Table 1
Design Table
	Question
	Hypothesis
	Sampling plan
	Analysis plan
	Interpretation given to different outcomes

	Do expectations and actual algorithmic bias influence bias perception?
	H1: The overall proportion of decisions labeled as biased will be greater for participants when they are told that the algorithm is biased than when they are told that the algorithm is unbiased. 
[bookmark: _7xjmd6513gxb]
[bookmark: _wjx24xmf2o2l]RQ1: Does the expectation of bias have an effect on the proportion of decisions labeled as biased? 
[bookmark: _tkm9cokh8ovp]
[bookmark: _1w7vz8w06hu]RQ2: Does actual algorithmic bias have an effect on the proportion of decisions labeled as biased? 
[bookmark: _9urqpn5qsv1v]
[bookmark: _etppmtpqig5l]RQ3: Does the effect of actual algorithmic bias on the overall proportion of decisions labeled as biased depend on the expectation of algorithmic bias?
[bookmark: _nvfzw6vyks85]
	Experiment 1: N = 179 university participants. 

Experiment 2: N = 461 nationally representative.
	Bayesian t-test examining in Experiment 1 proportion of trials labeled as biased across conditions. 
[bookmark: _99pw2t8otmex]
[bookmark: _2z17wo2ruoi]Bayesian ANOVA in Experiment 2 examining main effects and interactions.
	We will examine posterior distributions of condition differences. For H1 & RQ1: Posterior probability mass indicating higher bias labeling when bias is expected. 
[bookmark: _ibn9vpbccy1a]
[bookmark: _f0t8vib99amx]For RQ2: Posterior probability mass indicating higher bias labeling when bias is actually present. 
[bookmark: _ubga6ct94cdi]
[bookmark: _5s7pvckfwuzd]For RQ3: Posterior distribution of the interaction effect, with probability mass indicating how expectation moderates the effect of actual bias.

	What cognitive mechanisms underlie bias detection?
	H2/H3: Expectation of bias will increase caution, as represented by a larger threshold separation. 
[bookmark: _1oubzl74rfgf]
[bookmark: _l0l203n36gaz]H4/H5: Drift rate will increase when participants are exposed to congruent information. 
[bookmark: _r1opzibkib3j]
[bookmark: _gjo1nff0qz07]H6: The expectation of bias will lead to a quicker accumulation of evidence, as represented by a greater drift rate. 
[bookmark: _npohwm3cly2c]
[bookmark: _o6msfywicge0]H7: The expectation of bias will lead decision makers to be predisposed to detect bias, as represented by a starting point closer to the biased decision.
[bookmark: _hhofq1vhm89a] 
[bookmark: _brn7drmtrtac]RQ4: What is the effect of actual algorithmic bias on 1) threshold separation, 2) drift rate, and 3) starting point bias? 
[bookmark: _ileqj5otb9cx]
[bookmark: _apnwie7qv1qf]RQ5: Do people have the ability to detect actual algorithm bias (a), and how do threshold separation, 2) drift rate, and 3) starting point bias? (b)
[bookmark: _b0597xg3xklt]
[bookmark: _thbdjkr9899e]RQ6: Does the expectation of bias influence the ability to identify actual bias?
[bookmark: _ukbrn1v3mppl]
	Experiment 1: N = 179 university participants. 
[bookmark: _vkvylw2m7zqk]
Experiment 2 
[bookmark: _qzmvtmaahuf7]N = 461 nationally representative.
	Drift-diffusion modeling with posterior distributions for threshold separation, drift rate, and starting point across conditions. Experiment 2 additionally examines these parameters in relation to actual bias.
	We will examine posterior distributions of DDM parameters: 
[bookmark: _vuughqpbdopo]
[bookmark: _xk3l8mql7nqg]For H2/H3: Posterior probability that threshold separation is larger with bias expectation. 
[bookmark: _gkjsai2pks3m]
[bookmark: _4b25fzcbmsl1]For H4/H5: Posterior probability that drift rate differs between congruent and incongruent trials. 
[bookmark: _rkkfdxd7jpvm]
[bookmark: _cnw618yx1ok8]For H6 & H7: Posterior probabilities that drift rate and starting point differ between bias expectation conditions. For 
[bookmark: _ii6ulnkezq5w]
[bookmark: _18cngdfs4fdk]RQ4: Posterior distributions of how actual bias affects decision parameters. 
[bookmark: _3p9iz8mevavr]
[bookmark: _9fwe2kbrt0je]For RQ5: Posterior distributions of mediation paths connecting bias conditions to bias perception through decision parameters.

