SUPPLEMENTARY PROCEDURES
In these supplementary materials, we explain procedures that were conducted to enhance the fidelity of the studies as executed.
Study 1a
Optimization of classifier performance. To compare the performance of the 10 machine learning techniques in classifying attendance, we performed three repetitions of 10 k-fold cross-validations which generated 30 predictions for each technique with the training dataset; those results were than aggregated for each technique to show overall spread in performance accuracy per technique across 30 predictions. We compared those lagged and iterated differences in technique predictions by running a series of pairwise t tests (with Bonferroni adjustment for p values) between each technique combination (see Table S1). Overall, Gradient Boosting Machines (GBM) had the best performance with the raining data, with average accuracy higher than boosted CART (t(29) = -6.91, p < 0.001), boosted GLM (t(29) = -6, p < 0.001), and boosted Logistic Regression (t(29) = -5.64, p < 0.001). Notwithstanding, all 10 techniques performed on a similar level of accuracy ranging (on average) between 75-82% with both the training and testing datasets, see Table S1.
Table S1 
Results of t-tests showing lagged and iterated differences in technique predictions, using training data, Study 1a 
	       
	BAYES 
	   RF 
	 CART 
	 C5.0 
	bCART 
	bGLM 
	 rSVM 
	bLOGIT 
	  GBM 
	 NNET

	BAYES  
	   NA 
	-0.01
	-0.01
	-0.02
	0.01
	0.02
	-0.01
	0.01
	-0.03
	-0.01

	RF     
	1.00
	   NA 
	0.00
	-0.01
	0.02
	0.03
	0.00
	0.02
	-0.02
	0.00

	CART   
	1.00
	1.00
	   NA 
	-0.01
	0.02
	0.03
	0.00
	0.02
	-0.02
	0.00

	C5.0   
	0.07
	0.28
	0.18
	   NA 
	0.03
	0.05
	0.01
	0.03
	0.00
	0.01

	bCART  
	1.00
	0.01**
	0.06
	0.00***
	   NA 
	0.01
	-0.02
	0.00
	-0.04
	-0.02

	bGLM   
	1.00
	0.01**
	0.04*
	0.00***
	1.00
	  NA 
	-0.03
	-0.02
	-0.05
	-0.04

	rSVM   
	1.00
	1.00
	1.00
	0.30
	0.34
	0.02*
	   NA 
	0.02
	-0.02
	0.00

	bLOGIT 
	1.00
	1.00
	1.00
	0.00
	1.00
	1.00
	1.00
	    NA 
	-0.03
	-0.02

	GBM    
	0.05*
	0.08
	0.10
	1.00
	0.00***
	0.00***
	0.06
	0.00***
	   NA 
	0.01

	NNET   
	1.00
	1.00
	1.00
	1.00
	0.01**
	0.02*
	1.00
	0.23
	1.00
	   NA


Note. Upper diagonal part of table represents estimates of the difference; lower diagonal part of table represents Bonferroni-corrected p-values for null hypothesis. GBM = Gradient Boosting Machines; NNET = neural network; C5.0 = C5.0 decision trees; RF = random forest; bCART = bagged CART; bGLM = boosted Generalized Linear Model; rSVM = radial Support Vector Machines; BAYES – naïve Bayes; bLOGIT = boosted Logistic Regression. *p < 0.05, **p < 0.01, ***p < 0.001
Study 1b
Exploratory factor analysis on LIWC variables in polarization equation. To test the rigor of using the four LIWC variables in the polarization equation, we conducted an EFA on the harm, threat, anger, and collective action LIWC variables. The analysis indicated that one factor was sufficient, and this factor accounted for 13% of the variance in the harm, threat, anger, and collective action LIWC variables, and had a sum of squared loading of 0.50. The root mean square of the residuals (RMSR) was 0.01, the Tucker Lewis Index of factoring reliability was 0.96; RMSEA = 0.02 (90% CIs = 0.019, 0.023). See Table S2. 
Correlations between polarization scores and standardized survey measures. The correlation analysis reported in Table S3 was conducted on a subset of users for whom we had survey data as well as twitter data. The results show no overlap between their self-reports of their motivations for mobilization (measured after the protest) and polarization in their tweet content (from T1-T2, prior to the protest). This supports the idea that self-report surveys may provide different information than their language provides, such that they are not measuring the same (latent) variable (see explanation in the introduction).
Table S2 
Factor Loadings and Correlations for LIWC variables, Study 2 (n = 277,556)
	
	Observed variable (dictionary categories)
	Factor Loading
	
	1.
	2.
	3.
	4.

