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Abstract: The main objective of many studies in the physical, behavioral, social, and biological sciences is the elucidation of
cause-effect relationships among variables or events. Many causality problems, occur when new words and behaviors are mapped from
individuals to the Internet or are created by the Internetitself. Causality is hidden behind correlations; conclusion made by correlation
analysis is likely to be unreliable or even wrong; and in absence of causality, methods based on correlation is unable to intervene, control
and manage. Thus, causal analysis is necessary in social media. This paper first introduces the value, importance, and necessity of
causality analysis, followed by causality problems existing in social media. Then, a brief overview of the recent research on causal
inference is provided with analysis basic theory, problems and research status. Finally, comparisons among previous studies are made to
suggest the future research directions and causality application in social media.
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Fig.1 Common-Sense causality from Sina Weibo
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Fig.2 Hierarchical structure of causality
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Fig.3 Causal and correlative relations among A, B and C
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Fig.4 Three causality models which can generate correlation
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Fig.5 Design intervention means using common-sense and essential causality

B s R R R SR AN A Jog R e v T T B
2 ARIVRSH

2.1 BREARSH

AR R AR TR S50 R TR T BRE S CAT I At AR B O 045 F1 R A %
1) JFH SR At 3 = 4y 2 ) R SR G 2 1140 SC AR 3K 2 — i F A 8 S A R 11 R0, TR0 Ay B4 A B 9 0k 1) R SR BV A A& 4
St TE T (L2 A2 R0 BT 5 30 T T D [T SR URUAR T B e T AT 0. B A% L A R S R A R IR SR R TR g R
PRS2 70 AR E 5 SCAR R T LASR X 6 TR L LU A 5T PR L 7 oy B4, 10 LS A AR SO AR v AT 4 R T
S Ot 22 R B E ARE S I AL B ARy ik AR . AE AT BRI a6 fros, AT R LA
B b A T i B A 10 DR R % (Smoking —2s poor blood flow), JiH filt & i cause 1k #h1d (VB), i
smoking {4527 &5 H 9% & 4 44 i) 21 (nsubyj); [A] 1 cause S JE 4 poor blood flow (KA i, 56 R N B il



2738 Journal of Software ##F% 3R Vol.25, No.12, December 2014

(dobyj). Xof T I Fob 55 A7 9 2% figh o ] 10 28 325 A SR 10 40 1, st DR RN 5 SRAE £ 1 v 1R ] PR RN A 95 A B AT s R
(1) T IX A A Tttoo A58 NS H T —FibE T-i o A3 4347 00 DR SR OG ZRAEARC (1) PR SR e il R 7 4225 20 A A AT T 11
AR, G A Wikipedia b W3 55 A7 DR SR OG AR (0 ) S CHE — SU A DI RK R0 R AR T IR SRR 25 ik
IRCHCA g 18 DAL Sorgente 25 AR TN T et 1R A0CA 7 092 B8 DU il B vl B £ AT SRS, I P 3 13l 1 o S
FIVRCAT A5 AUE (7 L 307 43 248 25 DK S 8 A 2 ) SR 17 g 7 4 s 27 LU 33 48 7 R A 0 7 2 ) D ) Y
A 18 R0 A Aok BB DR RS AR AT AN AN AN R TR 1 T AR 5 A6, 38 AT K 0 1 R A R G R
fish 3 FR) P 0 b Ak 2 T AT 5 10 T R R o ST S AR R AR A AT AR K A B PR SC R 1 1) 1 PO

R A DR 16 8 i % AL LS R T A o 5 P00 425, 3RO B ) 7 o 4 DR 56 28 0 2 A R e £
o | 2 |
. {f" AAA N O "Hr;“"*‘;? ,-'x-,\/'l’]ffvi’?]“l\
SINOKITE can Ccanse or WOrsern ]IIIUI' HOOC OW 1 e arms anc egs

MD [VB €C VB| [JJ NN NN|IN DT NNS CC NNS

N2 4

Fig.6 POS tagging and dependency parsing of sentence containing causality relation
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