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ABSTRACT

Information extraction can facilitate the intensive analysis of documents by providing semantic triples which consist
of named entities and their relations recognized in the texts. However, most of the research so far has been carried
out separately for named entity recognition and relation extraction as individual studies, and as a result, the effective
performance evaluation of the entire information extraction systems was not performed properly. This paper introduces
two models of end-to-end information extraction that can extract various entity names in clinical records and their
relationships in the form of semantic triples, namely pipeline and joint models and compares their performances in depth.
The pipeline model consists of an entity recognition sub-system based on bidirectional GRU-CRFs and a relation extraction
module using multiple encoding scheme, whereas the joint model was implemented with a single bidirectional GRU-CRFs
equipped with multi-head labeling method. In the experiments using i2b2/VA 2010, the performance of the pipeline model
was 5.5% (F-measure) higher. In addition, through a comparative experiment with existing state-of-the-art systems
using large-scale neural language models and manually constructed features, the objective performance level of the
end-to-end models implemented in this paper could be identified properly.
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mput | Patient underwent a total abdominal hysterectomy in 02/90 for a 4x3.6x2 !
Sentence | cm cervical mass felt to be a fibroid at Vanor . '

Pipeline Model

Named Entity Recognition

l << treatment >>

Patient underwent a total abdominal hysterectomy

in 02/90 for a 4x3.6x2 cm cervical mass felt to be a

<< problem >>

fibroid at Vanor .

<< problem >> l

Relation Extraction

|

Joint Model

Dataset Reorganization
via. Multi-Head Labeling

Simple Sequence Tagging Models for
Semantic Triple Extraction

Subject Relation Object
a total abdominal hysterectomy TrAP a 4x3.6x2 cm cervical mass
a total abdominal hysterectomy TrAP a fibroid
a 4x3.6x2 cm cervical mass PIP a fibroid
ad 2) St dEFES 2E 2 z=elel mol=2kel(pipeline) 2E ot
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1> Lexicon Binary Vector OflAI(i2b2/VA 2010 T|OJE{Al LHOIAM 2] 70X EI ZEF7} & 674

(0= M=, (B/I)-Problem (B/I-Pr), (B/I)-Treatment (B/I-Tr), (B/I)-Test (B/I-Te))
0|22 Lexicon Binary Vector= 6xt2le| O|Z&l BIE{2l)

Tokens Labeling Patterns

Lexicon Binary Vectors
B-Pr| I-Pr | B-Tr | I-Tr | B-Te | I-Te

B-Problem (ETOH intoxication)

ETOH B-Test (ETOH)

1 0 0 0 1 0

occlusion

I-Problem (distal left circumflex occlusion)
I-Treatment (interventional neuroradiology occlusion)

0 1 0 1 0 0

B-Problem (pressure)

I-Problem (increased blood pressure)
pressure | B-Treatment (pressure stockings)
I-Treatment (blood pressure control)
I-Test (blood pressure)

I-Problem (decreased hematocrit)

hematocrit | . o (discharge hematocrit)

Hol| 7]9kel B4 B72 B FE2& A8t
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(18 H= B =R AFS-E = I

CNN Rds vehich 49 7ol et 3
w WEE 7] SleliA ofje] 4L o]E-dt
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| ! Multi-Filter CNN
| P2 P3 ! Encoder Output Vector
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P2 P3
“ Max Pooling h " Max Pooling - -
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A v —
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o] WEl= thA] A=dt s ¥H CNN QI+
o) o] 93 Witelo] HEH o= &9 A
o] T #HolEe] Fot TS ¢ A4 #o
olZ gt T Hololo EHE v
213} 7+o] softmax F5E AXA glolEel d

gk oS SEE WEHTh

A3



102 F=EdAHR3A 2574 A1z 2023
AneutionWeightsé a; H a5 I‘ . H o ‘ /”/::::/_: -
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Input Sentence - X ;
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=

(Pipeline Model)
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AEY H¥E T2 FelA A A