	How does gender influence bias perception?
	H8: Participants will be more likely to label the algorithm's decisions as biased when evaluating loan applications from female applicants compared to male applicants. 
[bookmark: _gyyq9frd4zfp]
[bookmark: _svgoj4kxv5m3]RQ7/RQ8: How does participant gender relate to the decision to label the output of an algorithm as biased or not?
[bookmark: _f0sa5ilintre]
	Experiment 1: N = 179 university participants. 

[bookmark: _ug3kb2g12m7e]Experiment 2: N = 461 nationally representative.
	Bayesian regression models examining the effects of applicant gender and participant gender on bias labeling.
	For H8: Posterior probability that the coefficient for female applicants is positive. 
[bookmark: _xb1az720jrq3]
[bookmark: _pqz9zw6tmqwm]For RQ7/RQ8: Posterior distribution of the participant gender effect, assessing direction, magnitude, and uncertainty.

	How does ideological orientation influence bias perception?
	RQ9: How do Right-wing authoritarianism, social dominance orientation, and intolerance of uncertainty relate to bias labeling? 
[bookmark: _shuxhnp91l00]
[bookmark: _9aht7fdkkb3e]H9: Greater intolerance of uncertainty will be positively associated with the number of the algorithm's decisions labeled as biased.
	Experiment 1: N = 179 university participants. 
[bookmark: _lspgawsgnjcc]
Experiment 2: N = 461 nationally representative.
	Bayesian regression models with individual difference measures as predictors.
	[bookmark: _m2d4jnlosrjh]Posterior distributions of regression coefficients for each individual difference measure, examining the direction, magnitude, and uncertainty of relationships with bias detection. 
[bookmark: _65hcjk4ygf7]
[bookmark: _xkjzuz7hytri]For H9: Posterior probability that the coefficient for intolerance of uncertainty is positive.


[bookmark: _iyei1frsds3l]
[bookmark: _moh5ibb5rexe]Frequentist Analysis for Non-DDM Tests
Presence of Algorithmic Bias Strongly Influences Perception of Bias
	Classification Results. Participants were significantly more likely to label decisions as biased when the algorithm actually exhibited bias (Exp. 2, M = 0.359, SD = 0.095) than when it did not (Exp. 2, M = 0.290, SD = 0.074; t(443.14) = 8.75, p < .001).
Expectations of Bias Have Negligible Influence on Bias Perception
	Classification Results. Across both experiments, the expectation of bias did not significantly affect the proportion of decisions labeled as biased. There was also no evidence for an interaction between expectations and the actual presence of algorithmic bias. In Experiment 1, participants who expected bias (M = .32, SD = .09) did not differ significantly from those who did not expect bias (M = .33, SD = .09), t(457.44) = −1.06, p = .29. In Experiment 2, descriptive statistics for each condition are presented in Table 1. A two-way ANOVA revealed no main effect of expectation condition, F(1, 457) = 1.30, p = .255, and no interaction between expectation and algorithmic bias, F(1, 457) = 0.03, p = .859. There was a significant main effect of algorithmic bias, F(1, 457) = 75.17, p < .001, such that trials in which the algorithm was biased were more likely to be labeled as biased than trials in which it was not biased.

Table 1. 
Exp. 2. Descriptive statistics and ANOVA results for proportion of trials labeled as biased. 
	Algorithmic Bias
	Expectation of Bias
	M
	SD
	
	

	Biased
	No
	0.363
	0.098
	
	

	Biased
	Yes
	0.356
	0.093
	
	

	Not biased
	No
	0.294
	0.069
	
	

	Not biased
	Yes
	0.285
	0.080
	
	

	Source
	df
	SS
	MS
	F
	p

	Expectation Condition
	1
	0.010
	0.010
	1.30
	.255

	Algorithmic Bias Condition
	1
	0.556
	0.556
	75.17
	< .001

	Expectation × Algorithmic Bias
	1
	0.000
	0.000
	0.03
	.859





How does gender influence bias perception?
In both Experiments 1 and 2, we used linear regression to examine how participant gender, loan applicant gender, and algorithmic bias condition related to bias labeling. Results can be found in Table 2.
Table 2
Regression Models Predicting Bias Labeling and Detection Accuracy Using Gender as a Predictor
	Predictor
	B
	SE
	t
	p

	Experiment 1: Prop Labeled Biased

	Intercept
	0.29
	0.02
	12.50
	< .001

	Participant Gender - Female
	0.01
	0.03
	0.38
	.707

	No bias expected
	0.03
	0.03
	1.11
	.267

	Loan Applicant Gender - Male
	−0.09
	0.03
	−3.04
	.003

	Participant Gender – Female x No bias expected
	0.00
	0.03
	0.01
	.995

	No bias expected x Loan Applicant Gender - Male
	−0.00
	0.03
	−0.13
	.893

	Participant Gender – Female x Loan Applicant Gender - Male
	−0.02
	0.03
	−0.55
	.584

