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Abstract Natural language processing (NLP),as a branch of artificial intelligence, has accelerated the development of social
communication studies in both theory and application. This paper introduces the historical development of NLP,and then reviews
the application of NLP in social communication studies, including five aspects: fake news detection, commonsense reasoning,
automated journalism,offensive language identification,and affective computing. Some commonly used datasets have been provided,
and the advantages and deficiencies of existing researches are discussed. Furthermore. to promote the deep integration of NLP
techniques and social communication, this paper proposes four promising application fields after investigating communication theories:
building group decision support system, computer-mediated intimate relationship judgment, attribute analysis based on social
judgment theory.the generating of public agenda. Overall, this paper paves the way for intelligent social communication analysis.
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PHEME"* #1 BuzzFeed % . BT I 45 0 Pk fk 38 /9 % J|g A
AR DT Bk T A R SR . B R R PR R Ak 1 P
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Table 1  Open data sources for fake news detection

Dataset Link

Description

Text label

LIAR

liam/data/liar_dataset. zip

https://www. cs. ucsh. edu/~il- £ #34 %, )k PolitiFact 3£ B 8 1. 28 # £ # 48 24  True, Mostly-true, Half-true, Barely-true, False, Pants-
EOR I Tl RN S ML RN Pl ok fire

Twitter dataset

http://alt. qcri. org/~ wgao/da- ZLHEH S, A TR HF E AN, & £ 992 MFH.

Fake, True

ta/rumdect. zip

59.24 F & AR 23.37T FH P

. http://alt. qeri. org/ ~ wgao/da-
Weibo dataset P/ 1 & &

ta/rumdect. zip

ZEEE A TR ELN, 44 4664 NF 4

380 7 A H i K 280 7 R P

Fake, True

https://figshare. com/articles/

ZEBEE R TR AN, H4 5802 &4 4£.10.3

PHEME PHEME _ dataset _of _rumours _ oA 1072 AR Rumour, Non-rumour
and_non-rumours/4010619
BHFELEE, FHELT. (1)Mostly true, Mixture of true and false, No factual
(1)2016-10-facebook-fact-check content
<./ /i srFeed-
BuzzFeed }Il]ll‘)b"// /github.  com/BuzzFeed (2)2017-01-media-platform-and-news-trust- survey (2)Trust, NotTrust
ews/ (3)2016-12-fake-news-survey (3)Fake, True
(4)2017-04-fake-news-ad-trackers (4)Fake
PolitiFact httos: // litifact , W HE AR E R, HE S AR A2 4B EH  True, Mostly True, Half-true, Mostly False, False,
olitiFac https://www. politifact. com/ A A Pants-on-fire False
Snopes https://www. snopes. com/ FRBEMSE RE - R NREH A ST Fake, True, Uncertain
i ) B T 75w ok e ’ :
=S g E., P8 s = P == %
Full Fact https: // fullfact. org/ FERETL MARKN AT HA BT AR

3K Ty I M

HeroX Fact Check https://herox. com/factcheck/

T A E R, N E LW R M

TRUE, Somewhat TRUE, Somewhat FALSE,FALSE

FakeNews

http://www. fakenewschallenge. & #7 [ & M % % . 5 % A R 8 3 # 240 & 4 KT 0
Challenge org/ KRR N R — BT 4 AR R AR

Agrees, Disagrees, Discusses, Unrelated
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B 3 R T LA b o G 8 R 04 07, OF P e
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T A5 G0 R 30 5 7 I R Y 1 S AT A EE 1 h
A R I . T SO B X R A B ST R i R
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$2 B NLP o SCAHTRGCH T A 8l 468 0 5% vh A W] Sk (9
A, A, AR IEF 4 A (Natural Language Generation,
NLG P A5 T AR £ W58 # 19 5C 1, 76 6 W 5L afy LT 3k —
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TE 0 P P A A AF 5% o R P T A AR U R Al R] A, ORI 5
AR BN 2 5 R R Y 3 AR R B A Kk R v R A A
(Latent Dirichlet Allocation, LDA)Y™ 5 2 Wk #) 78 5 i 72
(Hierarchical Dirichlet Processes, HDP)US) 45 | %k T 33 8
#1, Zhang SV H AL T 18 SOHE 48 Ko = 14 44 1A 1A i, S EE T
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Fig. 1 Analytic layers for intimacy judgment
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