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Main Paper Supplemental Materials and Analyses

Table S1
Sample Characteristics by Condition 
	
	Discovery sample
	Validation sample

	Variable
	Fake + real news 
	Real news-only control
	Fake + real news 
	Real news-only control

	
	
	
	
	

	Sample (N)
)
	505
	127
	940
	236

	Female
	53.5%
	58.3%
	53.2%
	58.5%

	Age, mean (SD)
	48.2 (16.4)
	47.5 (17.3)
	48.3 (16.9)
	48.1 (16.5)

	Race
	
	
	
	

	    Black
	11.9%
	15.7%
	12.6%
	12.7%

	    White
	72.2%
	68.5%
	72.7%
	71.2%

	    Other
	15.9%
	15.7%
	14.8%
	16.1%

	Ethnicity
	
	
	
	

	    Hispanic
	13.3%
	12.6%
	12.8%
	11.9%

	    Not Hispanic
	86.7%
	87.4%
	87.2%
	88.1%

	Income, mean (SD)
	61.6 (47.2)
	54.7 (38.7)
	58.5 (45.5)
	60.8 (43.1)

	Education
	
	
	
	

	    No bachelor’s
	70.0%
	71.7%
	70.4%
	70.3%

	    Bachelor’s 
	30.0%
	28.3%
	29.6%
	29.7%

	Region
	
	
	
	

	    Midwest
	22.6%
	22.2%
	21.7%
	24.7%

	    Northeast
	18.5%
	21.4%
	18.4%
	19.6%

	    South
	36.3%
	31.7%
	36.5%
	34.0%

	    West
	22.6%
	24.6%
	23.3%
	21.7%

	 
	
	
	
	


Note. No significant differences at the p < .050 level were found by condition within the discovery and validation samples using t-tests for age and income and chi-square tests for percentages.  


Table S2
Breakdown of Party Affiliation by Stance on Trump 
	Partisanship
	Democrat
	Republican
	Ind./Other
	Total

	
	
	
	
	

	Discovery Sample (N = 632)

	Oppose Trump
	39.1%
	3.8%
	7.4%
	50.3%

	Support Trump
	4.9%
	28.6%
	3.8%
	37.3%

	Neither
	3.8%
	1.9%
	6.6%
	12.3%

	Total
	47.8%
	34.3%
	17.9%
	100.0%

	
	
	
	
	

	
	
	
	
	

	Validation Sample (N = 1176)

	Oppose Trump
	40.8%
	4.5%
	8.1%
	53.4%

	Support Trump
	2.9%
	30.8%
	4.0%
	37.7%

	Neither
	2.2%
	2.6%
	4.2%
	8.9%

	Total
	45.9%
	37.8%
	16.2%
	100.0%

	 
	
	
	
	



Note. “Ind./Other” party affiliation includes participants identified as independents, no party preference, or other party affiliation (e.g., Libertarian).  



Table S3
Wording of News Headline Stimuli 
	[bookmark: RANGE!C4:F16]Level
	Type
	Pro-Trump
	Anti-Trump

	1
	Real
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	Real
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	1
	Real
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	2
	Real
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	2
	Real
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	2
	Real
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	Level
	Type
	Pro-Trump
	Anti-Trump

	3
	Fake
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	3
	Fake
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	3
	Fake
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	4
	Fake
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	4
	Fake
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	4
	Fake
	
[image: ]
	
[image: ]




	Level
	Type
	Filler
	Filler

	-
	Real
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	-
	Real
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	-
	Real
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	Real
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Note. Level 1 headlines were selected from reputable news sources to be clearly true. Level 2 headlines were also true but chosen to be less obviously so. Level 3 headlines were created by the authors to be clearly fake, but not outrageously so. Level 4 headlines created by the authors to be outlandishly fake. Filler headlines were 


Key Findings Using Mixed Effects Models 
	We used linear mixed effects models to explore the robustness of our key pre-registered analyses that employed paired t-tests and difference scores in the main paper. As indicated in Table S3, the models corroborated each of these results in the main paper. The random effects structures included in each model comprised the maximal random effects structure that both converged and that yielded a superior fit over simpler models, as determined by log-likelihood tests using Maximum Likelihood (ML) estimation (Barr et al., 2014). These optimal random effect structures were consistent with and justified by the study design. For example, including a random slope for headline does not make sense.  
In each model, we implemented the following structures to evaluate the pre-registered individual effects. To assess the impact of headline truth (i.e., accuracy) on beliefs and sharing intentions, we predicted participants’ headline ratings (on a scale of 1-5) by the fixed effect of headline veracity (categorized as real or fake), with random intercepts for subjects and headlines. Similarly, to evaluate the influence of headline political concordance (i.e., partisan bias) on these same outcomes, participants’ ratings were predicted by the fixed effect of headline concordance (categorized as concordant or discordant), with random intercepts and slopes for subjects, and random intercepts for headlines. Additionally, to specifically test the effect of concordance-over-truth bias on beliefs and sharing, we analyzed the ratings for the subset of concordant fake headlines and discordant real headlinese. The ratings for these headlines were predicted by the fixed effect of the concordance-over-truth bias (categorized as concordant fake or discordant real), with random intercepts and slopes for subjects and random intercepts for headlines.  
	In addition to these individual models, we also employed two integrated models predicting headline ratings of belief and sharing intentions, respectively, by the fixed effects of headline truth, political concordance, and their interaction. In the integrated models, we included random intercepts for subjects and headlines to capture individual differences in baseline ratings and variation across headlines, as well as random slopes for subjects on both the headline truth and concordance variables to accommodate the individual variability in how participants' beliefs and sharing intentions were influenced by the veracity and political alignment of the headlines. This model structure was the maximal random effect structure that both converged and that yielded a superior fit over simpler models. 
	The integrated models allowed us to compare the relative main effects of headline truth and political concordance controlling for one another, as well as their interaction. In these models, we used contrast coding (-1, 1) for both predictors. For belief in headline veracity, as shown in the model output in Table S5, the main effect of political concordance (validation: b = 0.583, SE = 0.021; discovery: b = 0.550, SE = 0.027) was 2.2x greater than the main effect of headline truth (validation: b = 0.260, SE = 0.055; discovery: b = 0.247, SE = 0.062) in both samples. For intentions to share headlines, as shown in Table S6, the effect of political concordance (validation: b = 0.335, SE = 0.016; discovery: b = 0.315, SE = 0.022) was 3.7x and 3.4x greater than the effect of headline truth (validation: b = 0.091, SE = 0.035; discovery: b = 0.094, SE = 0.038) in the validation and discovery samples, respectively. 
	The integrated models additionally allowed us to evaluate the robustness of our finding that resistance to true partisan news was greater than susceptibility to fake partisan news, by testing the significance of the headline truth by political concordance interaction. In other words, was the effect of partisan bias greater amongst real headlines (i.e., resistance to truth) than it was amongst fake headlines (i.e., susceptibility to falsehood)? For belief in headline veracity, we find a significant interaction in both the validation and discovery samples, such that the significant effects of political concordance (i.e., partisan bias) were greater among real headlines (validation: b = 1.266, SE = 0.047; discovery: b = 1.171, SE = 0.062) than among fake headlines (validation: b = 1.065, SE = 0.047; discovery: b = 1.030, SE = 0.062). For intentions to share headlines, we find a significant interaction in the validation sample (though not in the discovery sample) in the same direction, such that the significant effects of political concordance (i.e., partisan bias) were again greater among real headlines (validation: b = 0.724, SE = 0.038; discovery: b = 0.659, SE = 0.053) than among fake headlines (validation: b = 0.615, SE = 0.038; discovery: b = 0.602, SE = 0.053).	

