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1 FC®IC

R ah M AT JE fRHT (Discourse Dependency Parsing)
WEXENICDH 2HIPXOB DR D 2T & EFFE%
ZEEL. XEFEOHMEKFEMEZHONICT 2 L
ZHIET (1, 2], AR TRITNRICT 2507 7
AN Z 7 b OBEEKEEME O Z X 1 12RT, #Kah
MBI SN FTGEEW 3, 1] PEBICE (4], #t
DS, 6] R EDRRY TEDHAMDPHRINT
=7,

KA AT DIERIEIZ RST-DT [7] R EDY ) —
NI RV, BT EE T 58,9, Ll BE
FDOVV =N TDH A XBIUOENLBIAN—T
5 R XA NIREN R Tz, —fBRAINTIEENT L 720
NEZZENSD KX A U oA, BITREIRET
T, o T, FHTEZ2#GEMEY V=NV I D
RXA VR ZEA LW RX A VR 5
T2, D XD IS B X A4 TN 2SS
By THAN L XA VEG OREIZ, B
FHNCEERRE L Lo TV 5,

AFRTIX, BREHIRIERE S AT IS B 5 Zhm 7z
LREXAVEEHEINT2REMINY V7
ik (Self-Training [10, 11, 12], Co-Training [13, 14, 15],
Tri-Training [16], Asymmetric Tri-Training [17] 7% &) @
RPN, ZOMRETNT 25, BEUINY 7
FEIZNNUMFET =R TNIVBR LT =20 HET IV
ZAMRST 22D D EHORKRNRGERTD
%o AR TIEFRHCRIEREWNGRY 7 72527 v D
HER TG 2 R, BASHEULE Y 72 +
FIR(=ARXAL ) DOV Y =NV I TSN
@tz BYEWMET TR N7 M (R—=F v
FRXA N ICHEET DI 2EZ S,

EEROHR, BEUZRY 7 FRLZFo—
BRICEOSWTEEAREZ AL L 72 Asymmetric
Tri-Training 2% #% afi A7 IS R D BT 72 L K X A
VHEISICEMNTH B Z & R L Tz, TSR
Labeled Attachment Score T 4.1 KA > b L, &

— 1318 —

AR
HL BT ATP
yuji.matsumoto@riken. jp

SIZAFICLZHFEMED Y /) T —>a Y a A
KIEIZ (e.g., ¥ 60%) HIIK TZ 2 Z e b o7z, %
72 BT NOLOE  BOFEEINIAE L, MER
XA EBREEDHFHKICI s TENLDEBER AT~
ABFBTEDL e Zm LTz, Fie TR E D
Hri. tho 2 —DFEERD (1) HRORF AR —-V
DHEEDRD . (2) KGR 7 R DBEKRME, 3) F
X4 T D EDEFDEND 3O TH % nENE
MDD EHERLE,

2 Ak
2.1 HEREKEFEBERITORUSAND VT

RETEREIEMNTIZ, EDU DRV L TRE X
AN E d=ecgel,..., en IR L., IRERHIFASIE
T={(hmD|0<h<nl<m<nleP}yZhHh¥
BRATTH2, ZZTe 3R/ —FERL,
DEZ1Y (h,m, 1) 1X ey, (head) ¥ e, (modifier) A5i%k AR
RleITLoTHET S 2RT,

AFFRDEL T R > 7F 4 2T v Thhokb,
L YBED TNV EF =& (T FF—%) D

BEL={dT)} 2, fEthds f 233 2,
2. ZOMEREHE VL, REDINLRLT—X
d eUWHLTELSRLT = f(d) 25
T 5,
3. BT A E T =R D—F» S NN —F —
Xty bL ={d,T)} 2RI 5,
4, TNV RFF—REINAAN—F—RE2EDET,
fEtT 2R D FHAIRZ 1T 6
HEfi7e U KX 4 VHEnOBERKE TR, 70U T &
F—=RIZOVWTIEY — AR XA YDOARIIFIEL, T
NVZLT—RIEFTA T =X EFLEEZ—7 Y R
XA VPBINELDDE T 5,

Bl Z XY > 7Dk e LT Self-Training, Co-

Training, Tri-Training, Asymmetric Tri-Training @D 4 D D

D ARFRTIE, [F500) BHGERFBEEIET
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ROOT

Cqnt

however recent studies support the elimination of the extraction step.

