3.1 and 3.2.

3.1 Longest common substring candidate generation with Association

Measures Approach

We introduce this approach with a system design and detailed method procedures.

3.1.1 System design

The objective of this approach is to build an automatic translation system to perform
the translation of English medical OOV terms to Chinese medical terms. The reason we
focused on medical OOV terms is because that most existing OOV term translation
systems focus on name entities (person names, location names, and brand names). When
applying those methods to medical OOV terms, we encounter several problems. Existing
OOV term translation approaches usually consider the co-occurrence frequencies and the
length of the OOV translation candidates, which sometimes obtain partial answers of the
translation. These existing approaches usually require human judgment to select correct
translation from multiple translation candidates (Zhang and Vines 2004; Zhang, Vines et
al. 2005).

The various English-to-Chinese OOV term translation techniques are suggested by
several literatures that texts to be performed without word segmentation because their
OOV terms are name entities for example person names, brand names, and location
names. Since those Chinese translations of name entities do not exist in dictionary, the
dictionary based word segmentation system would usually segment those OOV terms
into smaller sequences of characters or individual characters (Cheng, Teng et al. 2004;
Zhang and Vines 2004). For example, a brand name English OOV term “Intel”, if its

translation in Chinese “Je4F /K> is applied to a word segmentation system the result is
“gi>, “kF” “/R” in individual Chinese characters.

In our approach, since we focus on medical terms, they have a special characteristic:
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its sub-words normally have meanings. The combination of sub-words translation have a
high chance to be the correct translation, so that using dictionary based segmentation
system can help us scope out the boundaries of Chinese OOV term translations.(Wu and
Tseng ; Ponte and Croft 1996; Cheng, Young et al. 1999). For example, a English
medical OOV term “Urea cycle disorder”, if its translation in Chinese “JR 2 fJfi B2 gt
is applied to a word segmentation system the result is “JX %”(Urea), “f§E5"(cycle), “f
156> (disorder) in Chinese words. We describe a technique to extract the correct Chinese
translation from English OOV terms by apply this approach to take consideration of
distance, co-occurrence frequencies and length of the translation candidates. Among all
of these, we improve the approach by applying association measures for better translation
selection.

3.1.2 Procedures

The procedures are as follows:
Step 1. Extracting the snippets containing English medical OOV terms from the web
Step 2. Segmenting the web snippets obtained from Step 1.
Step 3. Extracting Chinese translation candidates of the English OOV terms
Step 4. Filtering the Chinese translation candidates
Step 5. Selecting the Chinese translation candidates using association measures

These steps are summarized in the diagram shown in Fig.3.1, the details of each step are
described below:

3.1.3 Extracting Snippets containing English Medical OOV Terms

We query the English medical OOV terms to a search engine with special option
setting. First, we set the output language on the search engine to be only Chinese so that
the returning snippets contain English medical OOV terms in Chinese web pages. Second,
we only retrieve the snippets of the full phrase search of the English medical OOV terms.
In some search engines like Yahoo, or Google, putting the searching terms in a pair of
double quotes (““ ), it returns us the full phrase search because only snippets that contain
full English OOV terms are interested. An example of retrieved snippet is shown in Fig.
3.2.
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Urea cycle disorders E(‘)‘%;I\S]h

h 4

Web retrieval

TR (FOCRRE 2 %) Urea
cycle disorders JR ZHBAAH M. <<————— _{}
\-/—\

Word segmentation

FROC BEE (P OC R M P 2% ) Urea

cycle disorders JR & 1 & /U Bt « ————— _{}
¥/—\
IR RANH e Candidate generation
F AR Rt
BRAR R

R 2 %

frequencies Candidate filtering
PRBVEIRA Rt 20
FOR R R 20
Ry s o ___
— LR 5

Candidate selection
based on association
measures

Statistics Search

engine

y

RETRICHERE |

-

Chinese

PR BRAR AT B translation

J\

Figure 3.1 Flow chart of longest common substring candidate generation with
association measure approach

-G TEELRAY - (Title)

[ E Y. IR R CRRE (h SCRRREfE 2 2%) Urea cycle disorders R 25 1) F A o i gt
Citrullinemia JJZFRM%E. Amino acid metabolic disorders MZFEMRACHZIH (X A% Aminoacidopathies)

Hypermethioninemia 5 ... (Summary)

http://tw16.net/monographData.asp?m1No=7&m2No=28&m3No=188&mMo=609 (URL)

Figure 3.2 Example of the retrieved snippet for query “Urea cycle disorders”
23



In the process, HTML tags are removed and each obtained web snippet is separated
into three different fields into the database: URL, Title, and Summary.

3.1.4 Segmenting the web snippets

Dictionaries have been very useful during CLIR (Ballesteros and Croft 1996; Hull and
Grefenstette 1996; Lu, Xu et al. 2007). In this stage, we first scan through the snippets
returned from fetching queries to the web, and filter out the snippets that do not contain
any Chinese characters. We run the data through a dictionary based Chinese segmentation
system. Unlike other approaches that select a specific number of characters before and
after the OOV term (windows size) which normally include incorrect translation
candidates, in our approach we improve this window size by using the number of words
resulting from word segmentation. An example of word segmentation is shown below:

Chinese characters, unrecognized
by the segmentation system

(@ ) Urea cycle disorders B (A | s it

Chinese words, recognized
by segmentation system

Figure 3.3 the data after segmentation

In Fig. 3.3, “Urea cycle disorders” is an English medical OOV term; “(H SCEH AR L
2% Urea cycle disorders JR = IR is a string from snippet that is sent to the
segmentation process. Since '3 (Chinese), #l#¥(translation), £:7% (reference), /K%
(urea), fUiff(metabolize), and [l (disorder) are in the Chinese monolingual dictionary,
they would be grouped into words.

3.1.5 Extraction of Chinese translation candidate for the English

OOV terms

The distance between the location of Chinese translation candidates and the English
medical OOV term is important in this stage. This distance normally affects the possibility
of a Chinese word to be a correct translation(Zhang, Huang et al. 2005). We first separate
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the segmented web snippets into two parts: the part that comes before the English medical
OOV term (front part) and the part that comes after the OOV term (back part).

For each snippet containing English OOV term, we detect the boundaries of the string
in front and behind the English OOV term according to the following steps.

1. We scan sequence of characters in the snippet to search for the first Chinese
characters with in a predefined searching distance in front and back of the English OOV
term because we discover that the Chinese translations usually occur not too far away
from the English OOV term.

2. If any Chinese character is found within the searching distance, we call that
Chinese character the nearest Chinese character. Otherwise the search stops.

3. We extract all continuous Chinese characters after the nearest Chinese character.
Detail of the process is shown in Fig. 3. 4.

FHRE (PoC BRE E L 2% ) Urea cycle Snippets
disorders R & 78 3 1C# i . C
Searching .
Distance Searching for
nearest
Chinese
- T ETAY character
Nearest Chinese Extr-acting
character Chinese
characters
BRE (FP3C BHR% 1% 4 2% ) Urea cycle disorders /X % 75 3& A il C oo J
Extracted
= (4 52 4 2
hCERE L2 REMERA R strings
w

Figure 3.4 candidates extraction

In Fig. 3.4, “Urea cycle disorders” is an English medical OOV term; our system tries
to find the nearest Chinese character in front and after the English OOV term. Then we
extract continuous Chinese characters after the nearest Chinese character, they are: “H 3

I

3.1.6 Filter the Chinese translation candidate

There are three steps in this stage: first is scanning for possible candidates with
medical keyword; second is generating possible candidates by using a technique of
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longest common substring (LCS); and last is flittering possible candidates by using
statistics and LCS.

Since we focus on English medical OOV terms only, there is a pattern for calling a
Chinese disease. For the Chinese disease name, they usually end with certain medical
keywords, such as "Jit" and "J" meaning “sickness”, "{%#" meaning “syndrome”, "%
" and "HFE" meaning “disorder.” We generate a group of Chinese medical term

keywords from publicly available list of diseases (Health 2009).

By these keywords and longest common substring (LCS) algorithm (Lin 2004), we
scan through snippets on both front part and back part to generate the co-occurrence
frequencies for the possible translation candidates of the English medical OOV term.
Different from the normal LCS where it selects the largest frequency and longest length,
we keep all possible translation candidates ending with the keywords.

Since we kept all the possible translation candidates, there are a great number of
candidates. We use average of the candidate’s occur frequencies to filter out some of the
least possible candidates. For each English OOV term, the possible translation candidates
after filter can be categorized into groups based on its substring component. For each of
the group, only the one that has the longest length is selected according to the LCS
algorithm.

3.1.7 Selecting the Chinese translation candidates

One way to select the Chinese translation candidates is to use association measures
and co-occurrence frequencies. It is composed of four steps: selecting certain Chinese
translation by co-occurrence frequencies; fetching the Chinese translations with its
associated English OOV terms back to web; calculating association measures of the
Chinese translations and English OOV terms; and selecting the correct Chinese translation
by using association measures.

Our assumption is that the one Chinese translation cannot be the translation of two or
more English medical OOV terms. For each Chinese translation candidates, we scan for
it’s co-occur frequencies with each of its related English OOV terms. We select the pairs
of Chinese translation candidate and English OOV term with the highest co-occurrence
above a predefined co-occurrence score. We also remove any other pairs for the same
Chinese translation candidate, showing in the table 3-1 below.

Table 3-1 An example of candidate selection based on co-occurrence frequencies

Co-occurrence
frequencies

Urea cycle disorders | K Z 15 B2 A ket gt 30

English OOV Chinese translations

Urea cycle disorders | ifiRE 0B = iE 8
—rerevetethsotdere—H— TR 6
Citrullinemia JK % BR IE 26

X T
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The association measures, which are popular and well-researched methods, can be
used for discovering interesting relations between these OOV terms and their Chinese
translation candidates (Hand, Mannila et al. 2001; Pei, Han et al. 2001; Viriyayudhakorn,
Theeramunkong et al. 2008). Association measures are used to check the following two
conditions:

1. When English medical OOV term exists in the webpage, what the relation for each
Chinese translation candidate with the English medical OOV term is.

2. When each Chinese translation candidate exists in the webpage, what the relation
for the associated English medical OOV term with the Chinese translation candidate is.