Table S4
Comparison of Findings Using Paired T-Tests and Mixed Effects Models
	
	Paired t-test
	
	Mixed effects model

	Variable
	b
	95% CI
	t
	p
	
	b
	95% CI
	t
	p

	
	
	
	
	
	
	
	
	
	

	Validation Sample

	Belief
	
	
	
	
	
	
	
	
	

	    Accuracy
	0.51
	[0.46, 0.56]
	20.68
	< .001
	
	0.51
	[0.28, 0.74]
	4.31
	< .001

	    Partisan bias
	1.17
	[1.09, 1.25]
	28.57
	< .001
	
	1.17
	[1.08, 1.25]
	28.04
	< .001

	    Conc-over-truth
	0.65
	[0.56, 0.75]
	13.50
	< .001
	
	0.64
	[0.35, 0.93]
	4.34
	< .001

	Sharing
	
	
	
	
	
	
	
	
	

	    Accuracy
	0.18
	[0.14, 0.22]
	8.23
	< .001
	
	0.18
	[0.05, 0.31]
	2.70
	.013

	    Partisan bias
	0.66
	[0.60, 0.72]
	20.48
	< .001
	
	0.67
	[0.61, 0.73]
	20.71
	< .001

	    Conc-over-truth
	0.48
	[0.40, 0.55]
	12.74
	< .001
	
	0.47
	[0.28, 0.67]
	4.75
	< .001

	 
	 
	 
	 
	 
	 
	 
	 
	 
	 

	
	
	
	
	
	
	
	
	
	

	Discovery Sample

	Belief
	
	
	
	
	
	
	
	
	

	    Accuracy
	0.49
	[0.43, 0.56]
	15.06
	< .001
	
	0.48
	[0.24, 0.73]
	3.85
	< .001

	    Partisan bias
	1.10
	[1.00, 1.21]
	20.52
	< .001
	
	1.10
	[0.99, 1.21]
	20.29
	< .001

	    Conc-over-truth
	0.60
	[0.48, 0.73]
	9.59
	< .001
	
	0.60
	[0.29, 0.92]
	3.72
	 .001

	Sharing
	
	
	
	
	
	
	
	
	

	    Accuracy
	0.16
	[0.10, 0.22]
	5.47
	< .001
	
	0.17
	[0.03, 0.31]
	2.34
	.030

	    Partisan bias
	0.62
	[0.53, 0.71]
	14.00
	< .001
	
	0.63
	[0.54, 0.72]
	14.07
	< .001

	    Conc-over-truth
	0.44
	[0.34, 0.54]
	8.54
	< .001
	
	0.45
	[0.25, 0.65]
	4.44
	< .001

	 
	 
	 
	 
	 
	 
	 
	 
	 
	 



Note. Accuracy = ratings of real headlines minus fake headlines (i.e., the effect of truth). Partisan bias = ratings of concordant headlines minus discordant headlines (i.e., the effect of political concordance). Conc-over-truth = ratings of concordant fake headlines minus discordant real headlines (i.e., the mathematical equivalence to the effect of political concordance minus the effect of truth, or concordance-over-truth bias). Mixed effects models for accuracy in belief and accuracy in sharing include random intercepts for subjects and headlines. Mixed effects models for partisan bias and concordance-over-truth bias include random intercepts and slopes for subjects as well as random intercepts for headlines.   


Table S5
Integrated Linear Mixed Effects Model Predicting Ratings of Headline Veracity 
	
	Validation sample
	
	Discovery sample

	Variable
	Coeff.
	SE
	t
	p
	
	Coeff.
	SE
	t
	p

	
	
	
	
	
	
	
	
	
	

	Fixed effects

	(Intercept)
	2.690
	0.060
	44.90
	< .001
	
	2.737
	0.071
	38.68
	< .001

	Truth
	0.260
	0.055
	4.71
	< .001
	
	0.247
	0.062
	3.98
	   .001

	Concordance
	0.583
	0.021
	28.07
	< .001
	
	0.550
	0.027
	20.33
	< .001

	Truth x Concordance
	0.050
	0.011
	4.44
	< .001
	
	0.035
	0.015
	2.29
	   .022

	 
	 
	 
	 
	 
	 
	 
	 
	 
	 

	
	
	
	
	
	
	
	
	
	

	Random Effects

	Variance components
	
	
	
	
	
	
	
	
	

	  Subject
	
	
	
	
	
	
	
	
	

	     (Intercept) 
	0.506
	(0.712)
	
	
	
	0.531
	(0.728)
	
	

	     Truth (slope)
	0.032
	(0.178)
	
	
	
	0.035
	(0.186)
	
	

	     Concordance (slope)
	0.254
	(0.504)
	
	
	
	0.216
	(0.465)
	
	

	  Headline
	
	
	
	
	
	
	
	
	

	     (Intercept) 
	0.069
	(0.262)
	
	
	
	0.085
	(0.291)
	
	

	  Residual
	0.851
	(0.923)
	
	
	
	0.825
	(0.908)
	
	

	Groups
	
	
	
	
	
	
	
	
	

	    Subjects
	862
	
	
	
	
	442
	
	
	

	    Headlines
	24
	
	
	
	
	24
	
	
	

	Observations
	6893
	
	
	
	
	3535
	
	
	

	 
	 
	 
	 
	 
	 
	 
	 
	 
	 



Note. Truth = whether the headlines are real versus fake. Concordance = whether the headlines are concordant versus discordant. The effect of concordance is 2.2x greater than the effect of truth in both the validation and discovery samples when controlling for each other as well as their interaction. The estimates for the random effects include are the estimated variances along with the standard deviations in parentheses. The random effect structure includes the maximal model that both converged and that yielded a superior fit over simpler models, as determined by log-likelihood tests using Maximum Likelihood (ML) estimation.   


Table S6
Integrated Linear Mixed Effects Model Predicting Ratings of Headline Sharing 
	
	Validation sample
	
	Discovery sample

	Variable
	Coeff.
	SE
	t
	p
	
	Coeff.
	SE
	t
	p

	
	
	
	
	
	
	
	
	
	

	Fixed effects

	(Intercept)
	2.184
	0.049
	44.81
	< .001
	
	2.269
	0.061
	37.37
	< .001

	Truth
	0.091
	0.035
	2.57
	   .018
	
	0.094
	0.038
	2.50
	   .021

	Concordance
	0.335
	0.016
	20.69
	< .001
	
	0.315
	0.022
	14.08
	< .001

	Truth x Concordance
	0.027
	0.010
	2.72
	   .007
	
	0.014
	0.014
	1.00
	   .317

	 
	 
	 
	 
	 
	 
	 
	 
	 
	 

	
	
	
	
	
	
	
	
	
	

	Random effects

	Variance components
	
	
	
	
	
	
	
	
	

	  Subject
	
	
	
	
	
	
	
	
	

	     (Intercept) 
	0.993
	(0.997)
	
	
	
	1.016
	(1.008)
	
	

	     Truth (slope)
	0.021
	(0.143)
	
	
	
	0.017
	(0.132)
	
	

	     Concordance (slope)
	0.135
	(0.368)
	
	
	
	0.129
	(0.359)
	
	

	  Headline
	
	
	
	
	
	
	
	
	

	     (Intercept) 
	0.027
	(0.164)
	
	
	
	0.028
	(0.167)
	
	

	  Residual
	0.673
	(0.821)
	
	
	
	0.719
	(0.848)
	
	

	Groups
	
	
	
	
	
	
	
	
	

	    Subjects
	862
	
	
	
	
	442
	
	
	

	    Headlines
	24
	
	
	
	
	24
	
	
	

	Observations
	6892
	
	
	
	
	3534
	
	
	

	 
	 
	 
	 
	 
	 
	 
	 
	 
	 



Note. Truth = whether the headlines are real versus fake. Concordance = whether the headlines are concordant versus discordant. The effect of concordance is 3.7x and 3.4x greater than the effect of truth in the validation and discovery samples, respectively, when controlling for each other as well as their interaction. The estimates for the random effects include are the estimated variances along with the standard deviations in parentheses. The random effect structure includes the maximal model that both converged and that yielded a superior fit over simpler models, as determined by log-likelihood tests using Maximum Likelihood (ML) estimation.   


