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Table A in S1. Prompt Examples for Models Conditioned Solely on Demographics
	Role: System
Content: 
You are an interviewee. Based on your previous answers, provide an answer to the last question
Role: User
Content: 
Interviewer: What is the current year and month in which this interview is being conducted?
Me: October 2017
Interviewer: I am going to read you a list of five race categories. What race do you consider yourself to be? 'White, Non-Hispanic', 'Black, Non-Hispanic', '2+ Races, Non-Hispanic', 'Hispanic', or 'Other, Non-Hispanic'
Me: {race}
Interviewer: What is your gender? Do you identify as 'Male' or 'Female'?
Me: {gender}
Interviewer: What age category does your age fall in? '60+','45-59','30-44', or '18-29'
Me: {age}
Interviewer: Which would you say best describes your political ideology. Would you say you are a 'Very conservative', 'Somewhat conservative', 'Moderate, middle of the road', 'Somewhat liberal', 'Very liberal', or 'Refused' to answer?
Me: {ideology}
Interviewer: Which would you say best describes your partisan identification. Would you say you are a 'Republicans', 'Democrats', 'No party/Not interested', 'Independent/Other', or 'Refused' to answer?
Me: {party}
Interviewer: What is the highest level of school you have completed, or the highest degree you have received? Is it 'Bachelor's degree or higher', 'High school', 'Some college', or 'Less than high school'?
Me: {education}
Interviewer: In which state do you reside?
Me: {state}
Interviewer: What do you think: Do you think that global warming is happening? Would you say 'Yes', 'dont know', 'No', or 'Refused' to answer?
Me:


Note: Content in curly brockets provided based on survey data. The last question is the target question that a silicon sample provides an answer. 


Table B in S1. Prompt Examples for Models Conditioned both on Demographics and Covariates
	Role: System
Content: 
You are an interviewee. Based on your previous answers, provide an answer to the last question
Role: User
Content: 
Interviewer: What is the current year and month in which this interview is being conducted?
Me: October 2017
Interviewer: I am going to read you a list of five race categories. What race do you consider yourself to be? 'White, Non-Hispanic', 'Black, Non-Hispanic', '2+ Races, Non-Hispanic', 'Hispanic', or 'Other, Non-Hispanic'
Me: {race}
Interviewer: What is your gender? Do you identify as 'Male' or 'Female'?
Me: {gender}
Interviewer: What age category does your age fall in? '60+','45-59','30-44', or '18-29'
Me: {age}
Interviewer: Which would you say best describes your political ideology. Would you say you are a 'Very conservative', 'Somewhat conservative', 'Moderate, middle of the road', 'Somewhat liberal', 'Very liberal', or 'Refused' to answer?
Me: {ideology}
Interviewer: Which would you say best describes your partisan identification. Would you say you are a 'Republicans', 'Democrats', 'No party/Not interested', 'Independent/Other', or 'Refused' to answer?
Me: {party}
Interviewer: What is the highest level of school you have completed, or the highest degree you have received? Is it 'Bachelor's degree or higher', 'High school', 'Some college', or 'Less than high school'?
Me: {education}
Interviewer: In which state do you reside?
Me: {state}
Interviewer: How important is the issue of global warming to you personally? Is it 'Not at all important', 'Not too important', 'Somewhat important', 'Very important', or 'Extremely important'?
Me: {issue involvement}
Interviewer: How often do you discuss global warming with your family and friends?  Do you discuss the subject with your family and friends 'Never', 'Rarely', 'Occasionally', or 'Often'?
Me: {interpersonal discussion}
Interviewer: Which comes closest to your own view? 'Most scientists think global warming is not happening', 'There is a lot of disagreement among scientists about whether or not global warming is happening', 'Most scientists think global warming is happening', or 'Don't know enough to say'?
Me: {science consensus}
Interviewer: What do you think: Do you think that global warming is happening? Would you say 'Yes','dont know', 'No', or 'Refused' to answer?
Me:


Note: Content in curly brockets provided based on survey data. The last question is the target question that a silicon sample provides an answer. 