In this step, we query 1) English medical OOV term, 2) each Chinese translation
candidate, 3) English medical OOV term and each Chinese translation candidate together
to the web again to the Internet to collect the number of pages containing each of them.
By getting the returned number of pages, we can build up a large set of information of
how each OOV term and its translation candidates occur in the website. Note that we
limited language of the snippets to Chinese only.

We employ two association rule measures (Hand, Mannila et al. 2001; Pei, Han et al.
2001) for our system; the Lift or Interestingness and the Conviction. Those association
measures calculations are show as follows:

supp(cy .. c) = S(ClN—C”) (3.1)

supp(Eoov) = @ (3.2)

supp(Eoov U (cy ...c,)) = S L2 UN(Cl - Cn)) (3.3)
supp(cy .. c) = S(ClN—C”) (3.4)

lift(Eoov = (¢y .cy)) = su;?(jfl(.liocil; : ;C;p (C];‘giv) (3.5)
conv(E0ov = (¢ - Cn)) = ~ si;pigzzgcb"(.cin.).. %) (3.6)

1 supp(Eoov)
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where S(Eoov) is the number of pages containing OOV term, S(cq..c,) is the
number of pages containing translation candidates that are composed of string ¢, ...c, ,
Supp(Eoov U (cq ...c,)) is the number of pages containing both OOV term and its
translation candidate. N is the number of total web pages in the world.

Some Chinese translation candidates are selected in section 3.1.7, for any unselected
Chinese translations, we pick up the Chinese translation with the highest Lift score and
the lowest Conviction score. Both highest Lift score and lowest Conviction indicates that
a Chinese translation occurs more often with the English OOV term.

Detailed experiment of this research is explained later on chapter 4.

3.2 Rules Based Candidate Generation with Data mining approach
We introduce this approach with a system design and detailed method procedures.
3.2.1 System design

The objective of this approach is to build an intelligent and automatic translation
system to translate English medical OOV terms to Chinese medical terms. Since some
Chinese translations of English medical OOV terms are not perfectly translated for
example those contain English, symbols and numbers, we need a more intelligent
approach to solve this problem. All existing English to Chinese translation approaches
assumes Chinese translations have only Chinese characters, as a result English numbers
or symbols, which sometimes are important in the Chinese translations, are ignored. This
problem usually does not occur in name entity OOV terms but it becomes problematic
for technical and medical type OOV terms. In this approach, we solve the Chinese
translations of English medical OOV terms with a more intelligent approach. The
extracting strings from the retrieved snippets do not only include the Chinese characters
but also the English characters, numbers and symbols. Our rule based candidate
generation approach is used to detect the boundary by specifying the type of characters
that need to be included.

Quantifying the location distance between English OOV term and Chinese translation
candidates is necessary because the distance can imply the possibility of being a correct
translation. Association measures are proved to be useful in pervious
approaches(Viriyayudhakorn, Theeramunkong et al. 2008; Qu, Viriyayudhakorn et al.
2009). Semantic conditional probability (SCP) (Silva, Ga et al. 1999; Cheng, Teng et al.
2004; Lu, Xu et al. 2007) could also help us to clarify which candidates are more likely
to be a word. In order to integrate the distances, frequencies, SCP and association
measures all together as features, we apply decision tree to select the correct translation
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candidates.

According to our observation, some English OOV terms are not perfectly translated
into Chinese, due to a special type of Chinese translation candidates which are the
mixture of Chinese and non Chinese characters. At the present, none existing English to
Chinese OOV term translation system can handle the translations. Some examples of
Chinese translations of English medical OOV term is shown in Table 3-2

Table 3-2 Few examples of Chinese translation of English medical OOV term

English OOV term Correct Chinese Chinese
translation translation by
existing
approaches
Kenny-Caffey syndrome Kenny-Caffey [ChEfi# FRAEAGAE
DiGeorge's syndrome DiGeorge's JiE fi A
al- Antitrypsin deficiency ol -HUBE R 6k = hE PR A Mok =
3-Hydroxy-3-methyl-glutaric 3-FEAE-3- AR I R IfAE FH R I3 1 I
acidemia
GM1/GM2 gangliosidosis GMI/GM2 #HESE T Ta et | Pl ASEN T G fREBIE
BOLE
Huntington's chorea TV PRI TV R

3.2.2 Procedures

In this section, we discuss the automatic extraction of Chinese translation of English
medical OOV terms. We apply eight steps to extract the correct Chinese translation of the
English medical OOV terms, the steps are described as follows:

1) Extracting snippets containing English medical OOV terms from the web
2) Determining the boundaries of the web retrieved text

3) Extracting Chinese translation candidate for the English OOV terms

4) Extracting features of each Chinese translation candidates

5) Filtering the Chinese translation candidate

6) Applying the decision tree on each Chinese candidates

7) Selecting the Chinese translation candidates

A flowchart of this procedure is showed in Fig. 3.5.
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3.2.3 Extracting English medical OOV terms from the web

Similar to the pre-processes like described in section 3.1.2 are performed. Unlike the
previous approach, we separate the punctuations from any characters in the retrieved
snippets. However, we do like to use a different example of snippets in order to show
Chinese translation contains non-Chinese characters.

Urea cycle disorders & al-Antitrypsin deficiency (Title)

Amino acid metabolicdisorders (Aminoacidopathies) JJ&FEMRAC 99, 260. 70. al-Antitrypsin
deficiency. ICD9. al-HifEER (MG = iE. 277.6. 118. Tyrosinehydroxylase deficiency. E&AZIR
FEALBEEGR Z 5E ... (Summary)

Http://www.nhicb.gov.tw/nhicbd00/ths68... (URL)

Figure 3.6 Example of the retrieved snippet for query “al-antitrypsin deficiency”

3.2.4 Determining the boundaries of the web retrieved text

The distance between the Chinese translation candidates and the English medical
OOV term is important in this approach because the closeness of the Chinese candidates
implies the high possibility of the correct translation candidates(Cheng, Teng et al. 2004;
Zhang, Huang et al. 2005). To find the distance, we separate the web snippets into two
parts, the part that comes before the English medical OOV term and the part that comes
after the OOV term.

The reason for all existing approaches choose not to include English characters,
numbers and symbols for Chinese translation candidates is that those inclusions could add
lots of incorrect translations, and the final result could be even worse than just extracting
Chinese characters. Some examples of extracting only Chinese character compare to
extracting all characters are shown below:

Since we would like to handle Chinese translation that contains English characters,
numbers and symbols, we classify the characters in the web retrieved snippets into four
different types. These types are English alphabets, Chinese characters, numbers, and
symbols, which include punctuations. For each English OOV term, we check the type of
characters exist in the English OOV term. Depending on the different types of characters
in the English OOV term, we categorize the English OOV term into four different groups.
They are as follows in Table 3-3:
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Table 3-3 examples of extracting only Chinese character compare to extracting

all characters

Correct Chinese Extracting Chinese| Extracting all
English OOVs Snippets
translations characters only characters
Cystinosis i el Urea Cycle ... Cystinosis BEIZH 10. idizdicer Wefzigm 10
phenylalanine IR TR RN FETR S FALRE PAH: (phenylalanine RN IR P Ak RN IR P Ak
hydroxylase fais hydroxylase). 1 BH4 fififii (1) PAH
GM1/GM2 GM1/GM2 il GMI1/GM2 A E 1T R (R FRAE PACHTTF G| GMI/GM2 MhAE
gangliosidosis KHTTT e A TEOAE GM1/GM2 gangliosidosis. ¥ 4 % I EiRERI = 7i-end
al- Antitrypsin ol U AR 1 1l 270.6. 891207 ... icd9al- Antitrypsin PUREERAMRZ|  Iedal-PUBRE A
deficiency B A deficiency. ol - (A BHEZ AE. IiE JifHE = e
X-Linked ‘ A \ A ‘
PRSI AR I ... X-Linked Hypophosphatemic PEE G R XLH K (e
Hypophosphatemic ) ) N
i fh) fAE Rickets; XLH M (51 A% B A0 (420 Linfi-ng IR A fHEAE
Rickets
o ... Nitroacetylglutamate synthetase . ‘ NAG synthetase
Nitroacetylglutamat| — ZFFILE A LR L
B deficiency ,NAG synthetase deficiency Z[ii B deficiency ZBR#I%
e synthetase deficiency R Z o \ ez R ) \
RENGIR A R ZE. P& A B 2
DiGeorge's DiGeorge's #iE 755.59. 45. DiGeorge's syndrome. SRR DiGeorge's fiE{%
FEA R
syndrome T DiGeorge's - fG . BE.

8/8 correct

5/8 correct

2/8 correct

1. Group 1: the English OOV term contains only English alphabets;

2. Group 2: the English OOV term contains English alphabets and symbols;

3. Group 3: the English OOV term contains English alphabets and numbers;

4.  Group 4: the English OOV term contains English alphabets, numbers, and

symbols.

For each of the above groups, we can choose the types of characters we prefer. For
simplicity, these preferred types of character are called potential key characters. Since we
have four different groups of English OOV term, we can apply them into four different
conditions of potential key characters. These conditions as follows:

1. If the English OOV term belongs to group 1, then the potential key characters
contain English alphabets and any Chinese characters;

2. If the English OOV term belongs to group 2, then the potential key characters
contain English alphabets, any Chinese characters and the same symbols;
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3. If the English OOV term belongs to group 3, then the potential key characters
contain English alphabets, any Chinese characters and same numbers;

4. If the English OOV term belongs to group 4, then the potential key characters
contain English alphabets, any Chinese characters, same numbers and the same symbols.
Details of the rules are shown in Table 3-4.

Table 3-4 Rules for Potential key characters

Type of characters in English OOV term Potential key characters

English string of characters o English string of characters

L] Chinese string of characters

English string of characters and Numbers o English string of characters
L] Chinese string of characters

® Same numbers

English string of characters and Symbols o English string of characters
L] Chinese string of characters

L] Same symbols
English string of characters, Symbols, and [ ] English string of characters
Numbers [ ] Chinese string of characters

[ ] Same symbols

L] Same numbers

By using the above conditions, we detect the boundaries of the snippet in front and
behind the English OOV term according to the following steps.