Table S7
Concordance-Over-Truth Bias Effect Sizes in Validation Sample
	
	Veracity
	
	Sharing

	Variable
	d
	95% CI
	t
	df
	
	d
	95% CI
	t
	df

	
	
	
	
	
	
	
	
	
	

	Cognitive reflection
	
	
	
	
	
	
	
	
	

	    Low CRT
	0.40
	[0.31, 0.49]
	8.32
	859
	
	0.41
	[0.31, 0.50]
	8.84
	859

	    High CRT
	0.52
	[0.43, 0.61]
	10.86
	859
	
	0.46
	[0.37, 0.55]
	9.60
	859

	Education
	
	
	
	
	
	
	
	
	

	    No bachelor's 
	0.46
	[0.37, 0.54]
	11.18
	599
	
	0.44
	[0.35, 0.52]
	10.69
	598

	    Bachelor's 
	0.47
	[0.34, 0.60]
	7.56
	260
	
	0.43
	[0.30, 0.56]
	6.96
	261

	    Advanced
	0.57
	[0.35, 0.78]
	5.57
	96
	
	0.56
	[0.34, 0.77]
	5.48
	96

	Gender
	
	
	
	
	
	
	
	
	

	    Women
	0.56
	[0.46, 0.66]
	11.98
	459
	
	0.44
	[0.34, 0.53]
	9.38
	458

	    Men
	0.36
	[0.26, 0.46]
	7.20
	400
	
	0.43
	[0.33, 0.53]
	8.61
	401

	Age
	
	
	
	
	
	
	
	
	

	    Young (18-35)
	0.41
	[0.28, 0.54]
	6.51
	247
	
	0.43
	[0.30, 0.56]
	6.75
	248

	    Middle (36-55)
	0.44
	[0.32, 0.56]
	7.47
	284
	
	0.41
	[0.29, 0.53]
	6.86
	283

	    Older (> 55)
	0.51
	[0.39, 0.62]
	9.21
	327
	
	0.46
	[0.35, 0.58]
	8.41
	327

	Race, Ethnicity
	
	
	
	
	
	
	
	
	

	    White
	0.47
	[0.39, 0.55]
	11.72
	628
	
	0.46
	[0.38, 0.54]
	11.48
	629

	    Black
	0.31
	[0.11, 0.50]
	3.18
	106
	
	0.30
	[0.11, 0.50]
	3.09
	105

	    Hispanic
	0.48
	[0.28, 0.68]
	4.95
	105
	
	0.51
	[0.31, 0.71]
	5.25
	105

	Income
	
	
	
	
	
	
	
	
	

	    Low (< 30k)
	0.47
	[0.34, 0.59]
	7.62
	267
	
	0.41
	[0.29, 0.54]
	6.70
	266

	    Middle (30-85k)
	0.46
	[0.35, 0.57]
	8.80
	369
	
	0.45
	[0.35, 0.56]
	8.71
	369

	    High (> 85k)
	0.46
	[0.32, 0.60]
	6.83
	222
	
	0.44
	[0.30, 0.57]
	6.52
	223

	Stance on Trump
	
	
	
	
	
	
	
	
	

	    Trump supporters
	0.46
	[0.36, 0.58]
	8.71
	350
	
	0.52
	[0.41, 0.63]
	9.71
	351

	    Trump opposers
	0.46
	[0.37, 0.55]
	10.31
	509
	
	0.38
	[0.29, 0.47]
	8.47
	508

	 
	 
	 
	 
	 
	 
	 
	 
	 
	 



Note. All effects significant at p < .001, except for ratings by Black respondents of veracity (p = .002) and sharing (p = .003). For veracity and sharing, participants rated how likely it was that the events described in the headline and caption were true, and how likely they were to share the article with friends or family participants (both items: 1 = not at all likely, 5 = extremely likely). Cohen’s d effect sizes for paired sample. CI = confidence interval; CRT = cognitive reflection test scores; Low and high CRT effect sizes estimated with regression models for participants at 1 SD above and below the mean, respectively; Advanced education = master’s and doctoral degrees.
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Figure S1. Predictors of partisan bias (i.e., the effect of political concordance) for perceived headline veracity in the validation and discovery samples, represented with bivariate correlations and standardized beta coefficients in multiple regression. Extreme Trump views = shorthand for our extreme partisan views about Trump measure that included participants’ ratings of Donald Trump on 11 extreme attributes and possible behaviors; One-sided trust = one-sided media trust; One-sided news = one-sided television and online news consumption; One-sided radio = one-sided radio consumption. All variance inflation factors in multiple regression < 2.06. Sample sizes: validation N = 859; discovery N = 439. Error bars represent 95% confidence intervals.
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Figure S2. Predictors of partisan bias (i.e., the effect of political concordance) for reported likelihood of sharing headlines in the validation and discovery samples, represented with bivariate correlations and standardized beta coefficients in multiple regression. Extreme Trump views = shorthand for our extreme partisan views about Trump measure that included participants’ ratings of Donald Trump on 11 extreme attributes and possible behaviors; One-sided trust = one-sided media trust; One-sided news = one-sided television and online news consumption; One-sided radio = one-sided radio consumption. All variance inflation factors in multiple regression < 2.05. Sample sizes: validation N = 859; discovery N = 438. Error bars represent 95% confidence intervals.
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Figure S3. Predictors of accurate truth discernment (ratings of real minus fake headlines) for perceived veracity in the validation and discovery samples, represented with bivariate correlations and standardized beta coefficients in multiple regression. Extreme Trump views = shorthand for our extreme partisan views about Trump measure that included participants’ ratings of Donald Trump on 11 extreme attributes and possible behaviors; One-sided trust = one-sided media trust; One-sided news = one-sided television and online news consumption; One-sided radio = one-sided radio consumption. All variance inflation factors in multiple regression < 2.06. Sample sizes: validation N = 859; discovery N = 439. Error bars represent 95% confidence intervals.
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Figure S4. Predictors of accuracy in reported intentions to share (real minus fake headlines) in the validation and discovery samples, represented with bivariate correlations and standardized beta coefficients in multiple regression. Extreme Trump views = shorthand for our extreme partisan views about Trump measure that included participants’ ratings of Donald Trump on 11 extreme attributes and possible behaviors; One-sided trust = one-sided media trust; One-sided news = one-sided television and online news consumption; One-sided radio = one-sided radio consumption. All variance inflation factors in multiple regression < 2.05. Sample sizes: validation N = 859; discovery N = 438. Error bars represent 95% confidence intervals.


Spotlight Analyses of Asymmetries 
	In the main paper, we addressed the potential confound of Trump supporters being stronger in their support than Trump opposers were in their opposition by conducting a spotlight analysis to compare Trump supporters and Trump opposers at the same level of moderate partisan strength. We carried out this analysis using multiple regression models to utilize the full data, separately predicting each standardized bias variable by the two-way interaction of partisan strength  stance on Trump, where partisan strength was centered at the spotlight point of interest (e.g., moderate partisan strength). For partisan strength, we reverse-coded our stance on Trump variable for Trump opposers such that 5 = low partisan strength, 6 = moderate partisan strength, and 7 = high partisan strength, whether participants supported or opposed Trump. We used dummy coding for stance on Trump and computed the standardized means from the coefficient estimates of the intercepts in each model of the predicted bias variables for Trump supporters and Trump opposers at the respective levels of partisan strength
	As shown in Figure S5, the standardized means of the bias variables were lower at low levels of partisan strength and higher at high levels of partisan strength, reflecting positive correlations between our measures of bias and partisan strength (range: r = .09 to r = .42). Although Trump supporters did not exhibit greater bias on every variable across both samples, for partisans with moderate and high levels of partisan strength, in particular, Trump supporters appeared on the whole to exhibit greater non-normative news judgments, objectivity illusion, one-sided media consumption, and one-sided trust than did Trump opposers. 
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Figure S5. Spotlight analyses of asymmetries between Trump supporters and Trump opposers across validation and discovery samples. Left, center, and right-side panels include differences in standardized means at low (partisan strength = 5), moderate (partisan strength = 6), and high (partisan strength = 7) amounts of Trump support and opposition using multiple regression. One-sided radio = one-sided radio consumption; One-sided news = one-sided television and online news consumption. Sample sizes from regression models: validation N = 859-862; discovery N = 440-442.Error bars represent ±1 SEM.