2do) a8 gEeks Aol ok Iy

EEolXe 747} 329 33914 A e A
g WAFE RdS AR 3
| EAsk= o] EgES FEShe
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o] Y=ol Byl 2L 43150 2 2}
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NA2% w33 (entity pair mapping) 3} ZHAl
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TAFE 2GS T W g ] AT A
o]9] omH AAE o Fdh= Ae HEE 3}
o= old A 1A At FollA iAol
ZAIBIA AU 1A EAsHE = AlA
o gttt HAPE wig S FEiA 270 o) e
MAE el Z3HE ool thaljA] A 1A'~
£ A8l i E Be 7hse 234 N
e AAAAE sk FPE FRAE ZH2ze] T
WY E Tefelof gtk ol & Fol, "Went
to OSH c furter ICD shocks, VT on monitor
but stable VS."2k= E3A 7|AHE 27 &=
AstB= 2719 7HAE, = "V T — monitor”,
and “monitor — VT 7} &4 JA2HAR &
23 2= 9}

ShH, Zol7} 71 7ol tisiA AR Q14

Tk A3t 1AE JHAgE ol W At

Al B2 iAol TAl vz e
T Stk o]d A5 tiulalA 7 WellA 15
o] o] "olxl F A e M=
7k} em|A #A7F A -str] o Hekal detkat
3L WA IZH AR deskA] 9Ea Al 9JAIZIt
(T. H. Nguyen & Grishman, 2015).

oA Argiol, 27 o ’de] A
Shete @ T WellA] BE 7 23]
MARE EE3aL ol 2l it a7t
2 b ofe] Afe] BA AAEAT A
39 ok shte] EgellA AAEE te 2l
2R 7o) s dAIFE t TIAS S &
AlEP7] S1all 91A1 1A 715 (position indexing)

>

b1 m[o
ol
o

%9,

o
Kl

S AHgEIT T A, 217t T A
o the £ Wl el 4ehd 914 3uE R

dof F7H o7 Jsto] dAF

53 93

ANe #8827 /1% BE

A FHd AAE B AA F= W A+ 103

A Bk AF S0, @A) vk A 944
BE 002 NG Yrix wolEe o 91
SR SR B R B P

o]t(Nguyen & Verspoor, 2019).

3.6 Zgsd 2E(Joint Model)

B Rl N B2 FAEE 271
glojEol] 7iA 8 Bt o) (VY B4 A
sle] #A7} EAgT) A S ) 25
3= % = #oled (mult ead labeling

(sequence taggmg) HhpHo 2 A3
TFsATE (1" 5+ vho|zZeel Rz
JIE Hge] tloly #Hol&d 7S HlwsiA
HoJF ik

(¥ 6)9] FSol|A Ho] dutdl A
29 93l 9ol B AAEAE o] E
AL A RS B R Al ohet A 1A
Au7t o] ek I3 AFE HA
A BT Yol et AsEFE TATCE
A g Wl T RAE S oA FAE o St
o} wkdo||, Tl = lolEd 7IHS A83
(¥ 6)9] $Zol= A 2 A F30]
glol&el Egte|o] ok dlE &, (1" 6)
1’\1 ‘B-Problem-TeRP2" & a3 woie] 7jf
A &3] “Problem” o)™, &4 oA &= 1:}
2 7Hxﬂwh+ ‘TeRP"2h= FAIE AaEo] 9
o= UERTE o] w, #Ho]Ee] i mpxu} 22b
2= 3G 7MA7E ERIE AolA] T A A
< HAIg o] 7|Hte g thekst F/9 Al
A golEdg WS T3l AT <14

WAFES FA T8 F A & =2l

o

2k

o
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Relation Instance Joint Model Instance
Tokens POS Rel. Pos. Index Rel. Pos. Index Labels Tokens POS Labels
Tags (E1) (E2) Tags

Went VBD -10 -8 (0] Went VBD (o}
to TO -9 -7 (0] to TO o}
OSH NNP -8 -6 (¢] OSH NNP o
c NN -7 -5 (0] c NN (o}
furter 1 -6 -4 (0] furter 1 (0]
ICD NN -5 -3 (¢] ICD NN (o]
shocks [ NNS -4 -2 (0] shocks | NNS (0]

