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Figure 1. Social media users’ activity rhythm more similar to their followees’
than to their followers’.

Liang, H. & Shen, F. (2018). Birds of a schedule flock together. CHB
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Table 1 Frequency and Expected Frequency of Cross-Ideological Debate in Political (A) and
Nonpolitical (B) Discussions

A
From-to- Centrist Left Right Row Total
Centrist 9,915 12,951 17,906 40,772
(9,347) (14,022) (17,403)
Left 12,077 8,103 38,116 58,296
(13,365) (20,049) (24,882)
Right 17,288 37,872 17,110 72,270
(16,568) (24,855) (30,847)
Column total 39,280 58,926 73,132 171,338
B
From-to- Centrist Left Right Row Total
Centrist 19,883 8,565 29,075 57,523
(19,044) (9,139) (29,341)
Left 12,284 5,785 10,075 28,144
(9,318) (4471) (14,355)
Right 17,807 9,631 37,884 65,282
: (21,613) (10,371) (33,298)
Column total 49,974 23,981 76,994 150,949

Note: Cell entries are the observed frequencies with expected values in parentheses. Bold values
indicate within-ideological discussions. Self-replies are excluded.

Adamic & Glance (2005). The political blogosphere and the 2004 US
election: divided they blog. ACM Liang, H. (2014). The organizational principles of online political discussion. HCR
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Table 2 Random-Effects Relational Event Model for Discussion Organization

Model 1 Model 2 Model 3 Model 4
Ideology
Cross versus within 1.05%* 0.76** 0.75** 0.80**
(.03) (.02) (.02) (.02)
Centrist versus within 0.73%* 0.55%* 0.53** 0.54**
(.03) (.03) (.03) (.06)
Conversational norms
AB— BA 1.93** 1.89** 1.88**
(.02) (.02) (.02)
AB— BY 1.13** 1.08** 1.08**
(.02) (.02) (.02)
AB— AY 1.39%* 1.34** 1.34**
(.02) (.02) (.02)
Structure
Popularity 6.86** 6.61** 0.83**
(.08) (.08) (.08)

Liang, H. (2014). The organizational principles of online political discussion. HCR

Carter T. Butts, Sunbelt 2012
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Table 1 Multilevel Logistic Regression Models Predicting Unfollowing

Model 1 Full Model

Raw Text Measures

Estimate (SE) Z Estimate (SE) Z

Estimate (SE) Z

Similarity

Overload®

Redundancy

Overload X Similarity
Overload x Redundancy
Similarity x Redundancy

Alter popularity*
Reciprocity
Shared followees*

Var. of intercepts across users

Informational Variables

—2.312*%(.313) —7.39 —1.700**(.339) —5.02
0.102*#(.023)  11.55 0.083**(.009) 9.18
—0.019 (.002) —0.80 0.120**(.024) 5.00
—0.353*(.141) —2.50 —0.458**(.139) —3.28
—0.068**(.018) —3.82 —0.032(.018) —1.79

1.489**(.502) 2.97 0.953 (.562) 1.70
Relational Variables
—0.036**(.009) —4.14
—1.518**(.017) —89.58
—0.151**(.007) —21.23
Control Variables

Model Summary
8.138 (2.853) 9.021 (3.003)

—2.349**(.604) —3.89
0.038**(.013) 2.87
0.071*(.031) 2.26
0.201%%(0.77) 2.63
0.049*(.020) 2.47
1.868 (1.056)  1.77

—0.036**(.009) —4.19

—1.513**(.0170) —89.43
—0.151**(.007) —21.16

7.177 (2.679)

Log-Likelihood —119,115.4 —113,763.1 —113,979.6
Conditional R? 67.8% 69.7% 65.2%
Marginal R? 2.6% 6.1% 7.0%
# of ties 1,613,735
#of users 7,326
Liang, H. & Fu, K. W. (2017). Information overload, similarity, and redundancy. JCMC
9
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Figure 2. The interpretive networks over time. October 2011 (modularity is 0.09), February 2012 (modularity is 0.07), June 2012 (modularity is 0.04), and

October 2012 (modularity is 0.00).
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Figure 2. The evolution of discussion and cognitive networks over 13 months.
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Table 2. Coevolution of Discussion—Interpretive Network.

Tl =>T2 T2 =>T3 T3 =>T4
Effects
Parameter SE Parameter SE Parameter SE
Discussion network
Rate 64.52°F [1.40 61.57+ 474 62.87+F 11.08
Density —5.77%* 0.21 —6.25%F 0.36 —5.37%F 0.39
Reciprocity 3.53%F 0.26 4.16%F 0.36 317+ 0.26
Transitivity -0.03 0.02 —0.1 27 0.02 —-0.05%* 0.02
Popularity —0.137** 0.02 —0.1 5% 0.01 —0.06%* 0.01
Same ideology 0.2 0.08 —0.3 % 0.09 —0.427%F 0.12
Activity alter 0.2 0.02 0.25%F 0.02 0.17+* 0.0l
Activity ego 0.10%* 0.0l 0.1 2% 0.01 0.13%** 0.03
Same frame 0.01** 0.00 0.0 17 0.00 0.01* 0.00
Interpretive network
Rate 66.27F 5.08 45.24+F 3.43 50.28% 7.01
Density —2.467F 0.23 —2.76%F 0.22 -2.70°* 0.4l
Popularity -0.00 0.00 —-0.00 0.00 0.00 0.00
Out-in assortativity 0.037%* 0.00 0.03%** 0.00 0.03%** 0.00
Out-degree activity —0.26* 0.12 —0.59%F 0.17 —0.42% 0.19
Discussion 0.11* 0.05 0.2 % 0.06 0.16* 0.07

Liang, H. (2014). Coevolution of political discussion and common ground in web discussion forum. SSCR
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