1. We scan for each characters and words to check for the first Chinese characters
within a predefined searching distance because we discover that the Chinese translations
usually do not occur too far away from the English OOV term.

2. If any Chinese character is found within the searching distance, we call that
Chinese character the nearest Chinese character. Otherwise the search stops.

3. We extract all potential key characters from both sides of the nearest Chinese
character. Details are shown in Fig. 3.7.

3.2.5 Extracting Chinese translation candidates for the English OOV

terms

Since the section 3.2.4 only identifies the boundary of the translation candidates, all
possible patterns of outputs in both the front string and back string are considered in this
step, for example a string with five characters/words “Robinow FCHEEHE”, it generates
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B FRAR PRI . 260.70. al-Antitrypsin
deficiency. ICDY. al-FiiE & B GE.

Symbols English Number Chinese \é\

Snippets

of substring of of characters of Potential key
- Antitrypsin 1 Any Chinese characters
deficiency characters |¢.. .
Searching
Distance Searching for
Nesrest Chinese
—_ Py character
L FRAR, 260.70.Jal1-Antitrypsin deficiency. ICD9. al fiE. ‘
Nearest Chinese Extracting
character potential key
characters
iR R A 0% | 260.70. a1-Antitrypsin deficiency. ICD9| o1-Hi/5E 8 A BEGEZ . ¢
—~ Extracted
EEBMARHER  O-PUEEARTE strings

Figure 3.7 boundaries detection

An example of boundary detection is shown in Fig. 3.7. In this example, the English
OOV term is “al- Antitrypsin deficiency”, we found the nearest Chinese character in
front of the English OOV term is “J%”, and the nearest Chinese character behind the
English OOV term is “$t”. Then, we extract for any continuous potential key characters
from both sides of these initial Chinese characters. The extractions stopped at the full
stop “.” because it is not a potential key character.

substrings as Robinow, [, iE, 1%, #f, Robinow [X, Robinow [GJiE, Robinow FAEMRE, K
AE, TOREfR, POMEBCHE, AEMX, AEMAE, {X4F and Robinow [KAEMXHE. Out of
thesesubstrings, we focus on English medical OOV terms only, for the translation in
Chinese, they usually end with certain keywords (Chen, Yang et al. 2003), such as
sickness "JiE" or "Jp§", syndrome "fEHE", disorder "ELH " or "HFH". We constructed a list
of keywords for Chinese medical terms from publicly available list of diseases(Health
2009). We generate the possible Chinese candidates ended with certain medical keywords.
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3.2.6 Extracting features of each Chinese translation candidate

In this section, we describe the details of each feature we extract from each Chinese
translation candidate.

3.2.6.1 Frequency

The frequency represents a very important statistical feature for the retrieved Chinese
translation candidates. The more frequent is a Chinese translation co-occurs with an
English OOV term, the more likely it is the correct translation. We collect the frequency
of the Chinese translation candidates by simply counting the number of times those
translation candidates occur in our retrieved snippets. There are three different types of
frequencies of each Chinese translation candidates depending on the locations that are
found, the front frequency and the back frequency. In addition, we also keep track the
total frequency for each Chinese translation candidates.

3.2.6.2 Front and back distance of Chinese translation candidates

When a Chinese translation candidate appears close to its inputting English OOV
term, it is more likely that Chinese translation is correct (Cheng, Teng et al. 2004; Zhang,
Huang et al. 2005). The distance between the locations of English OOV term and each
Chinese translation candidate can be calculated by counting the number of characters that
Chinese translation candidate is away from the inputting English OOV term in the web
retrieved snippets. For each candidate, it appears in more than one snippet, and the
distance for this candidate in each snippet is different. We use the average distance of
each candidate. Details are shown in Fig. 3.8.

2009 %1 H 10 H ... (al-antitrypsin deficiency) ol-Hufifi i FBE6Rk =2 0E & DV LI EUIEY L (b
HH, EFAN ESIESR ol -AT X A& G MR RRIEAERE . ... (Summary)

(Aminoacidopathies) FZIERRACHH . 260. 70. al-Antitrypsin deficiency. ICD9. ol-HTHE AT 16k
ZJiE. 277.6. 118. Tyrosinehydroxylase deficiency. B&FRFCALBHELZHE ...(Summary)

Candidates Average distance
ol PR F i = E 4.5
1-P R B 6k = A 5.5
-JHR R I Bk = hE 6.5

Figure 3.8 Example of distance

An example of average distance calculation is shown in Fig. 3.8, where “2009 4 1 H
10 H ... (al-antitrypsin deficiency) al-HUBRET F B = A8 & DL LTI LT ... (1)
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PR A, A A S IR W al-AT B e S Z MER IR IEFIPE S . ... (Summary)”
and “(Aminoacidopathies) F&HERACH%7I. 260. 70. al-Antitrypsin deficiency. ICD9.
ol -PUEESE FIEE = RE. 277.6. 118. Tyrosinehydroxylase deficiency. P[4 IR FEAY BiEGt
ZJiE ...(Summary)” are snippets. The distance between “al-antitrypsin deficiency” and
“al -PUigEEE MG = AE” in the first snippet and second snippet are 1 characters and 8
characters, respectively. The average distance for this candidate is 4.5 characters.

3.2.6.3 Symmetrical Conditional Probability

We calculate the SCP score for each possible Chinese translation candidate.
Symmetrical Conditional Probability (SCP) checks each character and substring in the
possible Chinese translation. By calculating the frequency of each substring in the corpus
and comparing them to the frequency of the Chinese translation. SCP score is higher
when the substring of the Chinese translation occur less often in the corpus than it occurs
only within the translation itself. If a translation has a high SCP score, the translation is
more likely to be a word not a sentence.

3.2.6.4 Association Measures and chi-square

Association measures are proved to be useful in previous work (Viriyayudhakorn,
Theeramunkong et al. 2008; Qu, Viriyayudhakorn et al. 2009), so applying them to find
the relationship of each Chinese translation candidate to its associated English OOV term
would be reasonable. The association measures between English OOV term and its
Chinese translation candidates can be found by counting the number of pages returned by
querying English OOV term or Chinese translation candidates or English OOV term
together with Chinese translation candidates to the web. The conventional association
measures explained in Chapter 2 request user to define the number of total data, which is
the existing total number of web pages. We came up with a variant of association
measures that does not use the total number of existing web pages. Those association
measure formulas are explained below.

Supp(Eoov - (c; ...¢,)) = S(EoovA(cq ...cp)) (3.7)

S(Eoov/\(cy ...cp))
S(Eoov)

Conf(Eoov - (¢y ...Ccp)) = (3.8)

S(Eoov/A(cy ...cp))
S(Eoov)S(cy ... Cn)

lift(Eoov — (¢q ...cp)) = (3.9)
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S(Eoov)(S—(cy ...cp))
S(EoovA=(cq ...cp))

Conv(Eoov — (¢; ...cp)) = (3.10)

where Eoov is the English OOV term, (c; ...c,) is the generated Chinese translations,
and S is a function that takes a query as the input and returns the number of pages
retrieved from the web. Note that conviction cannot be calculated due to missing
(S=(cq ... cn)), we explain how we solve that below.

Since search engines do not offer us the number of pages not including(c; ... c,), so it
can only be approximated. Since our translation candidates are OOV terms, they occur
infrequently in web pages compared to the total number of web pages in the Internet, so
the number of web pages that does not have any (c; ...c,) is assume to be equal to the
total number of web pages which equals to one. The association rule for conviction is
modified again as follow.

S(Eoov)
S(EoovA=(cq -.-¢))

Conv(Eoov — (¢q ...cp)) = (3.11)

We get all four association measure scores for each set of Chinese translation
candidates with its English OOV term. We then calculate the chi-square for the English
OOV term and its Chinese translation candidates.

3.2.7 Filtering the Chinese translation candidates

Since there are many Chinese translation candidates to be processed, some statistical
ways to filter the Chinese translation candidates are performed. In each set of Chinese
translation candidates from an English OOV term, we choose the related Chinese
translation candidates that are in the top 70% from the frequency rank, the threshold of
30% is selected because our previous work (Qu, Viriyayudhakorn et al. 2009) suggests
that threshold has the best recall rate.

However, this would still offer us more than 100 Chinese translation candidates for
each English OOV term. We can reduce this number by simply taking the shortest
distance between English OOV and translation candidates.

3.2.8 Applying the decision tree on each Chinese candidates

Data mining approaches have been proven to be more efficient than rule-based
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approach in CLIR (Limungkura, Theeramunkong et al. 2009), number of research
suggest that data mining outperforms rule-based system in multiple ways. We apply
decision tree as our machine learning system because decision tree is one of the most
powerful and popular tools for classification and prediction. Since decision tree is a
supervised learner, we need to label a portion of data to create a training data set. We
manually compare the results from our generated Chinese translation candidates with the
list of translations provided by Taiwanese government to create a training data set. Then,
we apply the decision tree to the labeled training data set to generate the model tree.
Since our features including association measure, chi-square, front and back distance,
frequency, and SCP, it is difficult for human to decide which feature is more important
than others, so we apply a brute force feature selection method to decide which feature is
more important than others by testing all the combination of features. We explain how to
apply the generated model tree to predicate the correct Chinese translation in next
section.

3.2.9 Selecting the Chinese translation candidates

Selection process or experimental process is straight forward based on the generated
tree we run the testing set of the translation candidates on the model tree and pick up the
ones that are correct according to the model tree. However, there are possibilities that one
English OOV term can match to more than one Chinese translation candidates as the
correct translation candidates according to the decision tree. Among those selected
Chinese translation candidates, some maybe incorrect translations. In order to filter them
out, we use the prediction confidence of each Chinese translation candidates to select the
unique correct Chinese translation candidates.

Detail experiments are discussed in Chapter 4.
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Chapter 4

Experiments and results

In this chapter, we describe the experiments and results for two different approaches.
They are LCS candidate generation with association measures approach and rule based
candidate generation with data mining approach. This chapter is organized as follows. We
described how experiments are setup and results for the LCS candidate generation with
association measures approach in Section 4.1 and for the rule based candidate generation
with data mining approach in Section 4.2.