-3 -1 (0] > > o
VT NN -2 0 B-Problem VT NN B-Problem-TeRP2
on N -1 1 (0] on N (0]
monitor | NN 0 2 B-Test monitor | NN B-Test-TeRP1
but cC 1 3 (0] but cC (o}
stable i) 2 4 (0] stable i) (0]
VS NN 3 5 (¢] Vs NN (o]

4 6 (0] (o}

monitor (Test) :: TeRP :: VT (Problem)  * TeRP : Test reveals medical problem
= = =X H o

(3g 6) moj=Zetel & ZEd 2 747—.*2 flet Hol=8 7Y HlW ofAl(mto[=ztel 2
|

de 95 st A QIHAT}E ZSHE 0] ALY,
At @doMe r“-1|0|=' JWHIOH 2E HEII ZEEN JLEE 0 7‘“:'7P g4
3sict)
A 324004 gt okkeE GRU-CRFsol 71=(clinical records) #3815 FAHSZ B4
HAIE o]zl WEE A8t WS A8 & ste] 715 Ul el SR8k A By ofy]
dof| AL} ol|A] sk glo]zeol 2t A 7+e] ou|E AR E Bl 73 )
d3te] A% vy AYS sk OO ZAM oF ol 2T ARFE AF

o gtshA &8 Utk (I¥ 7)< HolH

Ao Y& dRE BT itk
4, A= A = Azl B4 (¥ 79 SIF-E2 5% gl gt 57
A7l M X8 715 F3¢ dFolth g
3L opREel = A - Woll EAlsh= A
(]S dE, clinical concepts) + 71 &
2 =roAE oA AFE vkel 7ol i2b2/ AE 71Esta Stk olslE 71 flaiA, A
VA 2010 vle|BjAls o]-§-ato] mholzell B A FES AFHOE AuEY IS 75 &
d3 238 2de] vy A9 Aok 8] 2008 2flell EAIsk= “chest x-ray” 2t
o] HloJE{Ale HdoA A =1 < WA “mild pulmonary edema” &= 7}

4.1 Ho[eMlny AEeka



Admission Date :
2011-03-10
Discharge Date :
2011-03-15
32
Service :
Medford
HISTORY OF PRESENT ILLNESS :

PWN =

0wV

—_ =

- (B
19: The patient had coarse rhonchi on examination .
20: Chest x-ray revealed mild pulmonary edema .

: This is an 83-year-old woman with a history of hypertension who presents with slurred speech when dehydrated .
: | She has paraplegia secondary to HTLV exposure while on vacation in the Bahamas six years ago .
)

21: | Chest CT scan was negative for pulmonary embolism but positive for consolidation .

22: She was started on Levofloxacin but the patient became hypotensive at that point with blood pressure of 70/45 and
received a normal saline bolus to boost her blood pressure to 99/60 ; however the patient was admitted to the
Medlcal Intensive Care Unit for overnight observation because of her somnolence and hypotension .

- (32

c="chest x-ray" 20:0 20:1]|r="TeRP"| |c="mild pulmonary edema" 20:3 20:5

c="chest ct scan" 21:0 21:2| |r="TeRP"| | c="pulmonary embolism" 21:6 21:7
c="chest ct scan" 21:0 21:2| |r="TeRP"| | c="consolidation" 21:11 21:11
c="blood pressure” 22:14 22:15| |r="TeRP"| |c="hypotensive" 22:9 22:9

ool ZE#E
HAE R BAYE

c="a normal saline bolus" 22:20 22:23| |r="TrlP"| | c="hypotensive" 22:9 22:9
c="levofloxacin” 22:4 22:4||r="TrCP"| |c="hypotensive” 22:9 22:9

c="overnight observation" 22:44 22:45| |r="TeCP"| |c="her somnolence” 22:48 22:49
c="overnight observation" 22:44 22:45| |r="TeCP"| |c="hypotension" 22:51 22:51