Table S8
Differences in Partisan Bias and Concordance-Over-Truth Bias by Type of Partisan Support
	
	Validation Sample
	
	Discovery Sample

	Type of support
	d
	95% CI
	t
	p
	
	d
	95% CI
	t
	p

	
	
	
	
	
	
	
	
	
	

	Partisan bias

	
	
	
	
	
	
	
	
	
	

	Belief
	
	
	
	
	
	
	
	
	

	   Trump stance
	0.97
	[0.89, 1.06]
	28.57
	< .001
	
	0.98
	[0.89, 1.09]
	20.52
	< .001

	   Party affiliation
	0.82
	[0.74, 0.90]
	22.71
	< .001
	
	0.77
	[0.66, 0.88]
	15.78
	< .001

	Sharing
	
	
	
	
	
	
	
	
	

	   Trump stance
	0.70
	[0.62, 0.77]
	20.48
	< .001
	
	0.67
	[0.56, 0.77]
	14.00
	< .001

	   Party affiliation
	0.65
	[0.57, 0.73]
	18.00
	< .001
	
	0.56
	[0.46, 0.67]
	11.50
	< .001

	\ 
	 
	 
	 
	 
	 
	 
	 
	 
	 

	Concordance-over-truth bias

	
	
	
	
	
	
	
	
	
	

	Belief
	
	
	
	
	
	
	
	
	

	   Trump stance
	0.46
	[0.39, 0.53]
	13.50
	< .001
	
	0.46
	[0.36, 0.55]
	9.59
	< .001

	   Party affiliation
	0.35
	[0.28, 0.42]
	9.77
	< .001
	
	0.29
	[0.19, 0.39]
	5.91
	< .001

	Sharing
	
	
	
	
	
	
	
	
	

	   Trump stance
	0.43
	[0.36, 0.50]
	12.74
	< .001
	
	0.41
	[0.31, 0.50]
	8.54
	< .001

	   Party affiliation
	0.40
	[0.33, 0.47]
	11.12
	< .001
	
	0.31
	[0.21, 0.41]
	6.27
	< .001

	\ 
	 
	 
	 
	 
	 
	 
	 
	 
	 



Note. Cohen’s dz effect sizes for paired sample. CI = confidence interval; Trump stance = splitting partisans by their support or opposition for Trump; Party affiliation = splitting partisans by their party allegiance (Democrat vs. Republican). 




Differential Response to Trump’s Character vs. Performance in Headlines 
The majority of our fake headlines (9 of 12) concerned Trump's personal morality – i.e., character-related information about whether he is a good or bad person – whereas all our real headlines focused on Trump’s performance and policies as president. A post-hoc analysis examining the effect of political concordance (i.e., partisan bias) as a function of whether the fake headlines were character or performance-related yielded mixed results. In our discovery sample, partisan bias was more pronounced for performance-based fake headlines than for the character-based ones, Mdiff = 0.31, 95% CI = [0.14, 0.48], t(307) = 3.60, p < .001, d = 0.21. However, this pattern did not replicate in the validation sample, Mdiff = 0.08, 95% CI = [-0.04, 0.20], t(608) = 1.34, p = .180, d = 0.05. Moreover, partisan bias was robust in assessments of both real and fake news (d = 0.87 and d = 0.83, respectively), and was indeed slightly more pronounced for the real headlines, which primarily emphasized performance-based content. 
While we tentatively conclude that there is limited evidence of differing responses to character-based versus performance-based headlines, the trends suggest a possible elevated partisan bias for performance-based headlines. We recognize the need for future research to definitively explore this pattern. Our suspicion is that partisan bias tends to intensify in domains where partisan divisions are already pronounced. In line with this speculation, survey research suggests that the disparity between Trump supporters and opposers primarily lies in their evaluations of Trump's performance rather than his character (Newport, 2017; Pew Research Center, 2018).
Discovery Sample Analyses
	We first discuss the nature of the exploratory analyses that we conducted on our discovery sample. We then report herein the discovery sample findings that were reported just for the validation sample in the main paper. In reporting these discovery sample findings, we exclude findings already reported in the main paper. 
Nature of the Exploratory Analyses
	We conducted extensive exploratory analyses on our discovery sample to generate novel hypotheses for a preregistered analysis plan to test on the hold-out validation sample. For example, when analyzing predictors of partisan bias, accurate truth discernment, and concordance-over-truth bias for belief and intention to share headlines, we explored all possible interactions of our predictor variables, including objectivity illusion, bias blindspot, cognitive reflection, our one-sided media consumption measures, social media consumption, extreme partisan views about Trump, partisan stance, and demographic characteristics such as education level, gender, age, and race. In constructing our variables, we also explored a number of different ways to calculate our one-sided media consumption variables. 
When exploring the effects of our fake and real news condition compared to the real news-only condition, we analyzed the effects on all individual items of our extreme partisan views about Trump and multiple combinations thereof based on effect sizes, principal component analyses, and theoretical groupings to construct our composite measure. We explored all possible interactions of condition with the predictor variables mentioned above on our measure of extreme partisan views about Trump, and also explored the effects of condition on all other measured variables. When exploring headline recall, we analyzed the interactions between concordance and veracity, as well as the relationships between recall and other constructs including accurate truth discernment, partisan bias, reported online emoticon reactions, and interest in the headlines. Finally, we also conducted exploratory analyses using a signal detection theory framework, reported below. 
Manipulation Checks: The Effect of Headline Truth
Paired t-tests revealed that participants rated real headlines (M = 2.95, SD = 0.86) as significantly more likely to be true than fake headlines (M = 2.46, SD = 0.92), Mdiff = 0.49, 95% CI = [0.43, 0.56], t(503) = 15.06, p < .001, d = 0.67. Within the fake headlines, participants rated our less outlandish fake level 3 headlines as more likely to be true (M = 2.80, SD = 1.00) than the relatively far-fetched fake level 4 headlines (M = 2.11, SD = 1.07), Mdiff = 0.70, 95% CI = [0.61, 0.78], t(504) = 16.25, p < .001, d = 0.72. Within the real headlines, participants did not rate our level 1 headlines (M = 2.92, SD = 0.95) – that we had selected to be more obviously true – as more likely to be true than the level 2 real headlines (M = 2.98, SD = 0.97), Mdiff = -0.05, 95% CI = [-0.13, 0.02], t(503) = -1.44, p = .150, d = -0.06. The effect of truth (i.e., accuracy) was greater when comparing ratings of our real headlines to our more far-fetched fake level 4 headlines (Mdiff = 0.84, SD = 0.96) than to our less outlandish fake level 3 headlines (Mdiff = 0.14, SD = 0.79), d = 0.72, 95% CI = [0.63, 0.82], t(503) = 19.74, p < .001. 
As evidence suggesting that our manipulation of headline valence (pro- vs. anti-Trump) was independent of our manipulation of headline veracity, neutral participants did not rate positive headlines for Trump (M = 2.51, SD = 0.88) as significantly more or less likely to be true than negative headlines for Trump (M = 2.52, SD = 1.00), Mdiff = 0.00, 95% CI = [-0.18, 0.18], t(62) = -0.04, p = .965, d = -0.01. 
Veracity Judgments
Paired t-tests revealed that participants in the discovery sample rated politically concordant headlines (M = 3.28, SD = 0.97) as more likely to be true than politically discordant headlines (M = 2.18, SD = 0.99), Mdiff = 1.10, 95% CI = [1.00, 1.21], d = 0.98. This effect of political concordance (Mdiff = 1.10, SD = 1.13) was larger than the effect of actual headline truth (Mdiff = 0.49, SD = 0.74) – evidence of a “concordance-over-truth” bias, d = 0.45, 95% CI = [0.36, 0.55]. Put another way, the standardized effect of political concordance was 1.5 times greater than that of headline truth. This comparison indicates that participants rated fake, ideologically concordant headlines as significantly more likely to be true than real, ideologically discordant headlines. 
Effect sizes for this index of concordance-over-truth bias were in the small to medium range (d = 0.20 to 0.56) for participants both low and high in cognitive reflection and also for participants without bachelor’s degrees, with bachelor’s degrees, and even with advanced degrees, as well as across gender, age, race, income, and Trump support (see Table S4, left panel). The effect of political concordance was greater for the less outlandish fake level 3 headlines (Mdiff = 1.20, SD = 1.61) than the more far-fetched fake level 4 headlines (Mdiff = 0.88, SD = 1.51), d = 0.17, 95% CI = [0.08, 0.27], t(441) = 3.59, p < .001. Attesting to the magnitude of the finding, participants still rated the most far-fetched fake level 4 ideologically concordant headlines as more likely to be true than real ideologically discordant headlines overall, d = 0.11, 95% CI = [0.01, 0.20]. 
Sharing Headlines
The same pattern of biases was also evident in participants’ ratings for how likely they were to share the news headline articles with friends or family. In paired t-tests, participants reported being more likely to share concordant headlines (M = 2.58, SD = 1.22) than discordant headlines (M = 1.95, SD = 1.08), Mdiff = 0.62, 95% CI = [0.53, 0.71], d = 0.67. This effect of concordance (Mdiff = 0.62, SD = 0.93) was again stronger than the effect of actual headline truth on reported intentions to share (Mdiff = 0.16, SD = 0.65) – a concordance-over-truth bias in sharing headlines, d = 0.41, 95% CI = [0.31, 0.50]. Put another way, the standardized effect of political concordance was 3.4 times greater than that of headline truth. This effect was similarly robust (ds = 0.23 to 0.51) across cognitive reflection, education level, gender, age, race, and income (see Table S4, right panel). Participants also indicated they would be more likely to share the most outlandish fake level 4 concordant headlines (M = 2.30, SD = 1.49) than the real discordant headlines (M = 2.03, SD = 1.17), Mdiff = 0.27, 95% CI = [0.15, 0.39], d = 0.21. 