Algorithmic Fidelity of Presidential Election: A Replication
As a pilot test, we first assessed LLMs' algorithmic fidelity in predicting presidential election voting behaviors to replicate a prior study (1). We conducted this replication using our own dataset, enabling us to explore the extent to which algorithmic fidelity is generalizable across different datasets. We focused on binary outcomes between Democratic and Republican candidates in the 2016 and 2020ections. To mirror the previous study (1), we narrowed our sample to participants who voted for one of the two major party presidential candidates and restricted GPT models to this binary choice when assessing voting behaviors. Moreover, GPT models were conditioned only on demographics. 
In the 2017 survey, presidential election voting behavior was measured with the question, “Which candidate, if any, did you vote for in the 2016 presidential election?” Respondents were given five answer options: “Hillary Clinton (Democrat),” “Donald Trump (Republican),” “Another candidate,” “Did not vote for any candidate for president,” and “Refused.” In the 2021 survey, the question and answer options remained consistent except for changes in theection year and the name of the Democratic candidate. Specifically, "2016" was replaced with "2020" in the question, and "Hillary Clinton (Democrat)" was replaced with "Joe Biden (Democrat)."
Answers from GPT models were obtained through a prompt. For instance, regarding the 2016 presidential election, the prompt inquired, “Interviewer: Which candidate, did you vote for in the 2016 presidential election? Did you vote for ‘Hillary Clinton (Democrat)’ or ‘Donald Trump (Republican)’?”
Our results largely confirm that LLMs, when conditioned on individual demographics, can replicate voting behaviors effectively. An exception was GPT-3.5’s inaccuracy in predicting 2020 Republican voters’ choices. Excluding this outlier, the average accuracy across all models and years was 91% (SD = 1.53), indicating high fidelity in predicting presidential election behaviors. Figure 1 shows the prediction accuracy of GPTs for each candidate in the 2016 and 2020ections, using survey data from 2017 and 2021. The evaluation metrics are available in Supplemental Table 3. 
Fig A in S1. Proportion of Accurate Predictions by GPTs for Each Candidate in Presidential Election
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Note: 2016 and 2020 presidential election voting behaviors are asked in 2017 and 2021 surveys, respectively. GPT-3.5 and GPT-4 are conditioned to demographics in this context. 
Table C in S1. Evaluation Metrics on Presidential Election 
	Models
	Accuracy
	Answers
	F1
	Precision
	Recall

	GPT 4.0 Demo only for 2017
	.93
	Trump
	.92
	.91
	.93

	
	
	Clinton
	.93
	.94
	.92

	
	Macro-average
	.93
	.93
	.93

	GPT 4.0 Demo only for 2021
	.90
	Trump
	.88
	.89
	.86

	
	
	Clinton
	.91
	.90
	.92

	
	Macro-average
	.89
	.90
	.89

	GPT 3.5 Demo only for 2017
	.91
	Trump
	.90
	.88
	.92

	
	
	Biden
	.91
	.93
	.90

	
	Macro-average
	.91
	.91
	.91

	GPT 3.5 Demo only for 2021
	.67
	Trump
	.39
	1.00
	.24

	
	
	Biden
	.78
	.64
	1.00

	
	Macro-average
	.58
	.82
	.62




Table D in S1. Evaluation Metrics on Global Warming Belief with Binary Answer Option
	Models
	Accuracy
	Answers
	F1
	Precision
	Recall

	GPT 4.0 Demo + Cov for 2017
	.89
	Yes
	.93
	.96
	.90

	
	
	No
	.70
	.62
	.81

	
	Macro-average
	.82
	.79
	.86

	GPT 4.0 Demo + Cov for 2021
	.91
	Yes
	.94
	.99
	.91

	
	
	No
	.76
	.65
	.93

	
	Macro-average
	.85
	.82
	.92

	GPT 3.5 Demo + Cov for 2017
	.80
	Yes
	.88
	.85
	.93

	
	
	No
	.17
	.25
	.13

	
	Macro-average
	.53
	.55
	.53

	GPT 3.5 Demo + Cov for 2021
	.86
	Yes
	.92
	.88
	.97

	
	
	No
	.37
	.64
	.26

	
	Macro-average
	.65
	.76
	.62

	GPT 4.0 Demo only for 2017
	.84
	Yes
	.91
	.84
	1.00

	
	
	No
	.08
	.70
	.04

	
	Macro-average
	.49
	.77
	.52

	GPT 4.0 Demo only for 2021
	.84
	Yes
	.92
	.84
	1.00

	
	
