Bio-medical Term Extraction on Smple Rule L anguage

Takashi Sinnou and Koichi Takeuchi
Okayama University
3-1-1, Tsushimanaka, Kitaku,

Okayamashi, Okayama, 7008530, Japan
koi chi @l . cs. okayama-u. ac.|p

1 Introduction

For disease surveillance system, bio-medical term
extraction is a key technology for a surveillance sys-
tem of epidemic disease news from the Web?. In the
previous work we applied statistical learning model
to extract terms from the Web site. The previous
approach is good at extracting terms with high pre-
cision rates; however it is weak at extracting new
terms that do not exist in the training data. Since
we usually have new disease names a new term ex-
traction approach with high coverage for unknown
or low-frequent terms is needed. Recently, Simple
rule Language (SRL), a rule-based word extraction
language, is freely available?. The SRL also has an
developing environment called SRL editor. Thus we
are constructing rules of bio-medical terms on the
several language (such as English, Japanese, Thai
and Vietnam) for the multilingual disease surveil-
lance system. In this manuscript we confirm how
we construct rules to extract Japanese bio-medical
terms from Japanese news articles.

2 Simple Rule Language

SRL consists of two types of rules i.e., entity and
template rules. Entity rules define target named enti-
ties by describing patterns of intra-term characteris-
tics such as specific suffix, morphological and char-
acter types. Template rules are applied after entity
rules and they extract named entities in text by defin-
ing contextual patterns of target entities in sentences
using entity rules.

SRL provides several convenient functions which
can deal with orthographic patterns of literals,
character-based regular expression matching, and

http://biocaster.nii.ac.jp/.
2http://code.google.com/p/srl-editor/.
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registering sets of tokens as a category list. These
functions are useful to describe compact rules in
Japanese bio-medical terms. For example most of
the disease terms in Japanese have the special suf-
fix “-byou (disease)”, thus we can describe an entity
rule for disease terms using suffix matching func-
tion. SRL needs base unit of tokens but Japanese
texts do not have space between words; thus we ap-
ply a Japanese morphological analyzer ChaSen® to
obtain morphemes which are base tokens for SRL.

In the current stage we are building entity rules
for bio-medical terms. To construct entity rules, we
have three strategies: The first is to utilize internal-
structure of terms by applying regular expression
matching; the second is to enumerate all of the pos-
sible strings for target categories; the third is to
construct combination rules which consist of lists
and regular expressions. We apply the three strate-
gies depending on the characteristics of bio-medical
terms.

3 Entity Rulesfor Japanese Bio-medical
Terms

All of the biomedical terms consist of (1) single
word term or (2) multi-word term. Entity rules of
single word terms should be registered to as lists;
rules of multi-word terms should be registered as
combination of lists and regular expressions. For
example, an entity rule covering for “influenza” and
*avian influenza” can be described in a compact en-
tity rules by optional tag.

e R1 :- name(disease,X) {optional(@animal)
list(@disease) }

The @animal and @disease denote a modifier list
and a disease name list, respectively. The entity rule

3http://chasen.aist-nara.ac.jp/chasen/distribution.html.en.
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Table 1: Token lists for compositional elements of dis-
ease term.

Token List | Explanation and example
cap modifier (e.g. highly)
tie suffix (e.g. -ic, type)
body word about body (e.g. liver)
symptoms | word about symptom

(e.g. hemorrhage)
animal creature (non-human)

name (e.g. avian)
place country name (e.g. Japan)
virus virus name (e.g. adenovirus)
bacterium | bacterium name (e.g. coli bacteria)
disease disease name (e.g. asthma)
others others
shoe disease, infection

indicates that X would be DISEASE if X matches
to the sequence of the token lists in the braces.
The function optional(@animal) indicates that an-
imal names registered in @animal appear as op-
tional words while list(@disease) indicates that dis-
ease names in @disease should exist in the extracted
word sequence for a disease term. Then this entity
rule can detect “influenza”, “avian influenza” and
“swine influenza”.

More complex compounds can also be described
by the combination of the token lists which are or-
ganized by word’s functionality in composition of
compounds. For example, a complex term “highly
pathogen-ic avian influenza” consists of several
functional morphemes such as modifiers (“highly”
and “pathogen™), a suffix “-ic”, an animal name
“avian” and a disease as a head word “influenza”.
Making token lists on the basis of these functional
types enable us to describe an entity rule for com-
plex terms as below:

e R1 :- name(disease,X) { list(@cap) list(@cap)
list(@tie) list(@animal) list(@disease) }.