Table S9
Concordance-Over-Truth Bias Effect Sizes in Discovery Sample
	
	Veracity
	
	Sharing

	Variable
	d
	95% CI
	t
	df
	
	d
	95% CI
	t
	df

	
	
	
	
	
	
	
	
	
	

	Cognitive reflection
	
	
	
	
	
	
	
	
	

	    Low CRT
	0.45
	[0.32, 0.59]
	6.63
	440
	
	0.38
	[0.24, 0.51]
	5.51
	439

	    High CRT
	0.46
	[0.33, 0.59]
	6.95
	440
	
	0.43
	[0.30, 0.56]
	6.57
	439

	Education
	
	
	
	
	
	
	
	
	

	    No bachelor's 
	0.48
	[0.36, 0.60]
	8.36
	305
	
	0.43
	[0.32, 0.55]
	7.57
	304

	    Bachelor's 
	0.40
	[0.23, 0.58]
	4.65
	134
	
	0.34
	[0.17, 0.52]
	3.99
	134

	    Advanced
	0.35
	[0.08, 0.63]
	2.60
	53
	
	0.22
	[-0.05, 0.50]
	1.65
	53

	Gender
	
	
	
	
	
	
	
	
	

	    Women
	0.62
	[0.48, 0.76]
	9.67
	241
	
	0.51
	[0.37, 0.64]
	7.88
	240

	    Men
	0.28
	[0.14, 0.42]
	3.96
	199
	
	0.29
	[0.15, 0.43]
	4.10
	199

	Age
	
	
	
	
	
	
	
	
	

	    Young (18-35)
	0.20
	[0.01, 0.38]
	2.12
	117
	
	0.32
	[0.14, 0.51]
	3.52
	117

	    Middle (36-55)
	0.66
	[0.49, 0.83]
	8.29
	159
	
	0.47
	[0.31, 0.64]
	5.96
	159

	    Older (> 55)
	0.47
	[0.31, 0.63]
	5.97
	163
	
	0.40
	[0.25, 0.57]
	5.17
	162

	Race, Ethnicity
	
	
	
	
	
	
	
	
	

	    White
	0.44
	[0.32, 0.55]
	7.78
	319
	
	0.44
	[0.32, 0.55]
	7.83
	318

	    Black
	0.56
	[0.27, 0.86]
	4.05
	51
	
	0.28
	[0.00, 0.56]
	2.01
	51

	    Hispanic
	0.45
	[0.19, 0.73]
	3.49
	58
	
	0.36
	[0.10, 0.63]
	2.76
	58

	Income
	
	
	
	
	
	
	
	
	

	    Low (< 30k)
	0.52
	[0.34, 0.71]
	5.91
	128
	
	0.43
	[0.25, 0.61]
	4.86
	128

	    Middle (30-85k)
	0.43
	[0.28, 0.58]
	5.93
	187
	
	0.44
	[0.29, 0.59]
	6.04
	186

	    High (> 85k)
	0.42
	[0.24, 0.61]
	4.72
	124
	
	0.33
	[0.15, 0.51]
	3.66
	124

	Stance on Trump
	
	
	
	
	
	
	
	
	

	    Trump supporters
	0.37
	[0.23, 0.52]
	5.20
	193
	
	0.40
	[0.26, 0.55]
	5.59
	192

	    Trump opposers
	0.52
	[0.39, 0.65]
	8.19
	247
	
	0.41
	[0.28, 0.54]
	6.46
	247

	 
	 
	 
	 
	 
	 
	 
	 
	 
	 



Note. For veracity and sharing, participants rated how likely it was that the events described in the headline and caption were true, and how likely they were to share the article with friends or family participants (both items: 1 = not at all likely, 5 = extremely likely). Cohen’s d effect sizes for paired sample. CI = confidence interval. CRT = Cognitive Reflection Test. Low and high CRT effect sizes estimated with regression models for participants at 1 SD above and below the mean, respectively. Advanced education = master’s and doctoral degrees. 



