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In this paper, we try to develop a method for extracting causal expressions from news articles.
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First, we

investigated clue expressions that are included in news articles. Next, we focused on specific clue expressions and

developed the method to extract causal expressions.
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BIC, Bl TIFAEETIIC BT B AREROLLENIIL LT
B0, AAREFITN U TREHIW OS5 217 5 Hifi o2
DEE-S>STV5.
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BLld, oA 2—=—a— ARG FEPORBEFREZELTF
WD 72K (B D ERR) ZRET 2720, FVXL
IZ 20 FUIRET, ZOHICEHEENS KRR EFHHN O EXTZ
PFE LIz, TTTHRADHRETHRREMFROER L LT,
The penn discourse treebank(PTDB)[Prasad 07] I %
“Cause” IZE4MT 2. FH0 0 KE & RRFRZIE LA
R, 381 3 30 (HOKRRZFHR T D LNTE. A
T, RLIORTFEINOEEZBEENTEL.

£1K0, —RCKERBERZRTFONORHTHS [be-
cause] ¥ las] TR EWERDIZTENTER. LM LEND,
lsince] *° [from] FFOMDFNN D REHITHFERICETENT
Wishholz, SHEDORR, K& LT Twill keep ] *° lcause
% EDHEITHHFNMND KB L, Tbecause] *° [because of |
REDFOMDFIN O KBNS Lh ol TTT, 5
{735 Cdh % Mirza et al.[Mirza 14b] DFEIC KB &, 5
T D FEE L LT affect verbs, link verbs, causative
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That’s why affected
after will keep
as because
because of will pressure
buoyed by due to
fuelled by helped by

meant that partly because of

partly on prompted by

was aided by
will check

will also dampen
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will entice

(because of, as a result 7% &), #ftan (because, since, so
that), @& (so, threfore, thus) “PRFkZR 2 (the reason why,
the result is, that is why) D HHEENS. TDH B, affect
verbs, link verbs, causative verbs D#jFTd 2 FHh 0 EKB
IZi%Y4 L, SIGNAL B2 DTH % T 700 REUCSK YT 5.
Tabb, EROMMNEIZEZ SN, FKADTME LA,
Mirza et al.[Mirza 14b] 2VEFE LTz F0 0 O KB L RO 7>
BeEolcT L ZREKT 5.

EHIC, WEZEDIZE T, Mirza et al. % Khoo et al.
HEDFHETEHOLNTWABFNND LB [because] ICH
W, KRRz EEZEWHZRDFE T EMWTER.

”They won’t let North Korea get away with it because
others might try the same thing,” said Redeker at BNP
Paribas.

COX T, might BEFENTVE20, EkE LTREEE
LTHD, KA - #5HR2L T RRER TR,

ERED X 31, Mbecause | HEFENTOAUILT IR - PR
DRRBHRZ R T DI TRV EWVS T ey hoTz. DED,
because 7% EDFNN D I ZEN TV EHEEICHNT,
RERZERT 20 ENZHET 2 FEIRBE L E> TS
%. HEFEORMCE LTI, 4. fiCTHERS.
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Bk, £9, because & will +8FETH 5 FHDhH XBlicD
W, JER - RERZ N T E 5 FEZ R L. BAGEICBT S
RRBEGRIHFLE LT, BADBIFELT=FE [Sakaji 08] DY
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TiZ, Chang et al.[Chang 06] DF%*° Khoo et al.[Khoo 00]
DFiE, Mirza et al.[Mirza 14a) DFENMAAET 5. LFI T
FTeFEDE EA LTI, RO ZHH L TR
FEAMM LTS, RFFRICBWTE, HSURIT OSSR 7ZFIH
5.
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MY 5. BRI, RO RiTdRichrs e, K10
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It may augur well for the local economy because the
Philippines is heavily dependent on remittances from
overseas Filipino workers.
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It may augur hilippine

well for the local economy because the Philippines is heavily dependent on
nmod:from
—nmead:on / e
) i nd i

remittances from overseas Filipino

workers.
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<effect>It may augur well for the local econ-
omy</effect> <clue>because</clue> <cause>the
Philippines is heavily dependent on remittances from
overseas Filipino workers.</cause>

F7z, will +EEID S A5 F0H 0 RBIOHI 2 LI TIRS.

<cause>Fears of war in Iraq and a stand-off with North
Korea about nuclear weapons</cause> <clue>will
keep</clue> <effect>the dollar weak in the first half
of the year.</effect>

FRREERD S, FHH D EB because T, [FEREH, T
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T eMngholz. HAREBICBWTE, FANOEXBICKST,
JRIKZRE & AE REH OB 2 EFNHx % T ik, AR
BT BT > TV, JEEICENTE, R,
T 0 RIS K> TIHRER & 45 REHO BB 2 A0E A
BB Eehnholk.
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ZbN%. 5%iF, THADOXRHEOMEICK>T, Mgy
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EBFET BT L BB D,
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MHoTelz8, FTOTEORRERBR. Wi TG LIz Th

*1  https://stanfordnlp.github.io/CoreNLP/

MO EHEEZL RS VR IS 4,000 SCHIH L, PHSEEBEENE
FNZNEDDRTENE Uz, ZO8E, 4,000 32H 1,599
SRR EEN TV, BLlx, Do, 27
LT =205 % 3,000 X727 —21C, 1,000 X7zl
T—2C LT, WO OBEE Lz LTz, 2Oz
£ 21TRT. FERKD, BWEEIC X > TOREMRED 2
ERERh T

# 2 BERAEIC K0 HIE U ASR

WER | HER | FME
SVM 0.737 0.906 | 0.813
RandomForest 0.730 0.977 | 0.836
BiLSTM 0.741 0.950 | 0.832
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AT, O Z—Za— AW HICEHFEND KR
FEHEL, ZOMILZRAT. FHE LR, Mirza et
al.[Mirza 14b] AW TWZFELH O KRB EFAL L T2 FD D
DERBZ1GS T EINTE . Mt FEZHNT, WD
DFNH O KBIZHGRIC, RREGRMEFEZRFEST 2 LR
TELM, MOFh 0 EE D SHiHZ2TTS TR EZFFET
TTVRV. SHOFEE LT, 2TOFEIN O XKBIZFIH
U TR Rz g 32 FihzBide L, ZDOMReTHliz 15
ENEZLNS.
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