Backgro d@ SARS-CoV-2 genetic identification is based on viral RNA extraction prior to RT-gPCR assay,
ast

Root Herein, we assessed the RNA extraction necessity,

Manner-ridegans

by comparing RT-gPCR efficacy in several direct approaches vs. the gold standard RNA extraction,

in detection of SARS-CoV-2 from laboratory samples as well as clinical Oro-nasopharyngeal SARS-CoV-2 swabs.

Sametunit
Evaluation Our findings show advantage for the extraction procedure,
Contrast however a direct no-buffer approach might be an alternative,

Cause-effect

since it identified up to 70% of positive clinical specimens.

1 BEARARGER Y T 7 A b 2 2 b OFEEERAFRE DB,

TAIVRLEREEL, T 5,

Self-Training (ST) [10, 11] &% d Bl 2 5Ll 5 N
VY 7T H %, RIS TIE Reichart & Rappoport
(2007) [12] 12TV, TARTOEBL T RV %2 2N —
F—&X e LTHWE, STIZHE—D@idazHwv3
7=, HO O A 2 PuEBIE T 2 A0 7%
. FEBETHEY HIEIET 2 AREED D %,

Co-Training (CT) [13, 14, 15] i3 D> D B 7z 2 fi#hrds
2V, —H OO TRIRR T & 5 —77 DT
WMDINN—F =& LTIHEHT %,

Tri-Training (TT) [16] =2 DfEres 2 v, —>
DN RO TR RP—H (EE) LTV 55D
B TNEERD —DDBMIRDINN=T =2 L
THRAT 2, 34bb, LD STRCT &g D,
SELZ XL T D 5B O DN DM THBEIG
LN DDAZHIETHNS,

Asymmetric Tri-Training (AT) (& TT O¥ERTH D,
HHES (2017) (171 12 &k > THERZ L KA A V#EIED
ik UTHFEEINTZ, AT TIE=2DFHEsD 5
b—D%X—4 v b RXA VEADBKE L 2L
THIRRS 2, BERNICIE, ZO0fid A & A I
KB FUHRT,, T, BB L TVWBHEEDA, ZhH
BEINAN—FT—&REy b LIZEBML, it HIZ
LUL, f, XL ODATHIIKT 2,

22 BRBEOENL

TT BLP AT TE—RICTHL2 TV D35
E—HLTWEREIDTARHEINE A, Kk
BT T TRV BEXELRILDARWEET
BB, BE—BITEO L AR IIIEE ITH
LW, ZORER, IZL ALY DR TS~ ko
N—F—Re LTHRAINT., BTN TLE D,

Z 2T, AR TR —HLTWB%ED%Z
FOEE (—BER) D 2 HEL EOGEIIEAEL
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2T/ AT/ |
L J

TWB EHIET 5, BARIIZIE, THET > 1 &z
THEDH T/ LT, DM T L & I NN—FT =&
v MTMZ 5, ie., L), > L, U{{d", T/),(d".T))}. T
D &S BEBEAEOEAMUIZ L o T, RFIVICEER
ZRTVWA%RDZIIEROTEHZ HIET,

2.3 EAGRIRTFIEEHEITER

Zhou ¥ Goldman (2004) [15] & K #UE. CTIZBW
TF— &R D view BIIRINIC O3 nWiga, &
72 % inductive bias Z b D ET A EF I MLELRD 5,
F/o. ETAHDERICHE S TTBXKXAT TH,
ZODETNDEREMIIEETHLEZION D,