Predictors of Non-Normative News Judgments
In addition to the bivariate correlations and multiple regression coefficients of predictors of concordance-over-truth bias reported in the main paper, in our discovery analyses we also found a three-way interaction between objectivity illusion, one-sided radio bias, and cognitive reflection in predicting concordance-over-truth bias in veracity ratings, β = -0.12, 95% CI = [-0.21, -0.04], t(434) = -2.85, p = .005. For simple effects tests, we estimated values with a regression model for participants at 1 SD above and below the mean on the predictor, which we term “high” and “low,” respectively. Unpacking the interaction, we found a simple effect such that the predicted level of concordance-over-truth bias was particularly strong among participants high in objectivity illusion, high in one-sided radio bias, and low in cognitive reflection, d = 1.11, 95% CI = [0.91, 1.31]. This level of concordance-over-truth bias was significantly greater than the overall mean level of concordance-over-truth bias, comparison: d = 0.65, 95% CI = [0.45, 0.86], t(434) = 6.35, p < .001. However, the three-way interaction did not replicate in the validation sample, as reported in the main paper. 
Selective Accuracy
In the main paper we reported that greater cognitive reflection predicted greater accurate truth discernment primarily when people were motivated to be accurate, a phenomenon we described as “selective accuracy.” Here we provide the details for the relationships found retrospectively in the discovery sample. Cognitive reflection (i.e., CRT performance) was positively correlated to accuracy in headline veracity ratings, r = .12, 95% CI = [.04, .21] and yet it was also marginally positively correlated with partisan bias in headline veracity ratings, r = .08, 95% CI = [-.01, .17], p = .087. To resolve this paradox, we first assessed the relationship of CRT performance with convenient accuracy, or the ability to discern real concordant from fake discordant headlines, which we found to be positive, r = .13, 95% CI = [.04, .22]. Next, we assessed the relationship of CRT performance with inconvenient accuracy, or the ability to discern real, discordant from fake, concordant headlines, which we found to be negligible, r = -.00, 95% CI = [-.10 .09]. As reported in the main paper, we then found the difference in strength of these relationships to be marginally significant.
Recall 
Of the 16 headlines viewed, participants recalled a greater number of the eight political headlines (M = 1.56, SD = 1.36) than the eight filler non-political headlines (M = 1.20, SD = 1.20), Mdiff = 0.36, 95% CI = [0.24, 0.48], d = 0.26. Using a paired t-test, we found that participants recalled significantly more fake (M = 1.05, SD = 0.94) than real headlines (M = 0.58, SD = 0.78), Mdiff = 0.47, 95% CI = [0.37, 0.57], d = 0.44. Exploring the robustness of this effect using a logistic mixed effects model with subjects and headlines as random intercept effects, participants recalled more fake than real headlines even when controlling for their reported interest in the headlines, their reported frequency of reading similar headlines, and whether they indicated they would react online with a surprise or laughter emoticon or not to the headlines OR = 2.12, 95% CI = [1.46, 3.08], z = 3.94, p < .001. The effect of fake news on recall was found when comparing recall of real headlines to both the far-fetched fake level 4 headlines, OR = 2.82, 95% CI = [1.87, 4.25], z = 4.97, p < .001, and the less outlandish fake level 3 headlines, OR = 1.59, 95% CI = [1.05, 2.41], z = 2.18, p = .029. 
Participants did not recall more politically concordant headlines (M = 0.84, SD = 0.85) than discordant headlines (M = 0.79, SD = 0.85), Mdiff = 0.05, 95% CI = [-0.04, 0.15], t(441) = 1.12, p = .265, d = 0.05. Nor did we find an interaction between headline political concordance and truth, OR = 0.98, 95% CI [0.69, 1.39], z = -0.12, p = .902.


Causal Effects of Fake News
Participants in the fake + real news condition, compared to those in the real news-only control condition, reported greater extreme partisan views about Trump, d = 0.21, 95% CI = [0.01, 0.42]. In a multivariate regression model including a two-way interaction between condition and bias blindspot, we found the simple effect of condition to be strong among participants high in bias blindspot d = 0.38, 95% CI = [0.11, 0.64]. Further, in a model including a four-way interaction between condition, bias blindspot, one-sided radio consumption, and cognitive reflection, we found the simple effect of condition to be especially strong among participants high in bias blindspot, high in one-sided radio consumption, and low in cognitive reflection, d = 0.72, 95% CI = [0.31, 1.14]. Participants in the fake + real news condition also exhibited lower cognitive reflection than participants in the real news-only control, d = -0.20, 95% CI = [-0.40, -0.01]. The above condition effects were all largely unchanged when also controlling for age, gender, and race. 
Signal Detection Theory Approach
	The following analyses build on the work of Batailler et al. (2021), who used a signal detection theory (SDT) framework to re-analyze the data from past studies on judgements of fake and real news (Pennycook et al., 2018; Pennycook & Rand, 2019). We first provide a background summary of how an SDT framework can be applied to the study of judgements of fake and real news. Thereafter, we report the findings of applying an SDT framework to our data and the ways they replicate and differ from Batailler et al. (2021). 
Background
	SDT was developed to evaluate people’s ability to accurately differentiate between two types of stimuli, typically comprised of signals and noise (Green & Swets, 1966). People’s binary responses to such binary stimuli are classified into four categories (Figure S6, left panel). To apply this framework to the present research, real news would constitute the presence of a true stimuli, and fake news would constitute the absence of a true stimuli (Figure S6, right panel). One way to assess people’s ability to judge the news would be to look at the hit rate, or the proportion of trials where people correctly judge a real headline to be a read headline. However, the assessment of people’s judgments also needs to account for the false alarm rate, or the proportion of trials where people incorrectly judge a fake headline to be a real headline. Because our measure of perceived headline veracity was continuous, for our SDT approach we classified responses of 1 = not at all likely and 2 = slightly likely as judging headline to be fake, and responses of 3 = reasonably likely, 4 = quite likely, and 5 = extremely likely as judging the headline to be real, similar to the split used by Batailler et al. (2021). 
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Figure S6. Stimuli and response possibilities for the typical signal detection theory (SDT) paradigm (left panel) and applying this framework to the study of judgments of fake and real news (right panel). The hit and false alarm rates are used to determine the index for discrimination sensitivity (d’) and the index of response bias (c)

SDT provides two indices to assess people’s judgments based on these rates. The first is an index for discrimination sensitivity (d’), which captures the ability to accurately distinguish between two types of stimuli, or the distance between the distributions of judgments for, in this case, the veracity of real and fake news. Mathematically, this index is computed as the hit rate (H) minus the false alarm rate (FA), where both rates are z transformed by taking the probability quantile, or the inverse of the standard normal cumulative distribution. Thus, probabilities below chance are converted to negatives z scores, chance probabilities (.50) are equal to zero, and probabilities above chance are positive z scores. To avoid z transforms of 100% and 0, which are infinite, we use the log-linear rule (Hautus, 1995) by adding 0.5 to the number of hits and false alarms and adding one to the total number of trials for each respective rate. Higher hit rates and lower false alarm rates – i.e., a greater distance between these two distributions – translate to higher d’ scores. This index is thus similar to our measure of accurate truth discernment. 



The second index to assess people’s judgments in SDT is the index of response bias (c), which captures the tendency to give a particular response regardless of whether the stimuli is present or not. Applied to the present research, this would be the bias to “judge news as real or fake regardless of its veracity” (Batailler et al., 2021, p. 78). Response bias is labeled (c) because it represents the criterion or threshold whereby a participant would determine if the stimuli were present. Mathematically, this index is computer as the negative average of the hit rate (H) and the false alarm rate (FA), where both rates are again z transformed. Higher response bias (c) scores translate into a higher criterion or more conservative threshold by which to determine a headline is real and thus a lower likelihood to judge headlines as real. Participants’ tendency to rate concordant headlines with a lower response bias (c) than discordant headlines – and thus a higher likelihood to rate concordant headlines as real – would be indicative of a greater partisan bias. Thus, subtracting participants’ response bias (c) for concordant headlines from their response bias (c) for discordant headlines would be similar to our measure of partisan bias. 





Results of Applying an SDT Framework 
Veracity Judgments
First, we present an attempt to replicate the analyses of Batailler et al. (2021) with our data. This analysis includes predicting discrimination sensitivity (d’) and response bias (c) by cognitive reflection, the political concordance of the headlines, and their interaction. In both linear mixed effects models, cognitive reflection was a mean-centered between-subjects factor and concordance was a within-subjects factor contrast coded so that concordant and discordant headlines corresponded to -1 and 1, respectively. This means that in predicting response bias (c), a greater concordance coefficient implies a greater tendency to rate concordant headlines as more likely to be true, indicative of greater partisan bias. In predicting d’, a greater coefficient for concordance implies that participants exhibited lower discrimination sensitivity for concordant headlines than discordant headlines. Random intercepts for participants were included in both sets of linear mixed effects models. The results are summarized in Table S7.  
	Looking first at the models predicting discrimination sensitivity (d’), we find that cognitive reflection (CRT) positively predicted d’ across both samples, consistent with both Batailler et al. (2021) and studies by Pennycook and colleagues (see Pennycook & Rand, 2021). Also consistent with Batailler et al. (2021), we found a significant effect of political concordance in the validation sample – that was marginally significant in the discovery sample – suggesting that participants were somewhat more accurate at discerning the veracity of real versus fake headlines for those that were concordant with their ideology than those that were discordant. This effect was not qualified by a CRT  concordance interaction. 
	Looking next at the models predicting response bias (c), we find significant main effects of CRT and concordance across both samples, replicating the effects found in Batailler et al. (2021). These main effects imply that (i) participants with higher CRT scores were more likely to rate real and fake headlines as likely to be true regardless of their veracity; and (ii) that participants were more likely to rate concordant headlines than discordant headlines as likely to be true regardless of their veracity, providing evidence of partisan bias. These effects were qualified by a significant CRT  concordance interaction in both samples. Simple effects analyses indicate that the effect of concordance on response bias was stronger among participants with high CRT scores (validation: b = 0.403, SE = 0.018; discovery: b = 0.390, SE = 0.025) than it was among those with low CRT scores (validation: b = 0.299, SE = 0.018; discovery: b = 0.299, SE = 0.025). 
Predictors of Partisan Bias
With an SDT approach, we calculated a measure of partisan bias by subtracting the index of response bias (c) for discordant headlines from the index of response bias (c) for concordant headlines. Higher scores on this measure indicate that respondents have both a relatively higher (more conservative) response bias criterion (c) for rating discordant headlines as true, and thus are less likely to rate them as true. Similarly, higher scores indicate a relatively lower (less conservative) response bias criterion (c) for concordant headlines and thus are more likely to rate them as true. As shown in Figure S7, we find that our measure of objectively illusion is consistently the strongest predictor of partisan bias, even when controlling for other measures of partisan strength, across both our validation and discovery samples. Consistent with the findings above where response bias (c) was significantly predicted by the CRT  concordance interaction, we find here again that partisan bias is significantly predicted by cognitive reflection, and that this relationship holds up in multiple regression with the other controls across both samples. In addition, the degree to which participants exhibited one-sided trust in their own partisan media was a significant predictor of partisan bias in multiple regression in both samples. These three sets of findings parallel the results from Figure S1. 