	1. 
	Harm
	0.54
	
	-
	
	
	

	2. 
	Threat
	0.22
	
	0.11
	-
	
	

	3. 
	Anger
	0.40
	
	0.21
	0.09
	-
	

	4. 
	Collective Action
	0.07
	
	0.06
	0.003
	0.01
	-
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Table S3 
 
Means, standard deviations, and correlations with confidence intervals, at the user level (N = 164 Twitter users)

	Variable
	M
	SD
	1
	2
	3
	4
	5

	
	
	
	
	
	
	
	

	1. Attendance (1=yes, 2=no)
	0.64
	0.48
	 
	 
	 
	 
	 

	 
	 
	 
	 
	 
	 
	 
	 

	2. Social identification scale
	5.51
	0.90
	.13
	 
	 
	 
	 

	 
	 
	 
	[-.00, .25]
	 
	 
	 
	 

	 
	 
	 
	 
	 
	 
	 
	 

	3. Moral outrage scale
	6.35
	0.94
	.01
	.23**
	 
	 
	 

	 
	 
	 
	[-.12, .13]
	[.11, .35]
	 
	 
	 

	 
	 
	 
	 
	 
	 
	 
	 

	4. Collective efficacy scale
	5.43
	0.80
	.08
	.53**
	.27**
	 
	 

	 
	 
	 
	[-.05, .20]
	[.43, .62]
	[.14, .38]
	 
	 

	 
	 
	 
	 
	 
	 
	 
	 

	5. Online polarization score (general tweets)
	-0.00
	1.01
	-.09
	-.03
	-.10
	.10
	 

	 
	 
	 
	[-.24, .06]
	[-.18, .12]
	[-.24, .05]
	[-.05, .25]
	 

	 
	 
	 
	 
	 
	 
	 
	 

	6. Online polarization score (Brexit tweets)
	-0.01
	1.01
	.02
	.00
	.02
	.12
	.27**

	 
	 
	 
	[-.13, .18]
	[-.15, .16]
	[-.14, .17]
	[-.03, .27]
	[.12, .41]

	 
	 
	 
	 
	 
	 
	 
	 



Note. M and SD are used to represent mean and standard deviation, respectively. Values in square brackets indicate the 95% confidence interval for each correlation. The confidence interval is a plausible range of population correlations that could have caused the sample correlation (Cumming, 2014). * indicates p < .05. ** indicates p < .01.

Collinearity diagnostics. There was an almost perfect correlation between the number of accounts a user followed and the number of accounts that followed that user, meaning there was a very high chance that these variables were multicollinear. Collinearity diagnostics tests using the Performance package (Lüdecke et al., 2021) supported this conclusion (Variance Inflation Factor, or VIF, for “number of accounts following the user” = 25.33, Increased SE = 5.03, Tolerance = 0.04; VIF for the “number of accounts the user followed” = 19.89, Increased SE = 4.46, Tolerance = 0.05). VIF measures how much the variance of a regression coefficient is inflated due to multicollinearity in the model. A VIF value that exceeds 5 or 10 indicates a problematic amount of collinearity (James et al., 2014). Therefore, we chose to use only the number of accounts the user followed in the subsequent glmer analyses, to represent social connectedness. This is statistically justified given that presence of multicollinearity implies that the information that the “number of accounts following the user” variable provided is redundant in the presence of the variable representing the “number of accounts the user followed” (Bruce & Bruce, 2017; James et al., 2014).
Polarization equation. In Table S4, we provide information about each component of the polarization equation and connect them to the corresponding sections of the R code. Table S5 then provides the results of exploratory logistic regression analyses, which predicted attendance from each component of the equation, respectively.

Table S4

Definitions of components of polarization equation plus key lines of R code, Study 1b

	Component
	Definition
	Interpretation
	Justification 
	Reference in Study 1b Method 
	Line in R code 
	Relevant lines of R Code
	Name of corresponding variables in R code 

	Sum scores 
	Sum scores for LIWC content (hereafter referred to as mobilizing content), by time period and topic
	Harm, Anger, Threat, and Collective Action raw LIWC scores added together for each user at each time point, for Brexit-relevant and general tweets, respectively.
	The sum scores are the total amount of mobilizing content a user posted. By including these sum scores for both grievance-relevant and general tweets, we can investigate the effect of the volume of mobilizing content a user posts on mobilization. 

