o
1o
1%
ghid

(03
o,
2
]
rd

- - O o -
ol A]2] oWl B T2 3
= Tk hy =] 1
A o 29 72 v 34 AT
A Comparative Study on Deep Leaming Topology for
Event Extraction from Biomedical Literature

M 2 (Seon-Wu Kim)**, & A & (Seok Jong Yu)***
o] 21 & (Min-Ho Lee)**** % M ¥ (Sung-Pil Choi)*****

T
L= A
1A 2 1A% W 9 87
2. 3E A+ 5. A% 9 A3 4
3. 4ol8h oMIE F2S 918 ARTAH 6. A2 0 gF AT
JEAZ 2y
z=

L AYo)g Fope] sk B3lo] 7| E o R F5 gl wel B Bof APAES A3 A7 2 A7 53 gl oEeS
A3 ek olel AU A AT F AT T kS 9 R FZF V|Eo] 87, S TH JH &S 913 A
Q12 2 R Zke] AJolst oMIE F& Art s FAFE I k. E AFE o)l AF S5(Deep Learning) 9] 71 &
sl A8 U E$)A(Convolutional Neural Networks, CNN) E2-& 7|uke & oWl E U] A 73 FHe] 84 $)x)<}
7, oMIE 2 2 RRE T3l F 7R Bag 1At Atk A% Ax B Aol Agkeks BY £ A
AASS B /A 58 99 Bdo] oflE BF Ao F-34 72.09%2 £ 452 B0} oME & A=
St AgAe] B FA 2 oIE AW o] AT Ax 5OZ el F-HS 21.81%2) MnE AXd A5S Bk

ABSTRACT

A recent sharp increase of the biomedical literature causes researchers to struggle to grasp the current research
trends and conduct creative studies based on the previous results. In order to alleviate their difficulties in keeping
up with the latest scholarly trends, numerous attempts have been made to develop specialized analytic services
that can provide direct, intuitive and formalized scholarly information by using various text mining technologies
such as information extraction and event detection. This paper introduces and evaluates total 8 Convolutional
Neural Network (CNN) models for extracting biomedical events from academic abstracts by applying various
feature utilization approaches. Also, this paper conducts performance comparison evaluation for the proposed
models. As a result of the comparison, we confirmed that the Entity-Type-Fully-Connected model, one of the
introduced models in the paper, showed the most promising performance (72.09% in F-score) in the event
classification task while it achieved a relatively low but comparable result (21.81%) in the entire event extraction
process due to the imbalance problem of the training collections and event identify model’s low performance.
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oWE #3 Sk A s A
Is_Linked To 44 23
Occurs_During 8 10
Transcribes_Or_Translates To 21 12
Composes_Protein_Complex 16 -
Regulates_Expression 201 111
Has Sequence_Identical_To 61 20
Is_Functionally_Equivalent To 58 39
Is_Localized_In 107 47
Regulates_Development_Phase 104 59
Regulates_Molecule_Activity 16 -
Is_Involved_In_Process 23 20
Binds_To 60 24
Is_Protein_Domain_Of 46 28
Regulates_Process 430 177
Regulates_Tissue_Development 9 9
Is_Member_Of Family 89 52
Composes_Primary_Structure 20 15
Regulates_ Accumulation 36 29
Exists At Stage 13 8
Exists_In_Genotype 168 79
Interacts With 62 31
Occurs_In_Genotype 18 16

Il Fg 1,610 809

AA 3 T 2419
(E 3 HE3 MBS I8 Wl ZRY Hel
Parameter Scope
Window size(Filter size) 3579
Drop out -0.3, -0.5, -0.7

Word vector dictionary

collobert, PubMed (50, 100 dimentions)

Epoch 50, 100, 300, 500
Batch size 32, 128
Optimizer Rmsprop, Adam, Adadelta, SGD

Learning rate

0.0001, 0.0002, 0.0003, 0.0004, 0.0005, 0.0006, 0.0007, 0.0008, 0.0009, 0.001

Activation

Relu, Sigmoid, Tanh

Filter number

200, 400, 600, 800, 1000, 1200, 1400, 1600, 1800

Hidden dims

100, 300, 500, 700, 900

Early stopping

None, 2, 3, 5, 10
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9 AR WA AR Asis
e 212 sloladh Edo vl g

2 EelbiY = 298 d4a 32

/‘lﬁﬁ‘:}. "EQ ?_53 TJrX*OﬂH 9= IA 284
o] YiE A0E et A =3 AL &
iobc T ZF T AlolellA EFoke-g AME
2] AL vl onlgitt “Word vector
dictionary” ¥<4== Collobert et al.(2011) 7}
4338 Collobert AP} B oAt 244 o
2 743 PubMed dlojgfujo] == 1438k 7}
50 b4, 100 F1o] o] WlE ARdS ARS-R)

T} “Epoch” W= 85 WHE9] kS oJu|aiH,
“Batch size” ®e= HoJHE tF= X9 =

71 St
“Optimizer” ¥4 1 Epochvit} Zdo] &
F9C Zol= HA) WAS Eain Ay px
‘Adadelta’s} 'SGD7} 5=z A=
t}. “Learning rate” g+ 85 &S 9n|
&, SRES Eol7] fa ol A=A $F