4.1 Using LCS Candidate Generation with Association Measures.

In this section, we describe the experiments and results in details for the LCS
candidate generation with association measures approach presented in section 3.1. This
section is organized as follows: we describe the experiment setup, evaluation scheme, and
experimental results, in 4.1.1, 4.1.2, and 4.1.3, respectively.

4.1.1 Experiment setup

In this section, we describe how the data are prepared, translation candidate generation,
and translation candidate selection. The details are below.

4.1.1.1 Data preparation

A list of English special medical OOV terms from the Taiwanese centers for disease
control, R.O.C. (Taiwan 2009) was used for our experiments. The list is called “List of
announced rare disease of ICD-9-CM” (ICD9 2009). It contains a total of 184 ICD9
special medical terms, which are presented in both English and Chinese. For each of those
English OOV terms, we query them to the search engine to retrieve the snippets. We
chose Yahoo API for our search engine because Yahoo API (Yahoo 2009) accepted
automatic queries from a computer where most other search engines blocked our IP. After
querying those English OOV term to the Yahoo API, we were able to retrieve a total of
7,456 snippets from 1,133 different domains. A table showing top 50 domains is shown in
appendix A. For each retrieved snippets we segment it by using DEDE Chinese
segmentation system (DeDe 2009) due to its free availability and extensibility. The
monolingual dictionary provided by this segmentation tool contains 112,492 Chinese
words. A list of medical keywords for Chinese special medical term was extracted from
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the Taiwanese Government Web Services for Genetic Diseases (Health 2009). This list of
medical keywords is used later for translation candidate generation.

4.1.1.2 Translation candidate generation process

For each segmented snippets obtained from the previous section, we divide them into
two parts, the part in front of the English OOV term and the part in the back of the
English OOV term. For both parts, we scan each character one-by-one within the limited
distance to find the closest Chinese character to the English OOV term. For simplicity,
we call this distance the searching distance. In our experiment, the searching distance is
set to be 8 characters, because we discovered any distance equal or more than 8 would
result the best recall rate, Fig. 4.1 shows the recalls of different searching distance. If no
Chinese character is found, the search stops. Otherwise, we extract all contiguous
Chinese characters. For those extracted Chinese characters, we use a list of medical
keywords mentioned in the previous section to generate translation candidates, because
Chinese medical names usually end with certain medical key words.

80%

75% /'
70% /

Recall

65%

60%

0 10 20 30 40

Searching distance

Figure 4.1 Recalls of different searching distance for LCS generated candidates

4.1.1.3 Candidate selection process

From the translation candidates generated from the previous section, we use the
average of candidate’s frequencies to remove candidates that are not likely to be the
translations. Note that we exclude all translation candidates with frequencies of 1, since
Lu suggests that translation candidates with very low frequencies such as 1 are not the
correct translation candidates (Lu, Xu et al. 2007).

After filtering for each possible Chinese translation candidates we firstly select
distinct pairs of Chinese translation candidate and English OOV term with the highest
co-occurrence above the co-occurrence score of 10, because Zhang suggest that
candidates with high co-occurrence frequencies such as 10 are likely to be a correct
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translation(Zhang and Vines 2004). We secondly use association measures to select the
most appropriate Chinese translation candidates. We get numbers of returned pages by
querying the English OOV term, Chinese translation candidates and both of them together
to the Internet. We use those numbers of returned pages to calculate two association
measures: Lift and Conviction. For Lift, we select the Chinese translation candidates with
the highest Lift score, because the higher Lift score the higher the co-occur relationship
between the English OOV term and the Chinese translation. For Conviction, we select the
Chinese translation candidates with the lowest Conviction score, because the higher the
conviction score the lower the co-occur relationship between the English OOV term and
the Chinese translation.

4.1.2 Evaluation scheme

The ultimate goal is to get the Chinese translation of the English medical OOV term,
but the process involves three different steps, they are: web retrieval of English OOV term;
Chinese translation candidate generation; and translation candidate selection. We would
have to evaluate these steps separately, and then present the overall performances. A way
of define the correct Chinese translation candidates is explained below.

From the data preparation process, we have the correct Chinese translation for each
input ICD9 English special medical OOV terms provided by the Taiwanese government.
We can evaluate the correctness of our results by comparing the results with those correct
Chinese translations. If our Chinese translation is semantically same from the data
preparation, we call it a “correct match”. If our translation is semantically different from
the data preparation, we call it a “wrong match”.

In order to evaluate our approach, we compare the results from our approach to the
length co-occurrence approach invented by Zhang (Zhang and Vines 2004).We use
precision and recall to compare our results with length co-occurrence results. The
calculation of precision and recall are shown as follows.

o relevant documents N retrieved documents
Precision = - (4.1)
retrieved documents

relevant documents N retrieved documents 4.2)

Recall =
relevant documents

4.1.3 Experimental results

Since some English medical OOV terms do not have the Chinese translation in web
snippets, their translations were lost during the web retrieval process. For our experiment,
although the input is 184 English OOV terms, the web retrievable OOV terms are only
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179 terms. Among that, 177 do have the correct Chinese translation in the retrieved
snippets when they were checked manually. Therefore, we use 177 as baseline for total
recall. Our LCS based candidate generating system generated a large set of Chinese
translation candidates. We can find the correct translation for 132 English OOV terms
among those candidates if we manually check these candidates. The length and
co-occurrence method also generated a large set of Chinese translation candidates; we can
find the 118 correct Chinese translations if checked manually. The recall for candidate
generation of existing approach and our approach are shown in Fig. 4.2.

100.00% 98.33% 98.70% gc goo,

80.00% 66.67%
60.00%
40.00%
20.00%

0.00%

Length and Co- LCS generated
occurrence
M Recall ™ Precision

Figure 4.2 shows the recall and precision of Length and Co-occurrence candidate
generation compare to LCS candidate generation

For the candidate selection part, the length co-occurrence approach, the overall
precision is 64.41%, our overall precision increase significantly to 84.18%. Results of
experiment are shown in Fig. 4.3.

o 99.13% 99.33%
100.00% 84.18%

0,

80.00% 64.41%

60.00%

40.00%

20.00%

0.00%
Length and Co- Association measure
occurrence selected
Recall M Precision

Figure 4.3 shows the overall recall and precision of Length and Co-occurrence

compare to our proposed method
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We compare our results using two different association measures with length
co-occurrence approach in more detail. The lift and conviction give a very similar result
for selecting candidate pairs. The lift out-performs all the rest methods; it reaches 84.18%
correct matched terms. Among those results, the length co-occurrence approach has the
lowest score when selecting correct matches. Results of this experiment is shown in Fig.
4.4

100.00%
90.00% 84.18% 83.62%
80.00%
70.00% 64.41%
60.00%
50.00%
40.00% 35.59%

30.00%
20.00% 16.00% 16.57%

= -
0.00%

Lift Conv Length Co-occurrence

Correct matches B Wrong matches

Figure 4.4 Comparison of each OOV term translation approach in great detail

4.2 Rule Based Candidate Generation with Data Mining Approach

In this section, we describe the detail experiments and results for the rule based
candidate generation system and data mining approach, presented in section 3.2. This
section is organized as follows: we describe the experiment setup, evaluation scheme, and
experimental results, in 4.2.1, 4.2.2, and 4.2.3, respectively.

4.2.1 Experiment setup

In this section, we describe how the experiment is setup. This section is organized as
follows: we describe the data preparation and web retrieval, translation candidate
generation, and translation candidate selection, in 4.2.1.1, 4.2.1.2, and 4.2.1.3,
respectively.
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4.2.1.1 Data preparation

Similar to the previous experiment, the list of English OOV terms, the search engine,
and the Chinese medical keyword list are all same with section 4.1.1.1.

4.2.1.2 Translation candidate generation process

For each English OOV term, we first check the contents of this English OOV term to
define its potential key characters, presented in section 3.2.4. For each snippets obtained
from the previous section, we divided them into two parts: the part in the front of the
English OOV term and the part in the back of the English OOV term. We scan for each
characters and words to check for the nearest Chinese characters within a searching
distance of 8 characters because we discover that searching distance equal or above 8
characters performs the best recall, Fig. 4.5 shows the recalls using different searching
distance. If any Chinese character is found within the searching distance, we call that
Chinese character the nearest Chinese character and extract all continuous potential key
characters on both side of this nearest Chinese character. Similar to the previous
experiment, for those extracted potential key characters, we used a list of medical
keywords from the previous section to generate translation candidates.

100%

90%

85%

Recall

80%
0 5 10 15 20 25 30 35

Searching distance

Figure 4.5 Recalls using different distance for rule based system generated
candidates

4.2.1.3 Candidate selection process

We use some simple statistics to filter the possible translation candidates obtained
from the previous section. We take the top 70% of the frequency rank and select the
Chinese translation candidates, which are closest in location to their corresponding
English OOV term, because top 70% present the best combination of high recall and low
noise where noise shows the number of wrong translations included in the candidate set.
Fig. 4.6 shows recalls and noises using different frequency rank.
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Figure 4.6 Recalls and noises using different frequency rank

From the filtered possible translation candidates we take 90% as the train set and 10%
as the experimental set for the decision tree process, and we loop the trains set and
experimental set through the entire data set.

A few features were extracted for each possible translation candidate after filtering.
Those features are: 1) the front and back distances, 2)the co-occurrence frequencies, 3)
four association measures (lift, conviction, confidence, and support) scores between each
pair of English OOV term and its Chinese translation candidates, 4) chi-square scores
between each pair of English OOV term and its Chinese translation candidates, and 5)
SCP scores for each Chinese translation candidates. To select the correct translation
candidates, we applied the decision tree to those candidates with features to generate the
tree and we use the tree to select the correct translation. We choose Rapid Miner
(Rapidminer 2009) to be the tool for data mining and error analysis because it offers error
analysis for each individual pair of English OOV term and its Chinese translation
candidates. We try to optimize the parameters used in the decision tree by adjusting each
parameter. We find the best parameters for this experiment and they are shown in Table
4-1.

