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Development of a System for Extracting the Information of Candidate Tumor Markers Reported
in Biomedical Literatures

Jeong-Min Chae', Heung-Bum Oh, M.D.?, Sung-Eun Choi?, Choong-Hwan Cha, M.D.?, Myung-Hee Kim, M.D.2
and Soon-Young Jung, Ph.D.!

Department of Computer Science Education’, Korea University, Seoul; Department of Laboratory Medicine?, University of Ulsan College of
Medicine and Asan Medical Center, Seoul, Korea

Background : Since the human genome project was completed in 2003, there have been numerous
reports on cancer and related markers. This study was aimed to develop a system to extract automat-
ically information regarding the relationship between cancer and tumor markers from biomedical lit-

eratures.

Methods : Named entities of tumor markers were recognized by both a dictionary-based method
and machine learning technology of the support vector machine. Named entities of cancers were

recognized by the MeSH dictionary.

Results : Relational and filtering keywords were selected after annotating 160 abstracts from
PubMed. Relational information was extracted only when one of the relational keywords was in an
appropriate position along the parse tree of a sentence with both tumor marker and disease enti-
ties. The performance of the system developed in this study was evaluated with another set of 77
abstracts. With the relational and filtering keyword used in the system, precision was 94.38% and
recall was 66.14%, while without the expert knowledge precision was 49.16% and recall was 69.29%.

Conclusions : We developed a system that can extract relational information between a tumor and
its markers by incorporating expert knowledge into the system. The system exploiting expert knowl-
edge would serve as a reference when developing another information extraction system in various

medical fields. (Korean J Lab Med 2008;28:79-87)
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Fig. 1. System overview for the
relational information extraction.
(A) Named entity recognition
module. (B) Information extrac-
tion module.
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Table 1. Recognizing methods for named biological entities

Named entities Recognizing methods

Tumor marker Suppot vector machine, NCI Thesaurus
Tumor name (disease) MeSH

Relation keywords Direct extraction by medical experts
Filtering keywords Direct extraction by medical experts

NCI Thesaurus (http://nciterms.nci.nih.gov/NCIBrowser/Dictionary.do).
Medical Subject Heading (MeSH) (http://www.nlm.nih.gov/mesh/).
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Fig. 2. Named entity recogni-
tion (NER) module by support

vector machine (SVM)
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Tuberculosis (Ednb). 2004 :84:02-92

Melecular Imleprosy @ lopment of synthetic vaccmes

‘Tibereuloid (i TT') and lepromatous leprory B (- LL B ) develop in the human host dependng an. bir shity to trigger & specific celhlar immmns responss (
CIR.). o« Different genes have been demonstrated m suscepilly §/ probection § and may explam the , The suajer

(o MHC ) play an important role . » The aim of the smudy was 15 explore the contrbusion of buenan Jeukacyte antigen (» HLA ) DRBI, DQAI, DGR wd D
proauctes genes in L Mexican paiiecis . «o Sox Eaculies (v+ 36 L3, three T8 patients and 27 conirols ) were analyzed ; 114 uaselated patieats were
compared with 204 coutrols . 12 Class | typing was duse by the stedard sucrolyphocytotoxicity and class 1 typag using PCR-SSOP . 1+ Huglotype segregation
Correlated § with specific CIR in vivo and in vitro using Jepromin . 1« Haglogype sharing was sigrificandy deviated in the affected sis (p = 0.01 ). 1« Six beakhy
sibs were nnnuxwllda:sml:‘»m\mandfmlufﬂwn were DQI homozgates . 7 DQI

iedwith LUE and with Ve
with, 5210 ( ummmdcwmarmmac:mdmmummwum When
DQI was present on macrophages mdvnl' e cteria were poorly ebminated from the cell (32 % ) whde when absent , 76 %6 of the idinduals were able

to ehnnste the bacil (- =003 ). -» DREIIS0L M DOAI*0102:-DOBI*060218 (-« DQL sebeype ) ws eigpuficsatly iséreased s the panerte , neamng ts
participstion = pusceptibey 0. :s QP 5.1/ 5.12 promoter preset n the mentioed haplotype , and QAP 1.4, Inked to DRBI*1301 /02 8 haglotypes were also
ssoviated .« Two mechamisms are suggested : the promoter polymorphisms may nfuence allele expression and thus the emount of peptides presented fo the T-

cell recaptor , leading ta a deficent CIR : HLA redtriction i important for vaccine design ; the way peptides anchor the DRBI*HS01 I groove may be relevant to
the actvasion o THI el wich conrbe o 3 a presective T-cel

PMID: 14670349
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In breast cancer, it has been noted that the overexpression of pS3 protein in the nucleus is
53 s breast an indicator of poor prognosis, although there is a high degree of variability, which may be
P Cancer duge to different immunohistochemical techniques, varying assessment of results and the

type of monoclonal antibody used. .
HERS T breast Response to cyclophosphamide, methotrexate, and fluorouracil in lymph node-positive F|g 5. Example Of eXtraCted

2 cancer breast cancer according to HERZ overexpression and other turnor biologic variables, H f :
information.
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