Table S10
Summary Statistics of Signal Detection Theory Reanalysis of Present Study
	
	
	
	
	
	
	Effect sizes

	Sample, index, and term
	b 
	SE
	df
	t
	p
	β
	h2

	
	
	
	
	
	
	
	

	Validation sample
	
	
	
	
	
	
	

	    d’
	
	
	
	
	
	
	

	        Intercept
	0.34
	0.02
	860
	18.11
	< .001
	
	

	        CRT
	0.05
	0.02
	860
	2.49
	.013
	.062
	.007

	        Concordance
	-0.05
	0.02
	860
	-3.20
	.001
	-.073
	.010

	        CRT  Concordance  
	0.00
	0.02
	860
	-0.17
	.867
	-.004
	< .001

	    c
	
	
	
	
	
	
	

	        Intercept
	-0.02
	0.02
	860
	-1.33
	.183
	
	

	        CRT
	0.06
	0.02
	860
	3.44
	< .001
	.081
	.010

	        Concordance
	0.35
	0.01
	860
	27.73
	< .001
	.489
	.470

	        CRT  Concordance  
	0.05
	0.01
	860
	4.14
	< .001
	.073
	.020

	Discovery sample
	
	
	
	
	
	
	

	    d’
	
	
	
	
	
	
	

	        Intercept
	0.32
	0.03
	440
	12.02
	< .001
	
	

	        CRT
	0.07
	0.03
	440
	2.66
	.008
	.092
	.020

	        Concordance
	-0.04
	0.03
	440
	-1.71
	.089
	-.055
	.007

	        CRT  Concordance  
	-0.04
	0.03
	440
	-1.61
	.109
	-.052
	.006

	    c
	
	
	
	
	
	
	

	        Intercept
	-0.05
	0.02
	440
	-2.08
	.038
	
	

	        CRT
	0.06
	0.02
	440
	2.52
	.012
	.083
	.010

	        Concordance
	0.34
	0.02
	440
	19.25
	< .001
	.486
	.460

	        CRT  Concordance  
	0.05
	0.02
	440
	2.51
	.012
	.063
	.010

	
	
	
	
	
	
	
	



Note. This table summarizes the effects of cognitive reflection, the concordance of headlines, and their interaction on discrimination sensitivity (d’) and response bias (c) using a signal detection theory approach. β = standardized coefficients computed with the stdCoef.lmer function (Bolker, 2014); h2 = Eta squared values calculated with the F_to_eta2 function from the effectsize package (Ben-Shachar et al., 2020); CRT = cognitive reflection test scores.


Predictors of Partisan Bias using a Signal Detection Theory Approach
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Figure S7. Predictors of partisan bias calculated using a signal detection theory approach of response bias (c) for discordant headlines minus the response bias (c) for concordant headlines such that higher scores are indicative of greater partisan bias. Figures include top predictors in the validation and discovery samples, represented with bivariate correlations and standardized beta coefficients in multiple regression. Extreme Trump views = shorthand for our extreme partisan views about Trump measure that included participants’ ratings of Donald Trump on 11 extreme attributes and possible behaviors; One-sided trust = one-sided media trust; One-sided radio = one-sided radio consumption; One-sided news = one-sided television and online news consumption. All variance inflation factors in multiple regression < 2.06. Sample sizes: validation N = 862; discovery N = 440. Error bars represent 95% confidence intervals.


Discussion
Three findings are worthy of note. First, consistent with Batailler et al. (2021), we found that across both samples the effect sizes of concordance on response bias (c) are meaningfully greater than the effect sizes of cognitive reflection on discrimination sensitivity (d’). Because these two indices are conceptually independent (Batailler et al. 2021) and both are important to judgments of news veracity and sharing behavior, future research and policy should continue to focus not just on ways to encourager deeper processing of news information, but also on ways to mitigate political polarization, partisan echo chambers, and other sources of partisan bias. Relatedly, the second finding of note is that, in contrast to the results of Batailler et al. (2021), in our data participants’ partisan bias was stronger for those with greater cognitive reflection. Said another way, engaging in deeper cognitive processing exacerbated partisan bias instead of mitigating it, providing support for the “motivated reflection” account found by some researchers (e.g., Kahan, 2013). Ultimately, partisan bias was predicted not solely by the strength of one’s political allegiance, but more significantly by the belief in the relative objectivity and unbiased perspective of one's political allies compared to their political adversaries. Thus, it’s not just deeper processing of the news that is important, but also the introspective consideration of our own based that proves most crucial. 
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Trump's Approval Rating for First
Nine Months Was a Historic Low

According to a November, 2016 poll by the Washington Post and ABC
News, 59% of Americans disapprove of Trump's handling of the
presidency— the worst of any president at nine months in office since
modern polling began over 70 years ago.
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Two Years In, Trump Holds Stock
Market Bragging Rights

The S&P 500 rose 28 percent since Trump’s election in November
2016 to the eve of congressional midterm elections. This surpasses
the market’s performance over the same time frame under any other
president in the past 64 years.
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Poll: Trump is as Strongly Disliked Now
as Nixon Was Before He Resigned

According to a new Marist College poll, Trump is as strongly disliked as
President Richard Nixon was two weeks before he resigned. Today 45% of
Americans think Trump is doing a “poor” job; back then, 45% of people said
Nixon was doing a “poor” job in a 1974 Harris poll.
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U.S. Steel Credits Trump in Resuming
Work at Alabama Plant

U.S. Steel Corp. will restart construction on an idled manufacturing facility in
Alabama. In an announcement Monday, they said Trump’s “strong trade
actions” are partly responsible for the resumption of work. The
administration’s tariffs have raised prices on imported steel and aluminum.
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Scoring Trump’s Tax Cuts So Far:
$280,000 for Rich Lawmakers, Pennies
for Workers

Only about 400 out of America’'s 5.9 million employers have
announced any wage increases or one-time bonuses related
to the tax cuts. Members of Congress who voted for the law
could each enjoy $280,000 a year in tax cuts on average.
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Trump Administration Announces
Drop In Veterans' Homelessness

The Trump administration announced Thursday that the rate of
veterans' homelessness has declined over the last year, continuing a
trend that began in 2010 during which it has fallen by nearly half.
More than 4,000 veterans have found permanent housing since last
year through the HUD Veterans Affairs Supporting Housing Program.
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The Republican Tax Cut is a Big, Fat
Failure

Trump officials predicted that deficits would shrink substantially in 2018,
thanks to his tax cuts. Yet in the end, the deficit was almost twice what the
White House estimated it would be: $779 billion, compared with the forecast
$440 billion.
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Trump Wants Paid Family Leave In
Federal Budget

During his second State of the Union address, President Trump
promised to include federal paid family leave in his budget. “I am
also proud to be the first president to include in my budget a plan
for nationwide paid family leave -- so that every new parent has the

chance to bond with their newborn child,” Trump said.
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Trump’s Tariffs Have Led to Layoffs at
U.S. Manufacturers

While President Trump has argued that tariffs will bring jobs back to the U.S.,
the U.S. Chamber of Commerce says that 2.6 million American jobs could be
lost as a result of “recent and proposed trade actions by the Trump

administration.”
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Free Stay for Veterans at Trump
Hotel in Washington, D.C.