4.2.2 Evaluation scheme

Similar to the previous experiment, this experiment is divided into three different parts.
They are the web retrieval part, the candidate generation part, and the candidate selection
part. The evaluation scheme for the web retrieval part and the candidate generation part
are same with section 4.1.2. For the candidate selection part, we check the number of
translation candidates that are correct and were selected by decision tree approach. Since
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Table 4-1 the decision tree parameters setting

Decision Tree Parameters Setting
Criterion Gain ratio
Minimal size for split 4
Minimal leaf size 2
Maximal depth 20
Confidence 0.25

Where Criterion specifies the used criterion for selecting attributes and numerical
splits, Minimal size for split is the minimal size of a node in order to allow a split,
Minimal leaf size is the minimal size of all leaves, Maximal depth is the maximum tree
depth, and Confidence is the confidence level used for the pessimistic error calculation of
pruning.

there are different features affecting the decision tree in the candidate selection process,
we separate these features into two different groups: 1) the basic features like frequencies
and distances and 2) the advanced features like SCP, association measures, and chi-square.
For advanced features, we checked all possible combinations of those features and
evaluated the combinations that yield high precisions. The method that we used for
evaluation the correct Chinese translation candidates is same as section 4.1.2.

In order to compare our approach over existing approaches, we choose the length
co-occurrence approach to experiment on the same data with our approach. We use
precision, accuracy and recall to compare our results with length co-occurrence results.
The calculation of precision and recall are same as section 4.1.2. In this experiment, we
need some classification context to evaluate the decision tree performs. Calculations for
accuracy, F-measure, precision, and recall for classification context are shown below:

True positive

Precision for classification = (4.3)

True positive + False positive

True positive

Recall for classification = (4.4)

True positive + False negetive
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True positive + True negetive

(4.5)

Accuracy = — — - -
Y True positive + False positive + True negetive + False negetive

F B 2 X Precision X Recall (4.6)
measure = Precision + Recall '

4.2.3 Experimental results

For our experiment, the web snippets are same with the section 4.1.3. Our rule based
candidate generating system generated a large set of Chinese translation candidates. We
can find the correct translation for 172 English OOV term among those candidates if we
manually check these candidates. We found that this rule based candidate generation
system could generate translation candidates at a high precision of 98.85%. The recall and
precision for candidate generation of existing approach and our approach are shown in Fig.
4.7.

100.00% 98.33% 98.85% 97.18%
80.00%
66.67%
60.00%
40.00%
20.00%
0.00%
Length and Co-occurrence Rule based generated
Recall ® Precision

Figure 4.7 shows the recall and precision of Length and Co-occurrence candidate
generation compare to rule based candidate generation

For the candidate selection process, there are a total of 275 pairs of Chinese translation
candidates and its English OOV terms when applying to the decision tree. In order to test
the advanced features, we compared the precisions of all combinations of advanced
features, where basic features are always included in each combinations. Table 4-2 shows
the expirment results for all combinations of advanced features.
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In Table 4-2, TP, FP, FN and TN represents true positive, false positive, false negetive
and true negetive in a standard confusion matrix, respectively. A, B, C, D, E, F represents
SCP, lift, conviction, confidence, support, and chi-square, respactively.

Table 4-2 experiment results for candidate selection

Combinations TP | FP | FN | TN | precision recall accuracy | F-measure
ABC, ABCD, ABCDE, ABCE 195 | 1 3 76 | 0.99 0.98 0.99 0.99
AB, BC, BCD, BCDE, ABD, ABDE, ABE,

195 | 2 3 75 | 0.99 0.98 0.98 0.99
BCE
B, BD, BDE, BE 195 | 3 3 74 | 0.98 0.98 0.98 0.98
ACDE, CDE 194 | 6 4 71 0.97 0.98 0.96 0.97
all features, BCDEF, BDEF, BEF,
ABCDF, ABCEF, ABCF, ABDEF, ABDF, | 191 | 4 7 73 | 0.98 0.96 0.96 0.97
ABEF, ABF, BCDF, BCEF, BCF, BDF
ADEF, AEF, AF, BF, DEF, DF, EF, F,

191 | 5 7 72 | 097 0.96 0.96 0.97
ADF,
ACDEF, CDEF, CEF, CF, ACDF, ACEF,

190 | 5 8 72 | 097 0.96 0.95 0.97
ACF, CDF
ACD, CD 194 | 14 | 4 63 0.93 0.98 0.93 0.96
ADE 194 | 18 | 4 59 | 0.92 0.98 0.92 0.95
CE 188 | 13 | 10 | 64 | 0.94 0.95 0.92 0.94
DE 194 | 19 | 4 58 | 091 0.98 0.92 0.94
ACE 184 | 12 | 14 | 65 | 0.94 0.93 0.91 0.93
AE 185 | 16 | 13 | 61 0.92 0.93 0.89 0.93

185 | 17 | 13 | 60 | 0.92 0.93 0.89 0.92
C 188 | 21 | 10 | 56 | 0.90 0.95 0.89 0.92
AC 185 | 20 | 13 | 57 | 0.90 0.93 0.88 0.92
A,AD,D 198 | 77 | O 0 0.72 1.00 0.72 0.84

Table 4-2 is ranked according to accuracies. In the top part of the table where the high
accuracies are located, we found out those combinations require lift as the feature. In the
bottom part of the table where the low accuracies are located, we found out those
combinations are resulted by SCP and confidence. We show few high accuracy tree
graphs using association measures and chi-square as root in the decision tree as follows.
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Figure 4.8 shows the best result when using Chi-square as root. The tree is up to 5
comparison nodes, features used in decision tree includes Chi-square, SCP, and frequency.
The precision is up to 97.94%.
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£ SN\
<=17.500 >17.500 <=0.500 >0.500
£
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<=18.£>18.500
\ |

M g

Figure 4.8 best result by Chi-square

where chi, freq, bfreq, and scp represents chi-square, total frequency, back frequency, and
SCP scores, respectively. According to the above graph, most Chinese translation
candidates with a chi-square score over 6175 and back frequency more than 0.5 are
correct translations.

Table 4-3 confusion matrix by chi-square

Correct class | Wrong class | Classes

Classification

191 4 Classified as
Correct

7 73 Classified as
Wrong
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Figure 4.9 shows the best result when using Conviction as root. The generated tree is
quite complicated, which is up to 6 comparison nodes, features used in the decision tree

include Conviction, Confidence, Support, SCP, and frequency. The precision is up to
97%.

conv

<=1.005 >1.005
> |
<=0.0> 0.002 <=0.001 >0.001
wrong || correct || wrong
—
<= 0.500 > 0.500
<=0.3>0.367 <=0.002 > 0.002
‘ wrong || correct ||correct
<=35>35
4 N

wrong correct
e | | e—

Figure 4.9 best result by Conviction

where conv, conf, freq, bfreq, scp, and suppC represents conviction, confidence, total
frequency, back frequency, SCP scores, and support, respectively. According to the above
graph, if conviction is selected as root by the decision tree, the majority of the correct
Chinese translation candidates can be found after 4 comparison nodes.

Table 4-4 confusion matrix by Conviction

Correct class | Wrong class | Classes

Classification

194 6 Classified as
Correct

4 71 Classified as
Wrong
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Figure 4.10 shows the best result when using Support as root. The generated tree is
quite complicated which is up to 8 comparison nodes, features used in the decision tree
include Support, Confidence, SCP, and frequency. The precision is up to 91.50%.

<=0.000 >0.000

3N

A

<=0.001 >0.001 <=0.500 >0.500

v R
correct
I

<=17.500 >17.500 <=0.3>0.367 <=0.002 >0.002

Y |4 ) 2
wrong ‘ wrong ‘correct correct
— ||

<=10.50C> 10.500 <=35>35
4 N

N
—— S | M—

<=18.>18.500

N
correct || wrong
— | | —

Figure 4.10 best result by Support

where suppC, conf, freq, bfreq, and scp represents support, confidence, total frequency,
back frequency, and SCP scores, respectively. Although the tree graph is more difficult
than the one using conviction as root, but when using support as root, decision tree only
took 3 comparison nodes to classify the majority of the correct Chinese translation
candidates.

Table 4-5 confusion matrix by Support

Correct class | Wrong class | Classes
Classification
194 18 Classified as
Correct
4 59 Classified as
Wrong
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Figure 4.11 shows best result when using Lift as root. This tree is also the overall best
result for the candidate selections process. The generated tree has only 3 comparison
nodes; features used in the decision tree include Lift, SCP, and frequency. The precision is
up to 99.48%.
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Figure 4.11 over all best decision tree resulted by Lift

where lift, ffreq, bfreq, and scp represents lift, front frequency, total frequency, back
frequency, and SCP scores, respectively. When using lift as root, decision tree took only
2 comparison nodes to classify the majority of the correct Chinese translation candidates.

Table 4-6 confusion matrix by Lift

Correct class | Wrong class | Classes

Classification

195 1 Classified as
Correct

3 76 Classified as
Wrong
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In order to check our rule based candidate generation and data mining approach over
existing approaches, we compute the best decision tree result into our candidate
generation system and check how many candidates are correctly translated. By compare it
with length Co-occurrence result. Out of 177 English OOV terms, our approach can
translate 169 terms. We have a much higher overall OOV term translation precision of
95.48%, shows in Fig. 4.12.

100.00% 99.13% 99.41% 95.48%

80.00%

64.41%

60.00%

40.00%

20.00%

0.00%

Length and Co-occurrence Decision tree selected

Recall M Precision

Figure 4.12 Comparison of overall OOV term translation recall and precision of
Length and Co-occurrence to our rule based candidate generation and machine
learning approach
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Chapter 5

Discussions

In this chapter we provide explanations and discussions of behaviors of results
obtained from our two approaches presented in the previous chapter. In addition, we
explain why our approaches perform better than existing methods and what the limitations
of our approaches are. This chapter is organized as follows: Section 5.1, we discuss the
results from experiments and also explanation for longest common substring candidate
generation with association measure approach. Section 5.2, we do the same thing for rule
based candidate generation with data mining approach. Section 5.3, we compare the above
two approaches.

5.1 Discussion for LCS candidate generation with association

measure approach

The association measure approach has a major advantage over existing methods
because it selects the translation candidate automatically based on their association
measures scores. Most existing method requires human to select the correct translation
candidates.