AL TR, BRLEHEKIEZ D O=DD =2 —
TOVERER ARG AT 2R 2 5248 T 5, BRI,
72 7 BN (G). EBRAEN PR (Tir) HHIZ D
BRRIENT AR (Try) B HEE L, MEOKE L. &
fRMT AR DFEANIENE T 5,

3 REGRCEER

31 7—4

V—ZAF XA DI RAUFEFIHT— & LT,
SciDTB [18] 12U R X T W3 742 D NLP 7 7' A
b7 7 N OFFEREREE W2, X—7 v b R X
A D7~ VIR LAIRT —4& & LT, CORD-19[19]
WINERE T WD 2515 tFD B2AEY %7 7 R
N2 27 MEMWZ, EDU 732D W TiE Wang 5
(2018) [20] D AIETHEWICIT o 7o £, X —
Ty FRXA VDT A MF—&E LT, CORD-19 2
L7 VRLITI0EDT7T TA NS 7 P EFEIRL, £
NN L CAFTHGEREEEL T /7 —2a v
LY, LTI ZDF — &+ v k% CORDI9-DT
2) 77—y ayiBLTE, EEHEMTo. 5% &

D N T KRI85 E TRt 2 1T 5 7201, BIEH =F Ik
5277 7—>aMEERToTWS,
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R1 HP AT LADFHRER, FHlliRE & LT Labeled
Attachment Score (LAS), Unlabeled Attachment Score (UAS),
Undirected UAS (UUAS) =\ 5, FEIMPANC R 2 7R
T T IXEEEEOMELRT, SciDTB DFERDIEIMA
DEMEIZZ AN LT =X LTNLP 7 7A N7 b %

AWkt EnRa7Ths,
CORD19-DT SciDTB

Method LAS UAS UUAS LAS
Seed data only (G) 533 67.0 719 61.7
Seed data only (TrRr) 553 67.0 718 63.2
Seed data only (Trr) 524 642 69.8 63.4
st | 547 617 724 |61.8(62.5)
ST (Trr) 574 692 742 |62.9 (62.4)
ST (TrL) 553 66.5 71.1 |60.9 (61.8)
CT (G, Trr) 57.8 699 73.6 |62.9 (64.3)
TT (G, g, Tre). 7 =0.9 | 57.0 689 721 |632(65.0)
TT (G, Tyr, Trr), 7=0.5| 584 72.1 75.6 |65.2 (64.2)
AT (G, Ttgr, Tr), 7=0.9|57.7 69.5 72.8 |62.1(64.0)
AT (G, Tir, Trr), 7=0.5| 594 69.9 744 |62.9 (64.8)

YRIET D, 0HDOT )T arT—RETR
FEvy b GOH) ERREEE Y Q0 ) I2HEIL 72,
CORDI19-DT ¥ SciDTB DR D LL# I D W Tt
BicHEE 5,

3.2 FEtTFEE LR

1BV ATLOFMR a7 285, KD
72D, B—FT 9 R ERXALAVDIRLVLZE LT —R%
EHLRWAR—=RF 4 > T L (Seed data only) D
A7 bW D, £iz. BEDHIT SciDTB D 7
A bty FPTORRDEE S,

CORDI9-DT TOFEERD 5, BEUINY ¥ 7z X
BYATLEINR—ATAL I Db —H L TEHWENT
BETHLZePbr b, ZHUX, BUIRY V7
WEoT, B—F Y FRXLVDIRNALELT—X
ZIEH LU TG E MBI AR D ¥ X 4 Y #EInH
TETWR I ERBT 5, £/, TT, AT IE ST, CT
IO BBENEL, O BROENEDE
BlREKoT/AY—REMUT N EZ T 4 NEY) VT
TEZEPEMTHE bhd, £l AWFETE
ALT-BEIC X 2 5BAEOEALDENTH - /-
(t=0.9vs. 7=0.5)