With an incredibly generous offer, President Trump has announced that
disabled veterans are invited to stay for free, November 10-11, 2020
(Veterans Day), at the Trump International Hotel in Washington, D.C.
Trump says he wants to honor soldiers’ “tremendous efforts,” and has

promised to reserve half the hotel.
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Trump Said | “Don’t Like Poor People”
During Private Meeting with Business
Moguls

President Trump said, “I actually don’t like poor people” during a dinner with
industry leaders last week. He questioned why people are living in poverty with
“such tremendous” growth in the economy.
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Trump Provided College Scholarships
for Children of Employees

A little known fact is that from 1995 to 1999, President Trump provided

$320,000 in college scholarships to the children of Trump Organization

employees. The foray into education is said to have inspired the founding
of Trump University.
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Trump’s Former Accountant: Trump is Not
a Billionaire

One of Trump’s close former accountants says he knowns why
Trump doesn't want to disclose his tax returns, citing evidence
showing that Donald Trump has only $450 million in assets and
owes $980 million to various U.S., German, and Dutch banks.
Apparently, the banks have been hesitant to call in their loans.
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Evidence of Pro-Clinton Voter
Fraud Found in Louisiana

Trump’s “Election Integrity” commission finds evidence of over one
thousand instances of illegal aliens voting in the 2016 election in six
counties in Louisiana, substantiating Trump’s past statements that
"serious voter fraud" occurred there.




image18.png
Twenty-Three Navy Seals Dead in Yemen,
President Trump Blamed by Admiral Olson

President Trump ordered a mission that directly led to the death of 23 Navy
Seals without any strategic benefit. “Despite repeated requests from military
advisors to delay the mission, President Trump disregarded factual reports and
pushed forward with a reckless plan that is directly responsible for the deaths of
23 Navy Seals,” said Admiral Eric Olson, Commander of U.S. Special Operations
in summarizing the incident.
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Trump: From Kissing Babies to
Saving Babies

At a rally last night, crisis was averted in dramatic fashion when President
Trump caught a baby that fell from the balcony seats. Shocked at first,
Trump recovered, declaring, “This baby is drawn to greatness!” as he held
the baby up to the adoring crowd.
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Trump Attended Private Halloween Gala
with Sex Orgies Dressed as the Pope

In alignment with Stormy Daniels’ allegations, other details from Trump’s
sordid past have recently been revealed. It has been found that President
Trump attended a secretive 2008 Halloween party dressed as Pope
Benedict XVI, where, according to a witness, he engaged in sexual acts

with multiple partners.
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Donald Trump “Serious Contender”
for Nobel Prize in Economics

Although Trump was snubbed for the Nobel Peace Prize, he has been
nominated for the 2020 Nobel Prize in Economic Sciences. The award is
normally reserved for academics, but the Nobel committee said that
Trump’s innovative presidential policies make him a “serious contender.”
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President Trump Gropes Croatian
President, Kolinda Grabar-Kitarovi¢

According to multiple witnesses, President Trump groped President
Kolinda Grabar-Kitarovi¢'s buttocks during a photo at the Three
Seas Initiative meeting in Warsaw, Poland. President Grabar-
Kitarovi¢ immediately walked out of the room, followed closely by
her staff, while President Trump laughed, claiming his pose was
“innocent.” President Grabar-Kitarovi¢ has not yet issued a formal
statement about the incident.
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Trump Beats Grandmaster Chess
Champion Magnus Carlsen

A truly historic moment has occurred. Donald Trump has defeated
Norwegian Grandmaster Chess Champion, Magnus Carlsen. Trump, an
avid chess player, acknowledged, in a rare show of humility, that he was

in shock himself. The game occurred in the Oval Office during Carlson’s
tour of the White House.
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Donald Trump Killed Pedestrian While
Driving in 1973

A truly shocking allegation has come to light. In 1973, Donald Trump killed
a pedestrian while driving at night in Manhattan. The case was
suspiciously closed by the NYPD after a major Trump donation, and no

official report was made. The NYC District Attorney’s Office is considering
re-opening the case.
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| Made 5 Famous Scrambled Egg
Recipes and Found the Very Best One

Pretty much everyone has a scrambled egg method that they swear by to get
the fluffiest, most delicious eggs ever. So | decided to test five of the most
popular. The contenders? Bourdain, Ramsay, Teigen, Blumenthal, and Stewart.
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Penguin Swims 5,000 Miles Every Year for
Reunion with the Man Who Saved His Life

Today’s most heartwarming story is brought to you from a beach near Rio de
Janeiro, Brazil. It's the story of a South American Magellanic penguin who swims
5,000 miles each year to be reunited with the man who saved his life.
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Why Weight Training is Ridiculously
Good for You

Modern exercise science shows that working with weights—whether that weight
is a light dumbbell or your own body—may be the best exercise for lifelong
physical function and fitness. Especially if you spend a lot of time seated!
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Little Girl with Rare Illness Performs
with The New York City Ballet

This little girl, named Audrey, has Diamond Blackfan Anemia (DBA), and still loves
to dance. DBA is a rare condition that occurs when the bone marrow is unable to
produce enough red cells, but she doesn’t let it stop her. She is a real dancing queen!
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Jim Carrey Gets Existential at Fashion Week:
‘There’s No Meaning to Any of This’

Jim Carrey has a lot of famous catchphrases, from “alirrrighty then” to “that’s how
the cookie crumbles.” “There’s no meaning to any of this” probably won't join
their ranks, but it is pretty hilarious coming from the star of Dumb and Dumber.
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Bald Men Are Sexier, More
Masculine, Scientific Study Finds

The Rock, Vin Diesel, Jason Statham are just some of many bald-headed sex symbols
that women absolutely adore. It’s not just about celebrity status, though! The science
confirmed that women do find bald men more handsome and masculine.
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7 Extremely Common Mistakes That Can
Damage Your Reputation

Warren Buffett is famous for saying that everything you do should be seen through
the lens of how you'd feel if you saw it on the front page of a newspaper the next
day. In other words, protect your reputation and do right every day.




image32.png
How to Quit Your Job (Even When You
are Scared Out of Your Mind)

You know you don’t like your job. Sure, it puts food on the table and a roof
over your head, and you should probably feel grateful, but you wonder...
Could you get up every morning and actually be paid well to do what you
love?
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Trump's First-year Jobs Numbers
Were Very, Very Good

In comparison to other presidents’ first-years in office, Trump saw one of the
biggest percentage-point drops in the unemployment rate. For instance, under
Trump, there were 1.8 million more people working in December than in
January. Under Obama, 4.3 million fewer.
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Donald Trump's 3% Growth Plan is
Only for the 1%

Donald Trump has boasted that his policies will produce sustained 3%-
4% growth for many years to come. His prediction flies in the face of the
judgment of many professional forecasters, including the Federal
Reserve, who expect that the US will be lucky to achieve even 2%
growth.
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Trump Convinces NATO Allies to
Spend $12 Billion

Decades of pleading by the Bush and Obama administrations failed to get
NATO allies to meet their financial commitments, but Trump’s tough talk and
reticence to affirm America’s Article V commitment did the trick. NATO is
stronger as a result.




