Mining Evidences of Gene Expressions from Biomedical Database

e R
B~ FFa B gFa L

leeys@mcu.edu.tw  sjyen@mcu.edu.tw

#&

B e B "ﬁé#%fﬁ% L
% (Biomedical) Ag 3y 0 H A %x A ETE AL
FER DR pE p{li\; mﬁ—’j"—*‘i\)\ B
4#f% ¥ Ry m#?ic—%a;’4#g§
TR O 4.’»‘*%}%6 L% FEwmad #nf%% Fe
"W?iﬂiiq?m%m’é<?i#v B 2 prav 4
ﬁ&$$@$£’iﬁ§§?%&m§ﬂﬁi%é
3%3%«4%ﬁ§%oﬂ AP EES - B
A Iﬁip“#f'?g?épi*%}"\m WQJFLE":,} IRV 3
% —\ @ & 5 B #-3] (Bootstrapping Vector Space
Model) » p & 2| %74 4 47,?553 va ¢ B E T
E P A FAY DR RS ﬁ F TR
AR )5 R F-Measure 0.502 7 4% chd) |
FopNEH e B IEHAE L ES R
(Support Vector Machine) #-3] - &4 4 &2 § j7eh
AR FEIPRRLAERT > AH T TR PR R
§orRing g k4 SRR TR

MG 25 F 8 nA S B2 R TRE

o~ K FE S
Abstract

It has a large number of experts to participate in the

biomedical research and result was published
unceasingly from the last century. In this domain,
biomedical database is the most important
information storage. Frequently, the researchers want
to study a kind of gene. They can search these
databases to find some experimental results proposed
by the previous researchers about this gene. However,
a keyword-based search interface is usually provided
for searching literatures in these databases. It can not

satisfy the user needs, because the users will waste a
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lot of time to filter out some undesired results. Thus,
it is very important to propose a model to
automatically analyze the keyword-based search
results for finding the literatures that have evidences
paper
classification model to generate four feature vectors

of gene expressions. This proposes a

based on biomedical training data. Two of these
feature vectors are used to identify whether one
literature has the gene product experimental results or
evidences or not. The other two are used for protein
identification. Besides, a bootstrapping mechanism is
also adopted in this paper to filter out some noises
and increase classification accuracy, to get the
F-measure 0.502. The experimental results show that

our model outperforms Vector Space Model.
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