—7. SciDTB TOFERTIX, TT (r =0.5) ZFRW»
T B RY 2k 2FER EER gD o
720 LDL, IR LT—RELTT AT —&
YHEILRAAL Y TCHBNLP 7 7A M7 bEHV
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ST ST
*- AT —*— AT __M_______.,_._._._________/_j;_)...
2 1 Z 2 ////
-} p=) //
// 5 ad
1 /[ —— i '/
100 300 500 742 ® 100 300 500 742
number of manually annotated articles number of manually annotated articles
=, > — Mz ?,
K2 S~ ET—XOMEE L R ORBE,

N
— 4 silver data (%) | " —— # silver data (%) fs

B3 ATICBU 2 ARBEOMEL, S AAN—F—2D
BB XUMITEEOMGR, BREI LR LT —28UC
MEBEETET,

7256, ST ZBRVWTEEM IR ¥ 72 X B FEEM
EREsNT, 2O s, MR V7R
WABEE, TAMT =R EFL RXA YD TRILK
LTF—RERAWR e HNEETH S LHMTE 3,

7/ T7T—3arX OHIEE

X 2125 XA & T — R OMEE L TS (LAS,
UAS) DB ZRT . FNANET—XDEBDE
fLizxtL, B RY Y 7E—HLTR=—ZA T4~
Z kEloTW3, £/ AT OFEIX ST X ) HIXF
—HLTEWV, DLErs, ANFICX2HEEET —
ADDINE FITH, RGNS AT D 2Tz L
R XA VI LB R Y 3B TH S Z
Lbh b,

Fo, FHIREZZ2IZ, M2 ATICE->TK
Bic7y /57— aryaXAbRo6B3I L 2RET
2, BIZIE. R—=Z2F A4 VT AT LD 54.7%D LAS
PRBET 2720123 71402 thD T U & 57— X 230
BTHBDIIL, ATEHVWS Z 2 THRERIN
Mt &EF— XD E 300 FZTRS T EMNT
&2, ZHUE ATICE o T, 22290 %100 = 60%D
77 T7—>aYaRXMOHIEMARETH DB &
#£7,

3.4

3.3

VIIN—T—RDELEDOEEM

AT IZBUI 2 EBEHEDOHMEr &, > N—F—
X DEEB X OENTHEE (LAS, UAS) DRER %R~ 7=
FERZR 3 IR, BEMET UL, e T
5 2 BERIRIEREE D 5 B —BER (BT 2RV
HDFETINN=—T=RIGEMEINTLEL, R
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E4 AT & 3SR OESITY, Mt X ool
FNENAFERIIS AT AL 2B ZIFITHIT 5,
FATTEMRELL TV,

YLUTHEMBEMES RoTLE>TW5, —H.
MUED ST UL, 1T A Y OMGEIRTFRED TS T
BNTLEV, FBRELTIAN—FT—XDEND
BRABRDTETLEWL., FX A VHEIGEITS O
LL7RoTW5, T72bb, BEIZL > TS N—
T—20EEANHIEE N, BiET S % T2
CETRCEDRBEEANT VRAEHEBTZ DT
ERA

35 ITS5—9

AT ZH WY AT LD 7 — 12OV TEL

THLIRR, Z2LOT 5 =0T D 3 DIER
T5ZeBbhrol,

—ODDERIX, BRI K=V DOHEDR
DTHb, BEEDAAR— (g, BX 22, 7L
=Evaluation) % % o> TREHDHFR D ZI1F &% —
(i.e., & X=1, 7 N L=Elaboration) ¥ L TN 5 2 {H
MR 5Nz, X 41%, CORDI-DT IZE T 2 fEHT
MEBROEBTHTH 2, Oz, ROZIDOE
S L HEBR T RIS 5, KT 1 OFRD %
FD 9% DOVWTIEFRIETETVWLDIIRNL, &
X2 ML EDFRD ZIF DWW T 60% L 22 [FE T
FTWVWRY, E, #KEEPEROMAEDIZE A YR
Elaboration ¥ L C Pl XT3 D (Elaboration D%l
’\L’ ZIR), SZ[%IZ Elaboration 1% SciDTB HH G D
R nﬁBﬂ1‘f‘7 FATH? (Hﬁ’}ﬂﬁ

