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Social media is not only a sensor but also an actuator. A social sensor can detect various social phenomena
or trends by using the data obtained from social media. Though the information from social sensors has vastly
enhanced our potential to observe and predict real-world phenomena, the causality from the social media itself to
the real world has not been studied to date. Meanwhile, recent trends in SNS-driven consumer behavior, such as
taking beautiful photos for Instagram, so-called ”Instagenic,” have further highlighted the importance of studying
the causality from social media to the real world. This paper demonstrates a new concept of social actuator. We
introduce internal states, which represent the states of the social media users influenced by others, and show how to
address the confounding structure in the inference of causality from social media to the real world. Using the results
of our experiments on Twitter data and cryptocurrency-market data, we show that our proposed method can detect
the influences between the users on social media, and describe the causation from Twitter to the cryptocurrency
market. Finally, we discuss the effectiveness of the proposed method for different datasets and suggest that we all
have the potential to impact the real world through social media either intentionally or unintentionally.
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3.2 Comparing Regression Models
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ŷ = Wsa · concat(xy,xex, xin) + bsa, (1)

xin social internal states module Xin

, Wsa and bsa

social actuator model social sensor model

FIgure 1

external states

Xex Y

Z Xin

external states Xex

follow/followee

internal

states Y

4.

,

[Kristoufek 13]

CoinGecko ∗1 Bitcoin, Ethereum,

Ripple 3 Twitter

REST API∗2 follow

2017 1 1

∗1 https://www.coingecko.com/en
∗2 https://dev.twitter.com/twitterkit/android/access-rest-api

2017 12 31

1,3,5

1,3,5

1,3,5,30

1 1 10

31 300 11 1

11 30 30

Twitter Okasanman, one of the famous twitter

accounts of investors in Japan follow

2016 9 12 3 5

follower 100

9401users

follow/followee

4 mean squard error(MSE)

BASE: predict 0 all

0

MSE
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1: Performance measured by MSE

Bitcoin Etheruem Ripple

volume 1 volume 3 volume 5 volume 30 volume 1 volume 3 volume 5 volume 30 volume 1 volume 3 volume 5 volume 30

BASE 0.2335 0.4507 0.5316 0.4126 0.1865 0.5913 0.5530 1.1061 0.9345 2.0870 1.9373 0.6639

VAR 0.2150 0.3122 0.3225 0.3184 0.1639 0.3687 0.3890 1.1070 0.6279 0.7111 1.1307 1.2217

Social Sensor 0.2287 0.3551 0.3141 0.2576 0.1636 0.3679 0.3755 1.1195 0.6142 0.5660 0.9268 1.3226

Information Cascades 0.2569 1.0195 1.1131 1.4950 0.4321 0.4458 0.4088 2.8378 0.6220 1.6445 1.1410 2.4280

Social Actuator 0.2236 0.3087 0.3076 0.2117 0.1489 0.3640 0.3226 0.9291 0.5570 0.5298 0.9156 1.2951

5.

VAR Socail sensor

information diffusion DeepCas

Social sensor

Twitter

Twitter

Twitter

Twitter

Twitter

Twitter follow/followee

user

Twitter

Twitter

Twitter

[Asur 10] Asur, S. and Huberman, B. A.: Predicting the

future with social media, in Proceedings of the 2010

IEEE/WIC/ACM International Conference on Web In-

telligence and Intelligent Agent Technology-Volume 01,

pp. 492–499IEEE Computer Society (2010)

[Bollen 11] Bollen, J., Mao, H., and Zeng, X.: Twitter

mood predicts the stock market, Journal of computa-

tional science, Vol. 2, No. 1, pp. 1–8 (2011)

[Budak 11] Budak, C., Agrawal, D., and El Abbadi, A.:

Structural trend analysis for online social networks, Pro-

ceedings of the VLDB Endowment, Vol. 4, No. 10, pp.

646–656 (2011)

[Cheng 14] Cheng, J., Adamic, L., Dow, P. A., Klein-

berg, J. M., and Leskovec, J.: Can cascades be pre-

dicted?, in Proceedings of the 23rd international confer-

ence on World wide web, pp. 925–936ACM (2014)

[Hijikata 16] Hijikata, : AI

, , Vol. 32, No. 3 (2016)

[Kristoufek 13] Kristoufek, L.: BitCoin meets Google

Trends and Wikipedia: Quantifying the relationship be-

tween phenomena of the Internet era, Scientific reports,

Vol. 3, p. 3415 (2013)

[Li 17] Li, C., Ma, J., Guo, X., and Mei, Q.: DeepCas:

An end-to-end predictor of information cascades, in Pro-

ceedings of the 26th International Conference on World

Wide Web, pp. 577–586International World Wide Web

Conferences Steering Committee (2017)

[Oda 18] Oda, S.: The Mysterious Twitter

User Drawing a Swarm of Japan Traders,

https://www.bloomberg.com/news/articles/2018-01-

14/the-mysterious-twitter-user-attracting-a-swarm-of-

japan-traders (2018)

[Sakaki 10] Sakaki, T., Okazaki, M., and Matsuo, Y.:

Earthquake shakes Twitter users: real-time event detec-

tion by social sensors, in Proceedings of the 19th interna-

tional conference on World wide web, pp. 851–860ACM

(2010)

[Toda 94] Toda, H. Y. and Phillips, P. C.: Vector autore-

gression and causality: a theoretical overview and sim-

ulation study, Econometric reviews, Vol. 13, No. 2, pp.

259–285 (1994)

[Tumasjan 10] Tumasjan, A., Sprenger, T. O., Sand-

ner, P. G., and Welpe, I. M.: Predicting elections with

twitter: What 140 characters reveal about political sen-

timent., Icwsm, Vol. 10, No. 1, pp. 178–185 (2010)

[Zafarani 14] Zafarani, R., Abbasi, M. A., and Liu, H.: So-

cial media mining: an introduction, Cambridge Univer-

sity Press (2014)

[Zhang 11] Zhang, X., Fuehres, H., and Gloor, P. A.: Pre-

dicting stock market indicators through twitter I hope

it is not as bad as I fear , Procedia-Social and Behavioral

Sciences, Vol. 26, pp. 55–62 (2011)

4

The 32nd Annual Conference of the Japanese Society for Artificial Intelligence, 2018

1P3-01