The token list @cap indicates modification words in
disease terms and @tie suffixes, thus the above rule
can detect “highly pathogen-ic avian influenza” as a
disease term. We made 11 types of token lists for
describing functional categories of disease as well
as the other compound nouns in biomedical terms.
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Table 2: Statistics of entity rules of bio-medical terms.

CATEGORY # Entity Rules
ANATOMY 24
BACTERIA 52
CHEMICAL 10
CONDITION 9
CONTROL 22
DISEASE 328
DNA 11
LOCATION 269
NON_HUMAN 14
ORGANIZATION 237
OUTBREAK 15
PERSON 124
PRODUCT 30
PROTEIN 7
RNA 5
SYMPTOM 15
TIME 214
VIRUS 36
TOTAL 1422

We compiled the combination pattern of token
lists for the compound nouns in the 18 categories
of bio-medical terms and currently made 1422 rules.
Table 2 shows the number of entity rules for each
category.

4 Preliminary Experimental Resultsand
Conclusion

We applied our entity rules to extract bio-medical
terms from 200 articles in manually annotated cor-
pus (Kawazoe, et al., 2006). The annotated corpus
is balanced in the genres of articles (see in Table
3). The annotated corpus contains 6229 terms for
18 categories of biomedical terms.

As shown in Table 3 the corpus contains not only
health but sports articles that are not related to bio-
logical domain; thus this test corpus must be suitable
to check how the SRL can detect correct bio-medical
terms as many as possible from the texts in mixed
genres.

We constructed entity rules by checking the above
corpus then this experiment is a kind of inside-data
evaluation. The aim of this experiment is (1) to
check the entity rules can detect terms as designed



Table 3: Genres of annotated corpus.

Genres # Articles
Business 20
Health 99
Politics 20
Science 20
Society 21
Sports 20
Total 200

and (2) to see how small the entity rules will wrongly
extract false positive entities. Since the entity rules
will extract all of the strings that matches the con-
structed patterns, it is a key issue not to extract false
positive entities.

The precision and recall rates for the categories
are shown in Table 4. The numerators in the paren-
thesis are the number of correctly extracted terms.
The denominators in recall and precision denote the
number of correct terms in the corpus and the num-
ber of term-candidates detected by SRL.

According to the recall rates in Table 4 the entity
rules work well except for PERSON and CHEMI-
CAL. These two categories are difficult to construct
rules because highly ambiguous. For example, some
of PERSON’s name are used as LOCATION names;
then we have to construct template rules to distin-
guish contextual information. While precision rates,
we believe our entity rules work well because the
precision rate is about 76% for DISEASE, which is a
key category of our disease surveillance system with
high recall rate (about 94%).

The average precision and recall rates for the 18
bio-medical categories are 67.89% and 84.03%. In
our previous work that we apply Conditional Ran-
dom Fields in 10-fold cross validation into the same
corpus, the precision and recall rates are 80.38% and
71.52% (Takeuchi, et al., 2007). According to these
figures the SRL-based approach outperform CRF in
recall rates, while the precision rates of SRL-based
approach is lower in about 13%; however currently
we cannot compare these figures with those of SRL-
based approach because (1) the test corpus size is
not the same; (2) entity rules in SRL are constructed
according to the part of test corpus; and (3) 10-fold
cross validation indicates that 90% of all the date can

Table 4: Precision and recall rates for test corpus.

Cat Precision Recall
ANA 58.72(138/235) 91.39(138/151)
BCT 76.84(146/190) 94.81(146/154)
CHM 82.43(61/74) 64.21(61/95)
CND 58.59(341/582) 96.6(341/353)
CNT 40.39(103/255) 93.64(103/110)
DIS 76.32(477/625) 93.9(477/508)
DNA 39.29(11/28) 91.67(11/12)
LOC 71.89(798/1110) 84.44(798/945)
NH 93.1(216/232) 96(216/225)
ORG 63.11(756/1198) 88.42(756/855)
ouT 76.87(103/134) 98.1(103/105)
PRS 57.58(851/1478) | 59.26(851/1436)
PRD 37.93(55/145) 91.67(55/60)
PRT 72.97(27137) 93.1(27/37)
RNA 100(3/3) 100(3/3)
SYM 63.93(195/305) 85.15(195/229)
TIM 79.02(708/896) 87.19(708/812)
VIR 58.79(107/182) 72.79(107/147)
Ave 67.89(5234/7709) | 84.03(5234/6229)

be collected as training corpus, however, this may
not match to the practical situation of term extrac-
tion. Thus we have to evaluate both approaches in
the other test corpus.

In the current stage we can conclude that the rule-
based term extraction is promising because of high
recall rate without big loss of precision rate for the
balanced corpus. This indicates that new type dis-
ease name such as swine influenza will be detected
with high possibility.
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