AR5 A= 40|t} “Activation” M4

= 7 Zeithe] SATSE 9ulsi, A =
% ‘Sigmoid 7} Aol A ol A=Ak
“Filter number” W+ AEFA Zdor I

o 7TE ¢ ]?‘Lﬂ' ‘Hidden dims”
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—_ - = [=N=1|
A Bz
EE:E 1= L
AA 8 ¢AdE A 738 A9 A 8 AdE
Number of Filter 600 200 200
hidden dims 900 - 900
optimizer adam rmsprop adam
activation relu tanh relu
Word vector: Collobert 50
Epoch: 300
Early Stopping: 5 (loss)
Common Batch size: 128
Drop out: 0.5
Filter sizes: [3, 5, 7]
Learning rate: 0.0001
AE& 0.6556 0.9438 0.4302
epeia 0.7447 0.9801 0.4008
F-A4 0.6956 0.9619 0.4177
H 5 Mg sdct EEEX|Q WA MH
HSE EZ22 94 A
1 s Come A 8 HRA7 oMIE A8 Re)
ully Connected Identification IR o
+ Y dAAZA oME EF 2d
-Fully Connected Classification) M AR 2 ] h
) e AR §9 A9 ollE 8 2a)
irst in Idendification
+ MA 8 $AAZE oWE £/ RY
-Fully Connected Classification) M AR e ] # =l
MA 73 dANAZ oHE E7F Rd o5
i Only FCC{None) None £ & 37hled A8 54
MA 73 dANAZ oHE E7F Rd o5
4 Only FCC(Threshold) JAA FHE WS ekl A 25

olgf gk v] 7kA1e] HWRiell gk A3 Hek
S (% 6y 2k

(& 6)3 o] 5ol 7P £& +2& Only
FCC(Threshold) EZ=ZAo|t}, A8 A3 9
AR Aol b theket A5l vk,
Y A eE AARE 09 oFeE F= Zol
o) dubgo g BF RdS o AMS-S Only

FCC(None) # Only FCC(Threshold) ¢] A%
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Predictions |False Negative | False Positive| — A|&& A= P-4
FCI-FCC 2180 812 1864 0.2801 0.1450 0.1911
First in I-FCC 4798 591 4261 0.4761 0.1119 0.1812
Only FCC(None) 2908 710 2490 0.3706 0.1437 0.2071
Only FCC(Threshold) 2238 761 1871 0.3254 0.1640 0.2181

AR S RSk SR Fedr, o
o whet A8 2 A9 Aol X A

2 uQlt 53], W4 HHs} AYol A1 =

2 TS BAY A 59 AY A 2l
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AR S FA5E 71E3AN 1 7 HAL A
o= B9l Litway ®9(Li, Rao and Zhang
2016) ©] 04324, F HAR H2 5e B
UniMelb 29 (Panyam et al. 2016) 2] 0.364
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A oMIE B5 34 A e A ke 8 2 W AHRel Wt BE AL
9T Frolv AR RS AT AgsEnt Aol A ek shiel ol R ol %

o 27 Rde] Aol Blad w7] wEel,

o
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Py

‘E“l—?'r‘ E_Ej:]% %-H é]tﬂ .TL]-XJ_Q 61—7}1] ngz—s}%
3

élli Eﬂr (Z 73 7L°1 07209% i
FASS Btk ol JHA &3 ZE7L ol Aol Az Aeg Hole 2 Rds B3l
E §3E E73 oA 516& TA7} 7] 2 S FYsiE ANt =2 oME F&
wzoll, o158 MEZ Sl AMSE wj, 1 ofr] Aes Hole 302 FEHL T3k F 714
ARE 732 4= )= One-hot WEZ M3} o] BdS Ed| oME FE2& F3Ys =W,
of HAA S5 B3l St 2o el 8 oMIE ¥ Hdlo] 0 FE&} oMIE BR HY
holog FEHL o] Q&) FatdAA o MIE FE9 O/E

olgfgt 7HA 73 A Hdle] AT 4 o] Ueh}7] wiitell, Huls Axs Adgo] v

CE M 8 2oz Bdo| oHE 28 As

JME #3 Predictions | . A% False ARg | A% | F-Es
Negatives Positives
Binds To 18 18 12 0.2500 0.3333 0.2875
Composes Primary Structure 0 15 0 - - -
Composes Protein Complex 0 0 0 - - -
Exists At Stage 0 8 0 - - -
Exists In Genotype 74 7 0 0.9136 1 0.9548
Interacts With 25 20 13 0.3759 0.4800 0.4211
Is Involved In Process 0 20
Is Localized In 39 8 0 0.8298 1 0.9070
Is Member Of Family 67 14 26 0.7455 0.6119 0.6721
Is Protein Domain Of 32 3 6 0.8966 0.8125 0.8525
Occurs In Genotype 0 16 0 - - -
Occurs During 0 10 0 -
Regulates Accumulation 2 27 0 0.06897 1 0.1290
Regulates Development Phase 58 9 8 0.8475 0.8621 0.8547
Regulates Expression 83 43 15 0.6126 0.8193 0.7010
Regulates Molecule Activity 0 0 - - -
Regulates Process 201 2 24 0.9888 0.8806 0.9316
Regulates Tissue Development 0 - - -
Transcribes Or Translates To 2 11 0 0.1538 1 0.2667
Is Linked To 6 19 2 0.1739 0.6667 0.2759
Is Functionally Equivalent To 22 21 3 0.4750 0.8636 0.6129
Has Sequence Identical To 25 12 7 0.6000 0.7200 0.6545
ZA 643 292 116 0.6435 0.8196 0.7209
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