In the experiment of association measure approach, the precision and recall reach up
to 84.18% and 85.88%, respectively. Some long Chinese translated candidates that
contain other unrelated Chinese words in front of the correct translation candidates cause
the incorrect translations. When we fed these long and incorrect Chinese translation
candidates back to the web, the association measure becomes zero. The incorrect Chinese
translated candidates usually become a problematic in the LCS candidate generation
system. Another source of error is from punctuations and other non-Chinese characters
that may be embedded as part of English ICD9 medical terms. The translation of these
medical terms must also be included in the translation. However, both our approach and
existing approaches ignored the punctuations and non-Chinese characters in the
translation candidate generation process; as a result, we only obtained the partial
translation for those Chinese translations.

5.2 Discussion for rule based candidate generation with data mining

approach

The rule based candidate generation with data mining approach has two major
advantages. First, the rule based candidate generation is the first system available in
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English to Chinese translation that handles Chinese translations which includes
non-Chinese characters. Second, the data mining approach is not only able to select the
correct translation candidates, but also generate a model that can be applied for OOV
term translations.

The rule based candidate generation with data mining approach was able to reach a
95.48 % precision, however some translation candidates were still selected incorrectly by
the decision tree. Since the decision tree tries to find a general rule for all pairs of English
medical OOV term and its translation, regardless of frequencies of their appearances.
Some translation pairs occur very infrequently are classified wrongly.

When using different features in the decision tree, association measures always play a
very important role. However, there is a drawback from association measures as when we
calculate the association measures, we obtained the numbers of returned pages from the
Internet, and these numbers represent the co-occurrence of the input English OOV term
and the Chinese translation candidates. These numbers do not represent the location
distance between the input English OOV term and the Chinese translation candidates in
the retrieved snippets. As a result, no matter how far or how close the Chinese translation
candidate is away from the English OOV term, they all result the same numbers. Even
we filtered out the translation pairs with far location distance; however few translation
pairs pass the filter and cause the decision tree to classify wrongly. When a wrong
translation pair being classified into a correct class, it maybe another disease whose
Chinese translation co-occur together with the English OOV term more often than the
correct one. For example (Tyrosinemial P&[iZJE[E) but the Chinese translation we got
is “fi& FE PR AX B <95 which is the translation of “Aminoacidopathies,” because
“Tyrosinemial” appear together more often with the “JZFE AKX #%)%” than the correct
one. Another type of error is the partial translation problem, for example (MLES MLES
JiE %), our approach did not get the non-Chinese character part in that Chinese
translation. The Chinese translation we got is “JEfE#E,” because we matched the
non-Chinese character part as the English OOV term. For both examples, they however
have very high association measure scores, high frequency and not too far location
distance. These results cause the decision tree to classify the incorrect translation pairs
into a correct class.

When a correct translation pair being classified into a wrong class, it is usually caused
by some Chinese word segmentation system in the search engine. For term (Myotubular
Myopathy JL/NEE/ILNE 9 AR), our retrieved answer is “/JL/NE 57, but when query
this word back to Yahoo API to check for co-occurrence the result is zero, the
co-occurrence for “JJl/NEHAE”  is more than 100. Same result with Google and MSN.
So far, we can only assume that those search engines use a statically based Chinese word
segmentation system, the system very much depends on the corpus that occurs on the
Internet.
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5.3 Compare the two approaches

Two common limitations in both of our approaches are firstly unable to find
translation candidates in the process of querying OOV terms into the web; secondly some
Chinese translations were not correct generated in the translation candidate generation
process.

Some translations are lost in the process of web querying because there is no Chinese
translation in text format for that specific English OOV term in the Internet from the
retrieved snippets. This is because those Chinese translations may exist in a picture or
PDF format.

For errors occurring in candidate generation process, most correct Chinese translation
candidates can be found in the retrieved snippets when we manually check these snippets.
But both of our approaches were unable to generate some of the correct Chinese
translation candidates if that correct Chinese translation candidates occur very
infrequently in the snippets. The precision of candidate generation for both of our
approaches and existing approach are shown in Fig. 5.1. The overall precision for both of
our approaches and existing approach are shown in Fig. 5.2.

Precision
100.00% 35.88% °7.18%

80.00% 66.67%
60.00%
40.00%
20.00%

0.00%

Length and Co-occurrence LCS generated Rule based generated
B Precision

Figure 5.1 are the bar graphs of candidate generation precision of existing
approach compare to both of our approaches.
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Figure 5.2 are the bar graphs of overall precision of existing approach compare
to both of our approaches

If we simply compare experiment results for in Fig. 5.1 and 5.2, we can conclude that
translation candidate selection in both approaches performed a very high precision. Most
problems causing the overall performances to drop come from candidate generation
process. The rule based candidate generation with data mining approach outperforms the
LCS candidate generation with association measure approach, because rule based
candidate generating approach generated a better set of translation candidate than LCS
candidate generating approach. Improvements on translation candidates improves the
overall performs. Our future work will majorly focus on how to generate better
translation candidates.
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Chapter 6

Conclusion

English-Chinese OOV translation extraction is a technique to automatically generate
Chinese translations from the given English OOV terms. Many approaches have been
proposed to achieve this task. However, the existing approaches usually require human to
select the Chinese translation for the English OOV term from a list of possible candidates.
And existing approaches focus only generating the Chinese translations with only
Chinese characters. Yet some Chinese technical terms in the real world may compose of
several kinds of characters. We proposed two approaches to solve the problems of the
English-Chinese OOV term translation. We conduct the experiments based on ICD 9
English medical OOV terms. The first approach performs an automatic selection without
human interfere and obtains an overall precision up to 84.18%. The second approach
uses a rule based candidate generating system to solve the non-Chinese character
problem. This new approach takes into account of each individual English OOV term and
set different rules to generate the Chinese translation candidates. The selection process of
translation candidates is done by decision tree, which generates rule based on all different
features we extracted. The second approach outperforms the first approach with an
overall precision of 95.48%; it also outperforms the length co-occurrences approach,
which can only reach an overall precision of 64.41%. By compare both of our approaches
in chapter 5; their performances are depending on translation candidate generating
process. The better are the generated candidates, the more accurate is the result. Our
future work will majorly focus on how to generate better translation candidates.
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Appendix A

Top 50 domains

# Name of domains Domains Nl.lmber of
snippets

1 Taiwan foundation for rare disorders www.tfrd.org.tw 324
2 Bureau of national health insurance, department of health | www.nhinb.gov.tw 319

Department of Health Bureau of Health advisory services
3 . o www.bhp-gc.tw 270

to windows of genetic diseases

tw.knowledge.yahoo.co

4 Yahoo knowledge m 257

Yahoo blog tw.myblog.yahoo.com | 234
6 hospital administration commission, department of health | www.cto.doh.gov.tw 160
7 taiwan human genetics society Www.genes-at-taiwan.c 157

om.tw

Department of health www.doh.gov.tw 156
9 Lienchiang County Municipal Hospital www.pngh.tpg.gov.tw | 152
10 WRETCH AlbumFront Page www.wretch.cc 138
11 Taipei Municipal Jianguo Senior High School web.ck.tp.edu.tw 116
12 County Wenchang School www.weps.tee.edu.tw 107
13 Chang Gung Memorial Hospital www.cgmh.org.tw 105
14 Sibo Network - Chinese Electronic Periodical Services WWW.ceps.com.tw 102
15 Taipei City Government Health Office www.health.gov.tw 101
16 Kang-Ning General Hospital www.knh.org.tw 95
17 National Cheng Kung University www.ncku.edu.tw 94
18 Medscape www.24drs.com 76
19 Pediatric Clinical Advisor zww.leaderbook.com.t 73
20 Providence University www.osa.pu.edu.tw 72
21 Bureau of National Health Insurance www.nhitb.gov.tw 70
22 Disabled Services Information Network disable.yam.org.tw 66
23 Taoyuan Hospital, Department of Health www.tygh.gov.tw 58
24 Blog yam blog.yam.com 51
25 Wikipedia Chinese zh.wikipedia.org 48
26 National Taiwan University Hospital ntuh.mc.ntu.edu.tw 47

L . homepage.vghtpe.gov.t

27 Taipei Veterans General Hospital-Index w 43
28 Mackay Memorial Hospital www.mmbh.org.tw 42
29 Buddhist Tzu Chi General Hospital www.tzuchi.com.tw 40
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30 Satoshi Kuni public hall www.17885.com.tw 37
Special cases of a rare disease, a rare disease drugs flow
31 . www.rdfdlme.tw 35
cum Nutrition Center
32 China Medical University Hospital www.cmuh.org.tw 35
33 Health 99 Education Resource health99.doh.gov.tw 35
34 Medical Kwiki zh-tw.med.wikia.com 35
35 Newborn Screening. in Taiwan nbs.tw 32
36 CHI MEI MEDICAL CENTER www.chimei.org.tw 30
37 Kaohsiung Medical University www.kmu.edu.tw 30
38 Health and Medical Information twl6.net 28
39 National Yang-Ming University www.ym.edu.tw 27
40 union News udn.com 26
41 The new family of rare diseases Paradise WWW.rare.org.tw 25
Kaohsiung Medical University Chung-Ho Memorial
42 . www.kmuh.org.tw 25
Hospital
43 Blog Sina blog.sina.com.tw 24
44 Chang Gung University www.cgu.edu.tw 23
45 MEDgle medical and health search www.medgle.com.tw 23
46 Chin.a Medical University , Graduate Institute of Basic worw?.crmedu tw 2
Medical
47 Epoch Times News Network epochtimes.com 22
48 National Institute of Neurological and Allied Sciences WWW.Neuro.org.tw 21
49 myblog yahoo hk.myblog.yahoo.com | 21
50 The New England Regional Genetics Group WWW.nergg.org 20
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Appendix B