	No
	-
	-
	0

	
	Macro-average
	-
	-
	.50

	GPT 3.5 Demo only for 2017
	.84
	Yes
	.91
	.84
	1.00

	
	
	No
	-
	-
	0

	
	Macro-average
	-
	-
	.50

	GPT 3.5 Demo only for 2021
	.84
	Yes
	.92
	.84
	1.00

	
	
	No
	-
	-
	0

	
	Macro-average
	-
	-
	.50



Table E in S1. Evaluation Metrics on Global Warming Belief with Multiple Answer Options
	Models
	Accuracy
	Answers
	F1
	Precision
	Recall

	
	
	
	
	
	

	GPT 4.0 Demo + Cov for 2017
	.77
	Yes
	.88
	.80
	.97

	
	
	No
	.58
	.66
	.52

	
	
	Don’t know
	.16
	.48
	.10

	
	Macro-average
	.54
	.64
	.53

	GPT 4.0 Demo + Cov for 2021
	.82
	Yes
	.91
	.85
	.97

	
	
	No
	.60
	.71
	.51

	
	
	Don’t know
	.20
	.41
	.13

	
	Macro-average
	.57
	.66
	.54

	GPT 3.5 Demo + Cov for 2017
	.72
	Yes
	.83
	.76
	.92

	
	
	No
	.24
	.93
	.14

	
	
	Don’t know
	.32
	.38
	.28

	
	Macro-average
	.47
	.69
	.45

	GPT 3.5 Demo + Cov for 2021
	.75
	Yes
	.86
	.80
	.93

	
	
	No
	.21
	.68
	.12

	
	
	Don’t know
	.34
	.34
	.34

	
	Macro-average
	.47
	.69
	.45

	GPT 4.0 Demo only for 2017
	.71
	Yes
	.83
	.71
	1.00

	
	
	No
	-
	-
	0

	
	
	Don’t know
	-
	-
	0

	
	Macro-average
	-
	-
	.33

	GPT 4.0 Demo only for 2021
	.76
	Yes
	.86
	.76
	1.00

	
	
	No
	-
	-
	0

	
	
	Don’t know
	-
	-
	0

	
	Macro-average
	-
	-
	.33

	GPT 3.5 Demo only for 2017
	.71
	Yes
	.83
	.71
	1.00

	
	
	No
	-
	-
	0

	
	
	Don’t know
	-
	-
	0

	
	Macro-average
	-
	-
	.33

	GPT 3.5 Demo only for 2021
	.76
	Yes
	.86
	.76
	1.00

	
	
	No
	-
	-
	0

	
	
	Don’t know
	-
	-
	0

	
	Macro-average
	-
	-
	.33



Table F in S1. Evaluation Metrics on Global Warming Cause
	Models
	Accuracy
	Answers
	F1
	Precision
	Recall

	
	
	
	
	
	

	GPT 4.0 Demo + Cov for 2017
	.53
	Human
	.74
	.71
	.79

	
	
	Nature
	.38
	.64
	.27

	
	
	Both
	.09
	.06
	.22

	
	
	Neither
	.27
	.72
	.17

	
	
	Don’t know
	.13
	.08
	.33

	
	
	Other
	-
	-
	0

	
	
	Refused
	-
	-
	0

	
	Macro-average
	-
	-
	.25

	GPT 4.0 Demo + Cov for 2021
	.61
	Human
	.83
	.79
	.87

	
	
	Nature
	.41
	.70
	.29

	
	
	Both
	.14
	.09
	.33

	
	
	Neither
	.17
	.56
	.10

	
	
	Don’t know
	-
	0
	0

	
	
	Other
	-
	-
	0

	
	
	Refused
	-
	-
	0

	
	Macro-average
	-
	-
	.23

	GPT 3.5 Demo + Cov for 2017
	.46
	Human
	.72
	.65
	.80

	
	
	Nature
	.10
	.39
	.06

	
	
	Both
	.09
	.05
	.22

	
	
	Neither
	-
	-
	0

	
	
	Don’t know
	-
	0
	0

	
	
	Other
	-
	0
	0

	
	
	Refused
	-
	-
	0

	
	Macro-average
	-
	-
	.15

	GPT 3.5 Demo + Cov for 2021
	.53
	Human
	.79
	.16
	.83

	
	