(A8 7) i202/VA 2010 HIOIEAlS] LIS LT

A3} “TeRP"2h= ¥AIZ 2= JS
ERH Sl o vleleiilell EAllal= 7hAE 733
o] TR F 37EAel, “Problem(2J3H] &
A", “Treatment(©]8F A5H/H-S)", “Test
(884 A" o2 g E o] Atk Hs A
T8 THe T lelm ZF fFel gk Al
9l A (& 2)9F 2tk

91wl Al tialiA A o] EEste}

I 2) i2h2/VA 2010

FAFE) JYEE AR o5 A v =g

St A3 (training set) 2+ A

o] #EH] JLHE o]F

> A H(validation set)

= "Hdsty] flste] 5 Hee TANIE 4

o] 9:1¢] HEE WHFITh i2b2/VA 2010 H

OlEIAl Wjoll EAJsl= JHAE] tig FExe
oo (& 3> 7tk

HIOJE{Ale| 2| =Y

WA A9
TrIP x| 53 (treatment) ©] 18+ A (problem) & 7HA3}ct,
TrWP | 53 (treatment) ©] €18+ A (problem) & 23}ttt
TrCP A 59 (treatment) ©] &18H] Al (problem) & ©F71skth.
TrAP x| 53 (treatment) ©] 18+ A (problem) ol tl-3-3}ct.
TrNAP 2 &4 (treatment) 0] <184 EA|(problem) Wl el A8)=]#] ek
TeRP HAHtest) A2 ©8H4 Al (problem) 7} WA Th
TeCP ZAHtest) 7F <8t EAl (problem) & ZAKL7] iA e =Tk
PIP 2184 A (problem) 7} T 8H4 24 (problem) & YERATh
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(E 3 i2b2/VA 2010 HIO|E{A2| JHHE 22 FE&

o dolEAl R MAE LA ¥-&(%)
AA 53 - - —— - ——
a% 4w | dzaw | dwaw | Az aw | 49 4w
Problem 6,347 725 12,592 48.13 40.39
Treatment 4,343 498 9,344 62.65 47.64
Test 4,177 427 9,225 60.83 62.64
AA (F) 14,867 1,652 31,161 57.36 50.22
(F 3olA A L] ¥)&-E Alakel o] IAEIAE FASl= B A A AR
= o5 A ol BidE 2 AAY Js £ F7FFAtE o] A A A 7F A7t
FHsl] 015 HE AT A Al A5t 15 EZ njulo] v AA| 2 WojR)A] k& & %
= AT XSS Aakgto 24 32004 o] JMAEE E3sh= B2 YIAHEE A
2SR Q1A 7} Al o7 AR 255 Y92 XAl “None” oA #lolE=2
W E)(Binary Lexicon Vector) 9] &84 3 Ak olgA A BAFZE dolEAl
1t} stolnt &9l A HFH 0= 50% 7t o] BA ARE (F 49 2tk
He A& Ho|W loug s 2o & (3 (X HollA At dioJeAl 7t
SAL o] AL JSH Folgt B 4 3l ZF W o] A <1 Rd(34) 3 AAFE

F7H o2 IAFES 913Hi2b2/VA 2010
QE gloly 7 FAAS At 341454
34.20014 A3t Az} 7o) & o] AAHEE

P WA ASEAES ARSI, 7 B

CE 4) i2b2/VA 20100 ==

29(35)9) S50 B§o] 7} mdo] w
ME FYuE dolzelel RUS EEw

olok=

MER A% 29S 9% HolE
£ e} gk 241 358004 A

| C
_

ﬁ A = == g|o|Ejx

T &3 S AT ] 73];?53 = P
TrAP 619 66 1,379
TrCP 142 13 281
TrIP 39 1 114
TrWP 19 1 80
TiNAP 40 4 92
TeRP 697 74 1,579
TeCP 117 13 268
PIP 568 71 1,234
None (FHAIS) 24,701 2,753 52,862
A4 (None A¢]) 2,241 243 5,027
A 26,942 2.996 57,889




o Z29d A 2 A el A FEel
5 dolgs sk HH0IA Holee F

(e
)