ICD 9 Table
Correction .
. . . Our  Chinese
ID English ICD9 medical terms Chinese )
. translation
translations
1 Urea cycle disorders IR R IREAATAN
Y pt AT
2 Citrullinemia JI\Vi7d 4IRS JIU R I
,—pﬁ LQ A § ﬁ vy
3 Amino acid metabolic disorders & L‘E&ﬁlﬁwﬁ B R
I P
4 Aminoacidopathies ARG LA
P i3 i
5 Homocystinuria 1 e G IR PRE WB?IEHQE&E{
Yif:
6 Hypermethioninemia R BT R BT
P it i
7 Cystinosis O Je P i D JY B
AR e T M AW e T
8 Nonketotic hyperglycinemia .. .
PRI R i TR
9 Phenylketonuria 2 PRI IR RARE
DU SR 0 ik Il Sl e
10 Tetrahydrobiopterin defici _ -
etrahydrobiopterin deficiency = =
11 Hereditary tyrosinemia AR R I G RS
vy R L5 R I
12 Maple syrup urine disease WO JR MUK JRRE
13 porphyria K UIE K
. LA
14 Multiple sclerosis %2 R AL SE %é‘x it
i
15 Gaucher's disease a3 FORE a3 FOAE
16 Wilson's disease JBIR AR FGAE 2 R AR LGRE
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Ji Eeg A M

17 Nesidioblastosis Ji 5 B4 i e
I8
Persistent hyperinsulinemic FEUTEL) S FRAIEL) S
18 holummﬁme W BB | R I
yPosty Y I L ST LB
19 Amyotrophic lateral sclerosis AL MZARIEAT
YOHoP LS B =W ALIE
20 Organic acidemias A WLRR I A B 1 i
21 Isovaleric acidemia S LN TR IR SRR I
LR IMLE, N
22 Glutaric aciduria type ,;,;é E&# g IR B I
23 Propionic acidemia PR IMLRE R IMLRE
FET R ML P R
24 Methylmalonic acidemia i LE e EFIJEZE e
95 3-Hydroxy-3-methyl-glutaric 3-EHE-3- 3G Jk-3- 1
acidemia I R IMLAE FHe Tl R IMLAE
26 Galactosemia =B LA PN LA
NG 07 B A A AR i EaRte
27 Fatty acid oxidation defect
Y Fi e YR B
. . Jir R AL JiH P AL i
28 Carnitine deficiency syndrome — —
ZE =
29 Mitochondrial defect WL JIRAR SIS AR S B bE
30 K S d Kearns Sayre Kearns Sayre
earns Sayre syndrome o N
ey RO RO
o Leigh [KFAEH] Leigh [C#4E
31 Leigh disease N I
i 5 i s A% HAIS A 6 v
MELAS JiE .
32 MELAS e A i fig A
Mitochondrial Neurogastrointestinal MNGIE JEf B (I A
33 EmthmbSnmée RN Z | s i
phatopaty 5y WA AR | IO A 1 B
Aarskog-Scott Aarskog-Sco
34 Aarskog-Scott syndrome . N
g Y FCHE A A tt FRIEAERE
= T N
35 Achondroplasia ® EJ;E% HA & ; EE A
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Angelman IE

Angelman [

36 Angelman syndrome o o
ey fie HEN T
3 e 2 1
j%i;cgiﬁ%/%ﬂml /\{E%Dﬂﬁi
37 Ataxia telangiectasia i [ ! N 117 B3 S Ak
B IRAE M .
HE
18 Cock q Cockayne [GHiE Cockayne [
ockayne syndrome \ N
ey {5 RENRTE
EY SWIINAES BERNA
39 Duchenne muscular dystroph
YSHOPNY R R
40 Glycogen storage disease JH T i R JH Tt £ R
GM1/GM2 #if GMI/GM?
41 GM1/GM2 gangliosidosi I, fAE T T A
gangliosidosis o A U PRES Eﬁﬁafnﬁ
FERE
WAL LR JE o) TR
42 Hereditary epidermolysis bullosa
1 epeemo PERATE | SRR
43 Huntington disease FITIRRSRE ik
¢ i i
= [Eﬁ\ ﬁ:l\’v = EE,E
44 Huntington's chorea i fEi S ?Eg e R
45 Hutchinson Gilford progeria g g
syndrome
NGRS
46 Ichthyosis QEEuN TSI e S RIS
ith)
JE IR £ figfp it
47 lamellar recessive C AR RE PR BAE JEE IR f fie et
th)
Kenny-Caffey Kenny-Caffe
48 Kenny-Caffey syndrome . .
YRR A B y R B
Lesch-Nyhan Lesch-Nyhan
49 Lesch-Nyhan syndrome o o
s FAE A FAE A
. L HEA!
50 Lowe sydrome Lowe [CHEMRHE 0wﬁe§%f7§:
51 Mucopolysaccharidoses R Z MR R Z MR
52 Osteogenesis imperfecta JSCE AN AE JCE AN AE
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B A R

AR Bl IR

53 Pseudohypoparathyroidism N N
YPoparaily ISR BRI i
. Fit e ICRE iR
54 Rett syndrome B DA A ﬁﬁt:;%r{%
55 Spinal muscular atroph FRAPEILA % AREIEALA
b o 4 HAHE
A /N o 1 A
56 Spinocerebellar ataxia RO AN E S
P BRI
VA R R A A it PR Bl 4
57 Sulfite oxidase deficienc _ i
Y A= Tl
58 Thalassemia major BRI i
! I #fL
LEET AL,
59 Tuberous sclerosis gET PR AL RE " E‘ﬁf 2
hE
LA FQAE FLEARAR I
60 Waardenburg syndrome N \
=% R R
s P Y
61 X-linked hypophosphatemic rickets PEXE R AR AR Tl 12 1/; 3
YPOPROSP T ) A P
iE
Zellweger [GhE Zellweger [X
62 Zellweger syndrome N N
sersy fi RERE
NN HEAT P
63 Progressive intrahepatic cholestasis AT HE SR Bt P FF PR - di
g P T A 38 B i
P ik
SERMENHR & SERVENETR
64 Inbon errors of bile acid synthesis e -
Y e O TR
65 Primary Paget disease BRI R ALY
e T M 2
66 Nitroacetylglutamate synthetase LR NE IR LR TR
deficiency FS g ffe = i B Gk = E
LBRRETR LA NS
67 NAG synthetase deficienc . _ N
Y Y RIS | o T g
\ o JH 1 o,
59 T . Tk
68 Ornithine transcarbamylase deficienc , — Pifs oL A il
Y T ssmmeszE | L
ZhE
69 Apert syndrome FAARE [T AR IE
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BE R H

70 Cleidocranial dysplasia e &
_ DiGeorge's Jit DiGeorge's
71 DiGeorge's syndrome o o
SR it S (T
— A Y
7 Homozygous familial A& 1 @E H}; gi};jf
hypercholesterolemia i JIE ] P AL " ;E
S HUHERES | adm
W CERUE) L
S TR 2R il R SR 2R ] R
PAH type PKU combine with e e \2 b s [
" Sucrase—isyopmaltase deficienc A IRRER R A2 i £ R
Y ST | 2R
Nemaline 2k Nemaline &
75 Nemaline Rod Myopath .
YOPEY WL A AL A
AT PB4 AT E L
76 Fibrodysplasia Ossificans Progressiva
ysP g W% PEL%
Menkes [GHEfE Menkes [GHE
77 Menkes syndrome \ ,
Y Bt Rt
78 Fabry disease Fabry [ A B FORE
Prader-Willi [K .
79 Prader-Willi syndrome . JBARE
Y i 17 T
Niemann-Pick
80 Niemann-Pick disease IGHE, S a0 A i Je = L v i
B
81 Tricho-hepato-enteric syndrome Be-T-TEAR HT-IBaE
P Y Bt it
82 Collodion baby JBMEE )L JE M B,
83 Harlequin ichthyosis Dt (0, 1 it D (5 S e
TR e R .
. | IR KRR
Bullous Congenital ichthyosiform B 21 B e N
84 \ PE S R AT
erythoderma CRBZRAEYE S [
Ak BEED
85 epidermolytic hyperkeratosis Jig SR A fih e Jig R £ e
86 Laron syndrome Laron [fffs FARIRAER
Y S (T Bt
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97 L Duwarf Laron [K/&1f%E Laron K1
aron Dwarfism o -
YA A filhE A A
23 Smith-Lemli-Onit g Smith-Lemli-O Smith-Lemli-
mith-Lemli-Opitz syndrome ) - . -
itz sy pitz FCAEMRAE Opitz FCRE
Bardet-Biedl [X; RGBTV N
89 Bardet-Biedl syndrome . N
Y A (7 B A (7 B
Larsen FGHEfix
v m L e
90 Larsen syndrome BE, S-SR j{r;:;; R
WA A fi B
e VERR IR 2 = THEPR I 25 Bk
91 Sialidosis _
YiF ZiE
Alstrom [CHE (% Alstrom [GHE
92 Alstrom Syndrome \ N
Y B {1
93 Chronic primary granulomatous J R AT A Ji 1S
disease i Al 2 i I
Persistent hyperinsulinemic RS )L FRALES) L
o4 hypoglycemia Z?infanc PHHI el 2Ly i AL R
YPosY Y R S WM A
95 Familial hyperchylomicronemia ACIRIE F SLIRE ARIRIE 3L
YPerey PO L PO ML
Ja R b EC
Jd . JCHLBE, Phds
96 W A G R syndrome SR R Re bR E Lost
E#E (W A GRIE
fig )
Ja R b EC
\5 N Q:[: #\ ‘i 5
Wilms' tumor-Aniridia-Genitourinary E M% Ej? - TE%}E
97 . . S R e RS E Lost
Anomalies-mental Retardation o
E#E (W A GRIE
fig )
SN | ANIEREE
98 Ectodermal Dysplasias
P RUIE A B
Beckwith Beckwith
99 Beckwith Wiedemann syndrome Wiedemann [GSE | Wiedemann [
fige YA
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TERMETAS