	Nature
	.16
	.57
	.09

	
	
	Both
	.11
	.07
	.34

	
	
	Neither
	-
	-
	0

	
	
	Don’t know
	-
	0
	0

	
	
	Other
	-
	0
	0

	
	
	Refused
	-
	-
	0

	
	Macro-average
	-
	-
	.18

	GPT 4.0 Demo only for 2017
	.53
	Human
	.69
	.53
	1.00

	
	
	Nature
	-
	0
	0

	
	
	Both
	-
	0
	0

	
	
	Neither
	-
	-
	0

	
	
	Don’t know
	-
	-
	0

	
	
	Other
	-
	-
	0

	
	
	Refused
	-
	-
	0

	
	Macro-average
	-
	-
	.14

	GPT 4.0 Demo only for 2021
	.58
	Human
	.73
	.58
	1.00

	
	
	Nature
	.01
	1.00
	.003

	
	
	Both
	-
	0
	0

	
	
	Neither
	-
	-
	0

	
	
	Don’t know
	-
	-
	0

	
	
	Other
	-
	-
	0

	
	
	Refused
	-
	-
	0

	
	Macro-average
	-
	-
	.14

	GPT 3.5 Demo only for 2017
	.41
	Human
	.63
	.57
	.71

	
	
	Nature
	.04
	.50
	.02

	
	
	Both
	.12
	.07
	.37

	
	
	Neither
	-
	-
	0

	
	
	Don’t know
	-
	-
	0

	
	
	Other
	-
	-
	0

	
	
	Refused
	-
	-
	0

	
	Macro-average
	-
	-
	.16

	GPT 3.5 Demo only for 2021
	.41
	Human
	.63
	.60
	.67

	
	
	Nature
	.04
	.75
	.02

	
	
	Both
	.10
	.06
	.34

	
	
	Neither
	-
	-
	0

	
	
	Don’t know
	-
	-
	0

	
	
	Other
	-
	-
	0

	
	
	Refused
	-
	-
	0

	
	Macro-average
	-
	-
	.15





Table G in S1. Evaluation Metrics on Global Warming Worry
	Models
	Accuracy
	Answers
	F1
	Precision
	Recall

	
	
	
	
	
	

	GPT 4.0 Demo + Cov for 2017
	.66
	Very worried
	.73
	.63
	.88

	
	
	Somewhat worried
	.67
	.68
	.66

	
	
	Not very worried
	.53
	.59
	.48

	
	
	Not at all worried
	.66
	.72
	.61

	
	Macro-average
	.65
	.66
	.66

	GPT 4.0 Demo + Cov for 2021
	.57
	Very worried
	.67
	.64
	.69

	
	
	Somewhat worried
	.57
	.55
	.58

	
	
	Not very worried
	.42
	.45
	.39

	
	
	Not at all worried
	.50
	.54
	.47

	
	Macro-average
	.54
	.55
	.53

	GPT 3.5 Demo + Cov for 2017
	.55
	Very worried
	.70
	.63
	.79

	
	
	Somewhat worried
	.62
	.52
	.76

	
	
	Not very worried
	.22
	.37
	.16

	
	
	Not at all worried
	.33
	.80
	.21

	
	Macro-average
	.47
	.58
	.48

	GPT 3.5 Demo + Cov for 2021
	.60
	Very worried
	.81
	.80
	.82

	
	
	Somewhat worried
	.62
	.51
	.79

	
	
	Not very worried
	.19
	.31
	.14

	
	
	Not at all worried
	.36
	.77
	.24

	
	Macro-average
	.50
	.60
	.50

	GPT 4.0 Demo only for 2017
	.31
	Very worried
	.46
	.30
	.95

	
	
	Somewhat worried
	.27
	.32
	.23

	
	
	Not very worried
	.07
	.27
	.04

	
	
	Not at all worried
	.09
	.69
	.05

	
	Macro-average
	.22
	.39
	.32

	GPT 4.0 Demo only for 2021
	.39
	Very worried
	.61
	.45
	.93

	
	
	Somewhat worried
	.26
	.28
	.23

	
	
	Not very worried
	.02
	.12
	.01

	
	
