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Causality and Its Applications in Reading comprehension

Wang Yuanlong®, Li Ru*? ,Zhang Hu', Wang Zhigiang®
(1.School of Computer and Information Technology, ShanXi University, Taiyuan, ShanXi 0300086,
China ;
2. Key Laboratory of Computation Intelligence and Chinese Information Processing of Ministry of
Education, ShanXi University, Taiyuan, ShanXi 030006, China)
Abstract: For the choice of causal relation types in Chinese reading comprehension, this paper proposes a causal
relation support analysis method based on causal network. Firstly, the causal events are extracted from literature by
clue phrases, and the causal relation between the events is computed, and the causal network is constructed from
the causal events and the causal relation. Then, the TF-IDF method is used to retrieve the related sentences from
the document, and the importance of each word in the document and distinguish between the whole document are
considered in the method. Finally, the causality network and related sentences are combined to analyze the causal
support of the option. In order to verify the method, the 769 simulation materials +13 Beijing entrance examination
materials (including the source text and the selected title) is collected as a test set. In this test, this method can

obtain better result than the Baseline method.

Key words: natural language processing; causality network; reading comprehension; semantic similarity
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e 52 FEf# (Reading Comprehension, RC) /T
25 RS T PR SCRY, FRAR S R SCEANOE 2
PIALFE A T R BT Rl R, e B RS & AR FE AN
FR RN — AN A, DK B A 1% A ¢
HARM RS, ek, B N TR, b
B AR R R 2 B T A2 B ARE S AL FE T
TN BN T GeRF oL ek M. i AT
ZV K ENAE A)EL WAL B OCRIE S 2 07T
PG R, TELGEIBHXANRR. i, B,
HEFLSE B A0E 5 B S B EOR, A B A PR
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HAT, PRE@ S aEmMmER. —Mi
Multiple-choice 2701, 2207 ) 5 B gt 15 72 M JEL
SR AN A FHEDN IR I B S R 51—y
Cloze-style UM, {2 A ] 55 B0 AR 14258 2
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AT 5%, AR R BB B . AT 555 DA
PR TY  SEBR AT S AN R, G IR 5 S )
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X I AT IR P R A o

55/ 4 A A ) g 2 1 S P R SRR 4T
TN, WEBEER R IA 4 TR L — B T T
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EHEARAT 55 ORI R o X AN [A) 228 (1346 150 3 3]
o W AN () PR i 7 8 2 S DR BT 55
IR B . ASCEIENHE 13 A bR % i
PAJ% 769 R REHEIE T T 0 A CRER Bl 1 R AR £
B EEFRAE), R AR
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AP s, [FIREATH R AEE O R DI R
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MR 13 bR E I DL K 769 R
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BEXTRIR O AR IIE T, AN SCHE H — Pl B 132
PR AR R DR SR OC R SR B A i e
S8 DR R T S 3 T Y DR AR AR AR s SRR
LR M SCAAE R P IR R AT, oA
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[<e>...</e> because <c>...</c>]

[because<c>...</c>, <e>...</e>]
[<c>...</c> in order that <e>...</e>]
[<c>...</c> in order to <e>...</e>]
[<c>...</c> so that<e>...</e>]
[<e>...</e> for the reason that<c>...</c>]
[<c>...</c> ][therefore <e>...</e>]
[<e>...</e>][thus <e>...</e>]
[<e>...</e>][hence <e>...</e>]

B 1 SRR 2 R A TR A AU TR (STHR[29])
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Hrp{s|w, e cause A w, € effect} F£<7E 5 K E 4>
IR wy HAESE SR IR we ) F3cH ;s [
i {s|w, e causev w, e effect} F 7 J7 K565

PUIA] wy BLE S5 SRR o B we I A) T . & 3
NFTRE R RO R X IR ER o], P A 4 i 3R 4l
VIO EATIP AT X L S S u b 7 e X E RN PSP
4.3.2 ARZHESH

Fe TR SR AR P i 2 1 DR SR 50 2 9 SR 4 A ok T
AR R RS . R EE S
RAS BRSO H], T B i 105 AH DG )
T2 AR RS B o LR RS TE

BE_ME

Bt

AR

W3 > #i_0 R
7

BT #A_ME

.

i /
ﬁﬁ_i@/
\ S A

(4

(1) 35T (1 PRI AR e R SRR 8 0 T LAl B 34
RG], IXFPAE Y 75 ZE T S e R R A DG A1) 2 [ 1)
RS R, Wl 4 ok
B [ 5T 7% 1/2004]

I A S MORAS 2, Ul A 4 (4
I H A A R
HEGHSSA) 7. O B Al M RA FH mE £ /Em, WA
SETRAISEEMEAKE. AN HEBZK
#HE AR AR, B NS EERHE LS
— NIy R —H

(o]

BIE_FEAR
ity ok fih
L \

EBR Y
MR 2 A

B3 PRIRRARM RS

e fFE Mok A M EHE

e M ozm HA b o AR BiR

7 HL A A SR A P 0 2 17 1
TRAREBEM R AR H

ALECT(E

__

v

WA e ) B EAGOCE B R A B REOR, 1B
PENGRERHELL “5— AR N AR —H

B 4 JF 0T AEAE S IR0 MR R R (TR D

XA I 7 BT SR 9% ) 2 T R PRR Ok R SE

R, BAARTHSEARIT:



1 m n

Causality(S,,S,) = m—zz P(T,,T,)+Rat(C,S,)+Rat(C,S,) (5)
X

i=1 j=1

Her, P (T, T RRHFBREAT SHHEMF TR
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513 IR EL R R
5 SKI

AR 3C S8 BT R TR 5 i IR 2R Ok &
)R 82367 K SCEAAE R B EEAA R, A R (13
R AL B E OB RT69 REUAELD, %15

R E L K 2 A B A BRI . AP
MRS A —EiE S, HeEEsEEsA L
AT,  FANETURYE H2 B A6 I SCbR1e R 0
LSRR A SR SCRAR N 1, SRR 0),
AL E SRR R O RABE I, SCEAE i R
B SRR C R, I T 425638 NEFER
KFRA) 1042570 M=JeHR R R R, K3 ERT
IR S e = 5 AR S R 5T

% 3 H st

B¥F 4 RFEH
bR RA_FA
SN PN e _#IR
A E wHIE_
Yk ATAT ik AR
B B 2o G

5.1 SLIgE

N T B8 AIE AR ST I3 A ) 5 B A 5
AR, SEIR I E T AR AR R A RIEREH A
BB, AHGHIRE R B, ASCKH TF-IDF J7iEM

JE S &R S REA R TG A) . B RIEFEH
Bt AT BAEA ST ER S, Sk B T AL
kb F O VEMCA Baseline #E4T ELE0 T . KT
Baseline HH (1) 73238 T 5 BT A 3 1015 R SCAH K A1)



(1) — B TR PP R I TUER 575, 1A
TR SRR R IET, @i (5) 5l (6)
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