77} shEspll Z7hso) AAA Ao

F9E HAR 9 AA F= ¥ A7 107

° & O
o

7t

Aal7] 91 FeE Felx AR BA FRI}
A E 9 7] wEole) whebA vjolzeEel X

o] A< s HlaE s of wlolEAl

S
= Ao dRlseR) | webA] ol# gk sk oA WA E BA A2EI2d) theiA (E 4) 9
AolZ WAL AR Ase] el B =2 HolEAIE £ AR,
AL T B EF B §8o] o
gjm-/\ﬁl—ﬁo 0519_;0170 17_1 o &
AR ET IR TSI TIRY 429 7 9 opgs e
e §x)ahT R Aolsls wme 4e
st & B4 YoM £33 34 §3E B =RoAe 79 Al Edo] Az +
o gA EE WS Zaay] MR R Aso] SSEQT $A, ol EAL B4 u
GASEE D DA fATe) T Fu A= A 7o) oplsk GRU-CRFsE &
A ARG e AT] 283 TIY ol 88 AT A4 w3237 27)e] AFHE
L lge Aeadn) ol@A TAY 28 A% o A5 /N #AEE 99(33) S
(B 5) ZEs e 93 S8 HojEM £ HE
— ey
W A3 ste AT FET a9 AT
TrAP 432 63 873
TrCP 87 13 186
TrIP 29 1 84
TrWP 10 1 56
TrNAP 27 4 67
TeRP 510 70 1,068
TeCP 79 13 176
PIP 366 66 775
A 1,587 231 3,285

3) BIO 71%ke] 744 @lo]& £5771 & 77FX(B-Problem, [-Problem, ---B-Test, I-Test) 0] 2, ©]o]

A 8 (87

A)7HA AR % 57714 (None £8) £5¢] dlojiol e + 9k



3 Rd s At 01 37};1 U‘aoﬂ it
= Ags 283 wids 43 S 5
PP I A= (E 6)F P2k

37K Bd B A3} g AdamS A
231903, 3k5E(learning rate) = 001 2 9
sl AR, B o] 7] A3t
e =S AR ARHAS A=
T95 9% CNN ZE= dol7t 742t 2, 3, 591

7P1E Agslel Agaigct

G, 420014 At stolzel RS 4]
sh= 71A 912)(Bi-GRU-CRFs) 2 #AIFZ
(Multi-Encoding) =4l Ztzte] A 5 2
Ao = wrtebr| SleiA, (E 33 (G oA
Argk dlolgAls o&ate] 7t ol th& 7i

Q1 ARAS 2L 11 AHE (F TellA

==

(E 67 MF ZHYE ofAHSs x(X3 A5
gho]zglel Rdl(pipeline model) 2% 249 (joint model)
Wy o ([& 3], [& 4]9] dlolgAl g<5) ([ 5]¢ Eﬂf’]ﬂ"i 8)
7Hxﬂ‘:ﬂ 012 7d AAFE 7Y %t\iﬂ]— F= 74
(Bi-GRU-CRFs) (Multi-Encoding) (Bi-GRU-CRFs)
FAF AWl A g 30 - 50
w2 A 24 50 - 50
o] dud A & 100 100 100
A+ #¥ GRU A9 4 100 - 100
o] ¥ GRU 24 & 100 - 50
CNN g8 37] - [2, 3, 5] -
CNN & & - 100 -
Learning rate 0.01 0.01 0.01
Dropout ratio 09 0.5 0.7
Optimizer Adam Adam Adam

CE 7) mol=zfel ZEoflMe] JHAE 24 L HAFE 45 Yl

[ R

w(iz2b2/VA 2010)