ZOoDDOERZ, KEHBRI IRAZEDH DD
BEWRPE T & %, fil 21X, Elaboration & Progression,
Cause-effect & Explain OGN FEICHHTD % & 1%
Ro$, ZholdLIRLIEABICE > THHEAIT 3
DO LWV, K 51%. CORDI)-DT O 7 — X IZxF
53 AT LDENFETRDOHITH %5, EDU DR D
Z (T D) IZOVWTIRIEL L FETETWB A,
Iy (1,2) ITOWTEFDEIRY T A% Cause-effect
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Explain €1 Air sampling as an aid to infection control is still in an experimental stage,
Cause-effect

Elaboration
<: es about which air samplers and pathogen detection methods should be used,

Joth
€

ey as there is no consensus

4 and what thresholds of specific pathogens in (...) constitutes a true clinical risk.

X 5 CORD-19-DT {2381} 2 f@trfs R o fl, FRidfidtt—
I —. BRIEREE2ERT,

¢ ROOT

Transshipment hub selection becomes increasingly important to the global logistics communi

6 based on collective of logistics stakeholders.
s of transshipment hubs is then assessed

nnnnnn

€12 that a transshipment hub is preferred.

K 6 CORDI9-DT 2817 3 MRS R D,

Tl372 < Explain EFRAFHLTLE > TW5,

REOEKIZ, FXAL Y HH JLDimgDE
FEMDENTH 5, BERFIZK 6 I1TRT, AT
LZ. e3 (head) D25 eq; (modifier) NDIR D ZITD 5
NV%, e DNEIL ez DFHMiFGE R TIEAR < BFZTIC
XZ2HMAETH2I12H B 53, Evaluation ¥ i25FH
LTW3, Z#k. Evaluation BAfR DR H ZIT D4
FE 53 SciDTB Tl& CORD19-DT 12K &R TIEFIZE
{ (7.4% vs. 1.9%). SciDTB Tl X 7= 7 85 H3
MEvaluation BIRDR D ZIFIHE T TR 227 + D
BHEDU Y OBTRZI S EEHELTWELT
rEZHN5,

4 HHOHIC

AR T, AKEIRIFRERT OB R L F X4 >
S RS 2 BT XY >~ 71K (Self-Training,
Co-Training, Tri-Training, Asymmetric Tri-Training) D&
A Z2AT o 7z BMEIC X D REIEEEZEALL %
Asymmetric Tri-Training 23 & b ZENTH D, 4.1 K
4 ¥ P O DR X 60%DT /) 7= ara
R b DHIERAFIRETH 2 Z & 2R L7z T/ B
HICX > THIEITZE 2 AN—F—ZDRLEDN
7Y ADEENZRL, =7 —D 3 DDFEHERA
WZDOWTHHT L7z,

41213, CORDI9-DT DILKB LT, M EHED
RIS & AT S 2 JT RO BAFICHL D FHA T W <,

EEE

ARFZEIE IST CRESTEREZE S JPMICR1513) DX
*ﬁ%%&jffTof;o
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A {I%%: CORD19-DT vs. SciDTB

AR TIE, AAFLTHEEL TV 5 CORDII-DT
¥, Yang 5 (2018) IT & o THEER X 17z SciDTB DfF
BOBENMNIOWTHE T2, IO 2i@FZ2hFn
BV E I BRSBUER LD T 7 A b
727 MR LU CAFTHEERFWHEL Y /77— =
YLTED, ZZTRIFEDEVIZ R X A VD
Frv7OKREX, FXA VHEIGOH L XE2ET,