	Experiment 2: Prop Labeled Biased 

	Intercept
	0.43
	0.01
	42.75
	< .001

	Bias Expected
	-0.01
	0.01
	-0.56
	.572

	Loan Applicant Gender - Male
	-0.15
	0.01
	-12.52
	< .001

	Participant Gender - Female
	0.03
	0.01
	2.43
	.015

	Bias Condition – Not Biased
	-0.16
	0.01
	-13.21
	< .001

	Bias Expected x Loan Applicant Gender - Male
	-0.00
	0.01
	-0.39
	.690

	Bias Expected x Participant Gender - Female
	-0.01
	0.01
	-0.48
	.630

	Bias Expected x Bias Condition – Not Biased
	0.00
	0.01
	0.08
	.933

	Participant Gender - Female x Bias Condition – Not Biased
	-0.02
	0.01
	-1.43
	.153

	Loan Applicant Gender - Male x Bias Condition – Not Biased
	0.20
	0.01
	16.69
	< .001

	Loan Applicant Gender - Male x Participant Gender - Female
	-0.00
	0.01
	-0.12
	.902

	Experiment 2: Bias Detection Accuracy

	Intercept
	0.62
	0.01
	36.96
	< .001

	Bias Expected
	0.01
	0.02
	0.30
	.760

	Loan Applicant Gender - Male
	0.00
	0.02
	0.00
	1.00

	Participant Gender - Female
	0.01
	0.02
	0.33
	.740

	Bias Condition - Not Biased
	0.08
	0.02
	3.72
	< .001

	Bias Expected x Loan Applicant Gender - Male
	0.00
	0.02
	0.00
	1.00

	Bias Expected x Participant Gender - Female
	0.03
	0.02
	1.39
	.165

	Bias Expected x Bias Condition - Not Biased
	-0.00
	0.02
	-0.16
	.867

	Participant Gender - Female x Bias Condition - Not Biased
	-0.07
	0.02
	-3.32
	.001

	Loan Applicant Gender - Male x Bias Condition - Not Biased
	0.00
	0.02
	0.00
	1.00

	Loan Applicant Gender - Male x Participant Gender - Female
	0.00
	0.02
	0.00
	1.00



[bookmark: _8fftbi3mlwd0]How does ideological orientation influence bias perception?
In both Experiments 1 and 2, we used linear regression to examine how ideological orientation affects bias labeling. Results can be found in Table 3.
[bookmark: _tmngx5xg8mv6]Table 3
[bookmark: _xgthyimqo0d6]Regression Models Predicting Bias Labeling and Detection Accuracy Using Ideological Orientation as a Predictor
	Predictor
	B
	SE
	t
	p

	Experiment 1: Prop Labeled Biased

	Intercept
	0.13
	0.05
	2.40
	.018

	Right-Wing Authoritarianism
	0.00
	0.01
	0.36
	.721

	Social Dominance Orientation
	0.01
	0.01
	1.11
	.268

	Intolerance of Uncertainty 
	0.03
	0.01
	2.35
	.020

	Bias Condition: Unbiased
	0.04
	0.02
	1.96
	.052

	Experiment 2: Prop Labeled Biased 

	Intercept
	0.34
	0.02
	18.84
	< .001

	Right-Wing Authoritarianism
	0.01
	0.00
	3.59
	< .001

	Social Dominance Orientation
	0.00
	0.00
	-0.83
	.406

	Intolerance of Uncertainty 
	0.01
	0.00
	2.54
	.011

	Bias Condition: Unbiased
	-0.06
	0.01
	-8.03
	< .001

	Expectation: Bias Expected
	-0.01
	0.01
	-1.25
	.212

	[bookmark: _iayr32nx055m]Experiment 2: Bias Detection Accuracy

	Intercept
	0.672
	0.03
	19.55
	< .001

	Right-Wing Authoritarianism
	-0.01
	0.00
	-2.37
	.018

	Social Dominance Orientation
	0.00
	0.01
	0.53
	.597

	Intolerance of Uncertainty 
	-0.02
	0.01
	-2.39
	.017

	Bias Condition: Unbiased
	0.03
	0.01
	1.88
	.060

	[bookmark: _3ht2b44wskyb]Expectation: Bias Expected
	0.02
	0.01
	1.58
	.114