(P: Precision, R: Recall, F1: F-score)
I A% I 4(NER) A%ZRE) R
P R F1 P R F1 845 | AE
Unanue et al. (2017) - - 83.35 - - - - -
Li et al. (2019) - - - 75.69 73.03 74.34 - -
Giorgi et al. (2019) - - 89.26 - - 63.02 | 5625 | 76.14
Ji et al. (2021) 8533 | 8255 | 8392 | 5174 | 3731 | 4336 | 3639 | 6364
Fang et al. (2021) 9177 | 9174 | 9L76 | 5715 | 5308 | 5504 | 5050 | 7340
B =79 gojzgel B 82.52 84.32 83.41 74.38 7591 75.13 | 62.67 | 79.27
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(3 7)°IA Fang et al.(2021) < W53} 3 ggolgls IR ofd SHME AT
Giorgi et al.(2019) 2 Ji et al.(2021) < 2]&t o TR BEAOR B S 9loHR (F 5)9]
ol 53k it AT AR S AR AT &Eato] vl AFS JYsisich
ataL Slth o] A2"ES A A4 e (3 8)= & =rollA] FEg go|Zaj] ‘?-4
2 =] A" ET =A et glov A%y 2ol theiA AA7E EAISHA 2
AFZE Adsolv oF AuE yHe 73 A4 JEEAE Al Qg AF Hetol hafiA ng?sL
S(62.67%) 22 St 435(79.21%) ZHel A 7 AHE HAFIL ek B (E T
A AL AlZFo] tise Ass BYs ¥ ANA AAE v BY FllA Aol 7P =
T Atk ShollA AgRe] T JEFE] - BAE% A AT dellA Aat
15 B3 SHAAME o] WA s 2 HA Aol vl RIS ko] AR 7)Ee]
d5o] % F838H £ m=itollA] ARk sto] salA] AAIEA] eobr] SAsAlE ok
ol B A% Fd9) e v5s 1AL B =rollA FEs ol F RYES AEY
= I = At 234 (& 60l AXE F= WFe =2 7 Bdo] Z¥3h= 9v] EF
FA AT A A AA U JEFE Z A3t AL AAE A gt A
o] Aol ofm, A /WA Q143 AAF < 71AEA T wEbA sEol|A] glo]zEel B
Z 2] 2R As5s 7IEeE ARt G5 9] HF A MAT Q14 AaE Il
/35 Holth o] SHE|= 34, 35004 A 2 WAFZ AL orng IAFEY AT
gfolzelel W A3t Fdd gt A% A¥S (45.82%) 3 s4sitt A9s RdoM = F
A THY HEFE des vt WAV G ZEMARE FYEEE JRAY <

G4 golzeRel Bd 445 flsixe (E 2] A5 A g7t glov HeE 24
7o Ao s5E T RS IR AR ato] F7Fstdeh
om JRA Q1A Azt FolA =3 i 7HAE (F 8= AuEH, ¢4 go]zefl 7]uke]
7 A AK15 wol olsh& &g F TEHE ARFE 49| A5l (& DollA9]
26,71871¢] 7HA & EE31L ol WAFE AR TR AT S et Al vlE] v
o] gYo = ARSIt A%E Ede 359 G Gths AR E Tk ol AA
Al Ardet HE |t glolad 7Rk Al | tlolEAle] FFR7} oo H]s) 3}% 22} 7R
7 Bdg ggate] (£ 59 FFe R g Ay A4 T A FollA 7o 5A ‘3%0}
F= Attt o]zl 3 A Hdo] A AAEE HolE7F EAgThe olf A
717t Slssgk Skl FEe 8ol A= o ok JHA Q143 AAFE EX]—Z:]IS—E T
27] vl AHA] A5 Blart BrFssit == FFA B 27O At o A
© 940l I FE YA A T Zhaiths 2l om|ght
D 8 S AR A4 2 WARE ARAH BHHE ORE BF 488 502, dolzelel A2HE

TS T 29 A%el A RS 9 AvEr
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(% 8) S HEFE