	Not at all worried
	.01
	.33
	.01

	
	Macro-average
	.22
	.29
	.30

	GPT 3.5 Demo only for 2017
	.35
	Very worried
	.19
	.18
	.20

	
	
	Somewhat worried
	.52
	.40
	.74

	
	
	Not very worried
	-
	-
	0

	
	
	Not at all worried
	-
	-
	0

	
	Macro-average
	-
	-
	.24

	GPT 3.5 Demo only for 2021
	.41
	Very worried
	.40
	.49
	.34

	
	
	Somewhat worried
	.53
	.39
	.86

	
	
	Not very worried
	-
	-
	0

	
	
	Not at all worried
	-
	-
	0

	
	Macro-average
	-
	-
	.30





Assessment of Overall Distributions between Survey Samples and Silicon Samples
Supplemental Figure 1 illustrates the divergence in response patterns between survey samples and silicon samples. The smaller the dot size, the closer the distribution pattern is to the survey data. Across the global warming variables, GPTs that are conditioned on both demographics and covariates display less deviation from the survey data. This suggests that these models produce response patterns more in line with the survey data. Notably, under these conditions, GPT-4's response distribution tends to be more consistent with the survey data than those of GPT-3.5.
Fig B in S1. Kullback-Leibler Divergence (KLD) between GPTs and Survey Data
[image: A graph of a row of black dots
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Note: Kullback-Leibler Divergence (KLD) is employed to evaluate the similarity in response distributions between GPT-generated responses and survey data. KLD values can vary from 0, signaling identical distributions, to infinity. In our study, KLD values fall within the range of 0.0003 to 4.26. Point sizes are adjusted proportionately based on KLD values, with smaller points indicating a greater resemblance between the distributions of GPT-generated responses and survey data. "GW" refers to Global Warming.
Table H in S1. Kullback-Leibler Distance
	Models
	Presidential Election
	Binary Global Warming Belief
	Global Warming Belief
	Causation of Global Warming
	Global Warming worry

	GPT 4.0 Demo + Cov for 2017
	-
	.01
	.20
	.44
	.03

	GPT 4.0 Demo + Cov for 2021
	-
	.02
	.09
	.40
	.01

	GPT 3.5 Demo + Cov for 2017
	-
	.04
	.23
	1.41
	.28

	GPT 3.5 Demo + Cov for 2021
	-
	.06
	.19
	1.19
	.22

	GPT 4.0 Demo only for 2017
	.0003
	.20
	3.65
	3.59
	1.04

	GPT 4.0 Demo only for 2021
	.001
	.24
	3.02
	2.98
	1.13

	GPT 3.5 Demo only for 2017
	.001
	.25
	3.65
	2.16
	2.66

	GPT 3.5 Demo only for 2021
	.37
	.24
	3.02
	2.06
	4.26


Note: Lower scores indicate a more similar distribution between a model and the survey. While row-by-row comparisons emphasize the similarity of a model's distribution to the survey within a specific column, direct column-by-column comparisons may be not impractical because of the different nature of the survey items.
Algorithmic Bias Assessment across Sub-populations: Presidential Election Voting Behaviors
We examined how GPT models represent presidential election voting behaviors across different sub-populations, focusing on high-fidelity models in which GPT-4 conditioned on demographics. S2 Appendix Table details the accuracy and MAF1 results. Interpretations were based on MAF1, where a score below 0.70 is typically considered inadequate.
The overarching findings indicated that GPT-4 accurately predicted voting behaviors. However, certain sub-populations were less accurate. GPT-4 was less precise in predicting Non-Hispanic Blacks’ voting behaviors in the 2017 survey (MAF1 = .61). Further analysis revealed that GPT-4 underestimated Non-Hispanic Blacks voting for the Democratic candidate in 2016. Moreover, GPT-4 yielded subpar F1 scores in predicting voting behaviors based on political party affiliation, overestimating candidate choice based on an individual's political affiliation. For example, in the 2017 survey, GPT-4 predicted 99% of Democrats voted for Hillary Clinton, compared to the actual 95%, and 100% of Republicans for Donald Trump, versus the reported 94%. Such overestimations render certain F1 scores unattainable when considering political parties and ideologies.
Table I in S1. Accuracy and MAF1 of GPTs for Presidential Election across Sub-populations
	