	(1)
	50
	summary_indiv_liwc <- dd %>%
  pivot_longer(Anger:CollAction, names_to = "LIWC", values_to = "scores") %>%
  group_by(user_id,period,topic) %>%
  summarise(sum_scores = sum(scores))
	sum_t1_General,            sum_t1_Brexit,
sum_t2_General,
sum_t2_Brexit,

	Density 
	Sum scores of mobilizing content, divided by volume of tweets for that user, calculated separately for each time period and topic

	This can be interpreted as the mean LIWC score (or average density of keywords in the 4 target LIWC dictionaries) over all tweets for a user for the time period. The bigger the value is, the higher the average density of words in the LIWC dictionaries per tweet this user has during the time period. 
	The densities allow us to investigate the relationship between the intensity with which a user posts mobilizing content and their offline mobilization.

	(1)
	63
	summary_indiv$density_user <- summary_indiv$sum_scores / summary_indiv$volume
	density_user_12-10_months_General,
density_user_3-0_months_General,
density_user_12-10_months_Brexit,
density_user_3-0_months_Brexit

	Change in density 
	Change in density of mobilizing content from T1 - T2
	Change in density of mobilizing content in user’s Brexit-relevant or general tweets from T1 to T2. 
	This enabled us to investigate the relationship between increases in intensity of posting mobilizing content and offline mobilization.
	(2)
	71-77
	summary_indiv_change_density <- data.frame(
  user_id = summary_indiv_wide$user_id,
  change_density_general = summary_indiv_wide$`density_user_3-0_months_General` - summary_indiv_wide$`density_user_12-10_months_General`,
  change_density_brexit = summary_indiv_wide$`density_user_3-0_months_Brexit` - summary_indiv_wide$`density_user_12-10_months_Brexit`) %>%
  mutate(polarization_score_general= c(scale(change_density_general)), 
         polarization_score_brexit = c(scale(change_density_brexit)))
	change_density_brexit,
change_density_general



	Online polarization score
	Standardized change in density
	Standardizing the change in densities of mobilizing content at T1 and T2 provides an indication of users’ behaviour relative to other users in the sample. A higher value indicates higher changes in densities of mobilizing content in posts relative to the sample.
	This measure contextualizes individuals’ change in intensity of posting mobilizing content relative to other users. 
	(3)
	71-77
	summary_indiv_change_density <- data.frame(
  user_id = summary_indiv_wide$user_id,
  change_density_general = summary_indiv_wide$`density_user_3-0_months_General` - summary_indiv_wide$`density_user_12-10_months_General`,
  change_density_brexit = summary_indiv_wide$`density_user_3-0_months_Brexit` - summary_indiv_wide$`density_user_12-10_months_Brexit`) %>%
  mutate(polarization_score_general= c(scale(change_density_general)), 
         polarization_score_brexit = c(scale(change_density_brexit)))
	polarization_score_general,
polarization_score_brexit





Table S5 
Results of Exploratory Logistic Regression Analyses Predicting Attendance with each Component of the Online Polarization Equation, Study 1b (Users, N = 209, Tweets, n = 263,201).
	Predictor

	[bookmark: _Hlk519259703]ß 
	SE
	z
	p
	Odds Ratio

	Sum scores 
T1 Brexit
T2 Brexit
T1 General
T2 General
	
-1.31
0.58
1.04
-0.84 
	
1.13
0.63
0.76
0.56
	
-1.52
0.92
1.37
-1.51
	
.25
.36
.17
.13
	
0.27
1.78
2.84
0.43

	Density
T1 Brexit
T2 Brexit
T1 General
T2 General

	
-0.12
-0.08
0.28
-0.19
	
0.11
0.12
0.16 
0.16
	
-1.15
-0.63
1.73
-1.21
	
.25
.53
.08  
.23
	
0.89
0.93
1.32
0.83

	Change in density
Brexit 
General

	
0.04
-0.22
	
0.08  
0.13
	
0.44
-1.69
	
.66
.09
	
1.04
0.80



Note. Standardized sum scores, density, and change in density were entered into separate logistic regression models predicting attendance, together with the likes and accounts followed variables as per the original model reported in Study 1b Results. This is because the different components contain very similar information, and have conditional associations. 