(End-to-End IE)2| ‘d& H|wm(i2b2/VA 2010)

vy A 14(NER) WAFZ(FEE FEFE 4%

Precision Recall Fl1 Precision Recall Fl

Ji et al. (2021) 85.33 82.55 83.92 51.74 37.31 43.36

Fang et al. (2021) 91.77 91.74 91.76 57.15 53.08 55.04

2 =59 sojzegl By 82.20 82.37 82.28 68.34 34.46 45.82

2= 493 7Y 53.84 59.68 56.60 69.20 2749 39.35
vl 2Y Fo] Rl i et al.(2021) & &0 gk AAE Jeelet 293 =Y
Ao w 7= A A JE 7wk B o] molazelel Rdof HlafA] oF 100H] H%= wh
9-& 285199 H, Fang et al.(2021) & <A 2 &5 T EYES FEY 7 Ak o
=3} ol S35k oot doRES TR T 299 Edo] shte Qe ze thsiA
Joted 3% RS ARESRTE & =29 Hro] F7HQl A2 glo] EvjE A
AT =37t 45 st ol $9d FZEohe v, gfojzel Bd2 JiA <l
ARFZS 91T 27 S, vpolze]l H A A Foll AR T8I ol A 2A
g 4o ddA Hlade oA B A2 Nerits BAFES o W Al=sl7] fiol
e 35 Hlart F83 AR ofUARE (G o B S 2 Bdo] s Bt
8rollM B kel o] AR Akddexjz] Folel Tl B HolEe] & o' a) W A
A 7P B2 s Bolil Stk AW T Holi glou o] SHEITH 714
oS ARG Rdte] A Aot 0.9% SaE THY AEFE] 884 S I}
AR YehL Slol, o Ads A3 24 olzeql Rdel njg} 2 750l =2

S 2 Rdde e A vad £ 2o = yEc

F3 FFo7 B 5 9t (F 9 2493 2dS T84 =59 4
2 =olA] ARk solzelel B A H3Z 43S BT Utk dFolA AlAE
RdS e, FegEes HwE e e B FollM F 2N SHE E
UERAIRE @ EoNM 7% Bl s Aol glEo] FEHI o) rAE A A=
7P AP Y, AAHo R FF Fl A5 55% Eg|Zo] ofd AEHA| 3 k. ol gkl
LR gpolxel]l Bdle] o] 3t o M dgeiiel SR4e2e e
2gk A= (GE DS GE DM ANE Sz B EACNA Z]QskARE T el 274
dlolejle] zpololl e 7]QlakA|wk A7 4o ol’del iAol EAT Aol EgE FE0l
= gpolazelql el F 26,71870¢] 7NAI O oHte s FEAoE HoFa gtk
Q2 AIPFE vl Z BE 9o dlsiA 5ol A2 v B Y EYEE

PAFES AR 27 AEE P ol

“gentamincin-TrAP-sepsis” & A& Eo] 21
U F71 22 “ampicillin-TrAP-sepsis” &=



oy =3 =9 EgE Sl
Selective coronary angiography | Subject | selective coronary angiography
showed an occluded right coronary| Relation TeRP True
artery in its midportion. Object an occluded right coronary artery in its midportion
A colonoscopy showed Subject | A colonoscopy
anteriordysplasia, no bleeding was| Relation TeRP True
seen. Object anteriordysplasia
The infant received 48 hours of Subject | - (gentamicin)
ampicillin and gentamicin for rule| Relation - (TrAP) False
out sepsis. Object - (sepsis)

o EER 15E o 3ivke Aolth ol =% 719k 8 GRU-CRFso] #8531
A 5 et old wdo] 4 3 Hed o F 7 A" v e R 875 8
< FlM sgsliof = AR I, el A BAE BT st 758

i2b2/VA 2010 HolEAlS 283 vl A3l

A gpo|zglel REle] Ao] 55%(F-measure)
o O 29 22 S = 2438 2do] oF

1008] g% e AC= HERTh B3 A

2R 1R 1S 2R deE A 02 Aep e A 4ug Bea
335 ) WA ELE YU A 22 g Qolwde /e 9 ranl A%
o5 ol FUY RFE) 1 vl B WlEelA B =Rl sjolzelel R vlwH
olzell R AT vUg HAE AL 5 A5 Ueich FF AT A2
PHES AN S4Bl zelel FAe  ARS B o U9 YR3E R
4% GRU-CRFsE 243 A4 94 = A% Ade 28 4%e7 4849 4% 3
53 05 QT M WAFE RER 7Y 718 $9T 5 Q= O doleg s
AT ATY AL PWNE OF A= Aol o2 I sl 434 A7) Yean

F oz 0
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