7 2 12 CORDI19-DT ¥ SciDTB DR % # 1 3.,
E2EVEDT TR 727 FOEX (e, X, b—
ZUBOIENLP 7 7R 527 XD dEWHERIZH
2 bhD (123 vs. 5.3 X; 1975 b —2 2 vs.
130.5 b =2 ), —F. FHEDU FUT DOV TIF—K
LTW3 (140vs. 14.0), TDZ ehb, EXEEY
@ EDU X912 NLP @ EDU X b 3 EL (IHHE
MZ L), B L R XA VIS TIEZ DR S
D—DZkh S35,

BOZITOFER GEERBARIC L - THESN S
EDU [ @ ¥ HEEE) 12O W TIHIEIEZE LW (2.5 vs.
2.4), T, —MRICEWERDZIFETRAFADE
FDEWID BARATELF BV TR I DITL L,
OIS RN BRI T 5,

—H. XEd=e,...,e, BROETHY, B/ —
F eg DME—DFTH 3 Root EDU DN EI1Z, &
FAEYIE TIPS SOBFHTH 2 DI L, NLP
TWE39BHTH -7z MATHEHIITTRANT S
MIKEPIHEER > HAHBNE HiE - R
LERr WO IEETRRABINZEHAICH S 2 E R
5. BEEAEY S TIIMARE R BT 55
NLP £ D 3% <, 5L TR KIFE O EM B 575
BETRRZ L ERET S,

BT =Xty MBI MRS 7 X2 D%k
DZITDIH 2RI ICHE S, WL DD DKEER
BRIZOWVWTITHEHARENIRECERDZ Z D bDd 5,
Elaboration ® IR DE W (47.2 vs. 39.1) IZDWT
F, B2 TRLXSREZAEWMY: T T7ANZ 7 M
NLP 7 7A M Z 27 M XD BEWREDNZ L. EETH
WMEHXINZZERZVWILERILTWSE EEZ
5 2 %, Bvaluation O B DEW (1.9 vs. 7.4) 12D
WL, BEEEAEYEGR O T R (EBRER) o
FLIRTH B Z 2% <, Root EDU ZD b DHHIH
WKHET2HDTHEZeRZVDITH L, NLP Tl
TEIABHR L =2TETH 2 Z e 3% L, Z DR
RIZOWVWTT7 7R 77 b ORFETHNCRR T 2 E
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# 2 CORDI9-DT ¥ SciDTB [18] DL, BEIZH T — &
kY FDITRTOT TA NS 7 M EERWTESLLT

W3,

CORD19-DT SciDTB
R 7.2 53
=2 U8 197.5 130.5
EDU 14.0 14.0
RO ZITOEX 2.5 2.4
Root EDU D & 5.9 3.9

3 CORDI19-DT ¥ SciDTB IZ BT 2 KkamlR 7 5 2
T DfRbD RO,

KEARIR CORD19-DT SciDTB
Root 7.1 7.1
Attribution 5.1 5.9
Background 7.1 6.9
Cause-effect 1.7 2.1
Comparison 0.1 1.0
Condition 0.7 1.2
Contast 4.1 2.8
Elaboration 47.2 39.1
Enablement 5.6 7.3
Evaluation 1.9 7.4
Explain 0.1 1.3
Joint 8.8 6.8
Manner-means 3.0 5.3
Progression 23 1.9
Same-unit 2.4 2.5
Summary 0.9 0.2
Temporal 1.9 1.2
Total 1000 100.0

BICHB I EZRMLTWS EEZ BN, K
RODHILBCBWTED XS ICimENEH SN
LZDMEVWHEAE KL TED, ZOX5%imE
DEFMEB DE NI F X A4 VEGOH L X 2T,
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