100 (-Jong.enital insensitivity to pain with B ?ﬁf“f&k%ﬁ?‘Xﬁﬁ R
anhidrosis JEIE A TG RE .
PP
Wolfram FGHE Wolfram [X
101 Wolfram syndrome . N
g fo e s B
14 v (s
B LR 5 B EIRIS E
102 Adrenoleukodystroph
YOIOPRY I HUS
McC McCune
cCune
. : ey
103 McCune Albright syndrome Albright [ 5 Albrlgh%; PAE fiz
lo4 c q Crouzon [AE Crouzon X
rouzon syndrome \ N
d fme A B
1L 7N B i
105 Thrombasthenia IR TG ) %E J B
SiE
Schwart Schwartz
chwartz
106 Schwartz Jampel syndrome Jampel EEWE o Jampel ‘EETELTI%
HE
107 . q Fraser [GHiEfi% Fraser [GHE
raser syndrome \ N
Y B 15
108 Mucolipidosis FilG ORE FiNREAE
VWA A SER A A
109 Ehlers Danlos syndrome e ol
110 Myotonic dystrophy JULIA i L VLA 5 L SE
SR VWN A
111 Congenital Hyper IgE syndrome . o .
e TIPSR BRI EJEIRRE | L
% SR P 585
112 Tyrosinemial B SN e U N PR A
=
P S R P o8
113 Hereditary tyrosinemia Rt NI bt N AR
e
114 Hyperlysinemia A E AR s
e 4 i
115 Histidinemia A ¥ I 1 i A 1 i i
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= AR RO
3-Methylcrotonyl-CoA carboxyl . " .
g | oo SEPORTORSROREEE ) iy A fumes | MG A 1
Y BT i RER B A
PR L PR
117 Multiple carboxylase deficiency %gizﬁfd W ;gﬁf{
118 Split-hand/ Split-foot malformation P EIE PR
119 Metachromatic Leukodystrophy MLD i i B JiE
190 Campomelic dysplasia with autosomal FIERKBEAR HIgEEA
sex reversal A ) F {3 BN B 43
121 Osteopetrosis B A ACIE HHE AR
— kKA G
122 Carbohydrate-deficiency glycoprotein KA A= zg? EK [; ;E 1!5’;
syndrome T E 1RE fige A ) H;i
123 Trimethylaminuria RAANE SfE
Fe RV 5
. . KRMEA NS |
124 Congenital generalized lipodystrophy e . JEEEEAR
TS FEA RE )
E
125 Multiple pterygium syndrome FRIERRIR & BRI
ple Pl sy s A AL 1
196 Idiopathic Infantile Arterial FER S LB SEIIER Y
Calcification Jhk A A g B IRAE AL
127 Miller Diek d Miller Dieker Miller
iller Dieker syndrome SR B Dicker KE{ B
. S 11 0 R
128 Medium-chain acyl-coenzyme A HHRE i 7 1 2% 5z ,: @; g Eﬂj)g g&
dehydrogenase deficiency AR ZNE - ﬁi\
e e A g R I,
129 Hyperprolinemia e M R IR " o
130 Cystic fibrosis TR A YA IE FEVE AL
: Vi 22 2l Vi P kI
131 Pyruvate dehydrogenase deficiency EBEE&Z yfgjﬁé i?;%g/; TEE
132 Neuronal ceroid lipofuscinosis Tl LA
P WIRGBIE | IR R R
133 Meleda disease Meleda 97 Meleda 559
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P2 LT YEJRIE

. S ZZR‘ Zﬁ »Z‘ B
134 Neurofibromatosis (RS — il A 4 f g
Al d
135 Alexander disease ex;ﬁn er K o JBE L RO
) B e & B e
136 ACTH resistance . .
itk EE/IR e
la-FEAb s = Lo-FEAL B
137 la-hydroxylase deficienc \ — N
yaroxy Y S (T = SN
138 Stiffperson syndrome fREARCRE R MR 1
139 Primary Pulmonary Hypertension A B R L)
& P i IR R
140 C lia de L d Cornelia de Cornelia de
ornelia de Lange syndrome \ N
. Lange [KAEMEHME | Lange [CHE{EAT
a/i JHL 2. 25 J,;.I;_ e AL %
141 Pseudoachondroplastic dysplasia B rﬁiﬁ kA ﬁ;gfjéﬁ %
142 Rubinstein.Tavbi d Rubinstein-Tay Rubinstein-T
ubinstein-Taybi syndrome . . ) .
yorsy bi FEA aybi [ A
143 Facioscapulohumeral muscular LIRS Il JA R L
dystrophy FIE RAIE
Bartt I i 2 ICRE (%
144 Bartter's syndrome : e\r R E‘LH\EEE{%
B gis
145 Short-chain acyl-CoA dehydrogenase FLEENR TR 2 S IR T TR
deficiency MR = hE B =
FIE 475k
146 H tin C defici FAEIN & 7 EE’Q:;&;
omozygous proetin C deficienc H
yEous P Y amcHEE |
i
ol - P A ol -HLEE
147 1- Antit in defici _ _
o ntitrypsin deficiency = RS
P R PR 2 AL T & e 1 FE AL
148 T ine hyd lase defici _ e
yrosine hydroxylase deficiency S RS
Aromatic L-amino acid decarboxylase Ji Bk L Ji B LI
149 | o Y MoK | LM
Y = i Aty e 2 o
SERVEE R SERMEE I
150 Congenital adrenal hypoplasia .
£ yPop RE A4 B R4
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Kallmann [KHE

Kallmann [

151 Kallmann syndrome o (g
A 8 AR
152 Bruton's agammaglobulinemia ekl %T’tf;ﬁ% I
55 BRIE F I I
PRk H IMUAE i
153 Wiskott-Aldrich Svnd Wiskott-Aldric Wiskott-Aldr
iskott-Aldrich Syndrome \ ) N
h e ich [CIEEAE
154 Severe combined immunodeficiency FPER AT BEHAL
FE iR Z N TR i = I
; S 8 e g7 @
155 Complement Component 8 deficiency %Mzggﬂ & %Efg?gn
156 Holt-Oram Svid Holt-Oram [ Holt-Oram
olt-Oram Syndrome , N
REAAE FAEAAE
157 Hereditary spastic paraplegia s BB
et PER 5 R
158 IPEX Syndrome IPEX SE{FHF IPEX JE % R
R QA i \
159 Williams Syndrome )ﬂi%ﬁi AR J3 B FGE
Joubert [GHE{%
s N Joubert [GHE
160 Joubert syndrome HE, FNE /) v s 0?[%% oA
HRHEAR
P4 Cajal
Congenital Interstitial Cell of Cajal I‘Eﬂf’fizﬂiﬂ;@ iEZ AE%
161 | Hyperplasia with Neuronal Intestinal P B;Tﬁ% 0 ;\ﬁ: 7; Lost
Dysplasia & B%
5
HET LR B ) - 1
162 Hallerman-Streiff Syndrome ;i%é; {;ﬁ; * ﬁii% {;ﬁ;
. i i fis
163 Kabuki syndrome AR B ASCRE iz A ﬁﬁ&r{%
=38 G ,
164 Oto-Palato-Digital syndrome B JJE_;;% ; oA
Pelizaecus-Merz Peli M
elizacus-Me
165 Pelizaeus-Merzbacher Disease bacher [GIE, 214

JLEE R AL

rzbacher [GIE
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Charcot Maire

. Charcot
Tooth FIE, AT
166 Charcot Marie Tooth Disease . ’ Marie Tooth X
P2 P 25 W
HEhE
J /%:“[S}J
167 Cerebrotendinous Xanthomatosis i e 4 R E-%Eﬁ H
Darier [GIE, &
168 Darier's disease ’ Darier FGHE
TR
C diH Conradi-Hun
onradi-Huner
169 Conradi-Hunermann syndrome . ermann [GRE{K
mann FCHE {5 HE ,
#
Andersen [GUiE
e GOV f RS
Andersen [X;
170 Andersen syndrome B S SR SRR ey
s A e
AR
e i FOAE
171 Kennedy Disease CHREERETEILN H g [GRE
BEHIE)
SERME A SeRMEML
172 Dyskeratosis Congenita
Y g Ao RA%E
T h Treacher
reacher
173 Treacher Collins Syndrome Collins FGJi f B Collins ‘Eﬁﬁﬂj’%
B
L KIGVEP A
174 Familial Amyloidotic Polyneuropath SRR £ IEE A e Z“ij
y YRCHOPEY | oz | T
I
Robinow [KJiE Robinow [
175 Robinow Syndrome N
Y iR B i
176 Hereditary Hemorrhagic TRt AR A TV I
Telangiectasia MY 5K P LB 48 SR
i 1L 77 o e
177 Glutl deficiency syndrome e N Lost
Y AL B
178 Glucose Transporter deficiency i 07657 o Lost
. - 0S
syndrome 2 A Bk b
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Hyperornithinemia-Hyperammonemia i 55 B A SR
179 —Honig)citmllinuria S ndr};lzne R 0 TIUBC | - P LA
Y MM AR | R
180 Myotubular Myopathy WL INE AR WL/ INE
Pfeiffer FCHE fi% Pfeiffer FGHiE
181 Pfeiffer syndrome N .
Y Bt iR
Pantothenate Kinase Associated 2 P iy i
182 Neurodeseneration Wit 2 &R | R AP ARIE
g SR LA
Bk A A 1o R Bk AR
183 Hyper-1gM syndrome , N
YPer-igvL sy M JE R (1 M AE (% A
g (B FEE
184 Nail-Patella Syndrome . i A% T
Y B E IR
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Curriculum Vitae

Education:

M.S.IT in Information Science, Thammasat University, Thailand

(November 2007- Present)

B.BA in Business administration and finance, Summa Cum Laude honor,

Ramkhamhaeng University, Thailand
(June 2003-November 2006)

Publications:

National Journal

Jian Qu, Thanaruk Theeramunkong, Cholwich Nattee and Pakinee Aimmanee. Web
Translation of English Medical OOV terms to Chinese with Data Mining Approach.
Thammasat international journal of science and technology. (Conditional Accepted,
revised and under re-reviewing process).

International Conferences

Jian Qu, Kobkrit Viriyayudhakorn, Thanaruk Theeramunkong, Cholwich Nattee and
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using Association Rule Mining with Web Data. Joint Conference on Computer
Science and Software Engineering, 336-341. Phuket, Thailand, May 2009.

Jian Qu, Thanaruk Theeramunkong, Cholwich Nattee and Pakinee Aimmanee. A
Novel Candidate Generation Technique for Web based English- Chinese Medical
OOV Term Translation. International Conference on Knowledge, Information and
Creativity Support Systems, 61-68. Seoul, Korea, Nov 2009. Published by JAIST.
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