	Election 2017 
GPT-4 Demo
	Election 2021
GPT-4 Demo

	Variables
	Acc
	MAF1
	Acc
	MAF1

	Race/ethnicity
	
	
	
	

	2+ Races, Non-Hispanic
2017 n = 20
2021 n = 18
	.85
	.85
	1.00
	1.00

	Black, Non-Hispanic
2017 n = 89
2021 n = 67
	.92
	.61
	.93
	.75

	Hispanic
2017 n = 78
2021 n = 74
	.96
	.95
	.84
	.80

	Other, Non-Hispanic
2017 n = 30
2021 n = 31
	1.00
	1.00
	.94
	.92

	White, Non-Hispanic
2017 n = 668
2021 n = 614
	.91
	.91
	.90
	.90

	Gender
	
	
	
	

	Female
2017 n = 454
2021 n = 403
	.93
	.93
	.89
	.89

	Male
2017 n = 431
2021 n = 401
	.91
	.91
	.90
	.90

	Age
	
	
	
	

	18-29
2017 n = 71
2021 n = 84
	.92
	.91
	.95
	.95

	30-44
2017 n = 172
2021 n = 138
	.92
	.91
	.93
	.91

	45-59
2017 n = 242
2021 n = 214
	.90
	.91
	.85
	.85

	60+
2017 n = 400
2021 n = 368
	.92
	.92
	.90
	.90

	Political ideology
	
	
	
	

	Moderate, middle of the road
2017 n = 300
2021 n = 303
	.85
	.85
	.82
	.80

	Somewhat conservative
2017 n = 193
2021 n = 175
	.94
	.89
	.90
	.81

	Somewhat liberal
2017 n = 201
2021 n = 157
	.94
	.77
	.97
	.82

	Very conservative
2017 n = 99
2021 n = 87
	.97
	.86
	.94
	.76

	Very liberal
2017 n = 90
2021 n = 79
	.97
	.90
	.99
	-

	Political party
	
	
	
	

	Democrats
2017 n = 442
2021 n = 397
	.95
	.53
	.96
	-

	Independent/Other
2017 n = 63
2021 n = 63
	.68
	.65
	.59
	.40

	No party/Not interested
2017 n = 27
2021 n = 8
	.59
	.66
	.38
	-

	Republicans
2017 n = 353
2021 n = 334
	.94
	-
	.89
	-

	Education
	
	
	
	

	Bachelor's degree or higher
2017 n = 371
2021 n = 331
	.95
	.94
	.91
	.90

	High school
2017 n = 213
2021 n = 195
	.88
	.89
	.86
	.86

	Less than high school
2017 n = 34
2021 n = 25
	.85
	.87
	.88
	.88

	Some college
2017 n = 267
2021 n = 253
	.91
	.91
	.91
	.91


Table J in S1. F1 Scores for Each Answer Option for Presidential election and Binary Belief in Global Warming across Sub-populations
	Variables
	Election 2017
GPT4
Demo
	Election
2021
GPT4
Demo
	GW Belief
Binary 2017
GPT4 Demo + Cov
	GW Belief
Binary 2021
GPT4 Demo + Cov

	
	F1 (Dem)
	F1 (Rep)
	F1 (Dem)
	F1 (Rep)
	F1 (Yes)
	F1 (No)
	F1 (Yes)
	F1 (No)

	Race/ethnicity
	
	
	
	
	
	
	
	

	2+ Races, Non-Hispanic
2017 n = 20
2021 n = 18
2017 GW n = 32
2021 GW n = 18
	0.87
	0.82
	1
	1
	0.96
	0.75
	1
	1

	Black, Non-Hispanic
2017 n = 89
2021 n = 67
2017 GW n = 104
2021 GW n = 73
	0.96
	0.25
	0.96
	0.55
	0.95
	0.29
	0.96
	0.25

	Hispanic
2017 n = 78
2021 n = 74
2017 GW n = 132
2021 GW n = 101
	0.97
	0.93
	0.89
	0.71
	0.94
	0.61
	0.95
	0.69

	Other, Non-Hispanic
2017 n = 30
2021 n = 31
2017 GW n = 51
2021 GW n = 38
	1
	1
	0.96
	0.88
	0.98
	0.83
	0.94
	0.33

	White, Non-Hispanic
2017 n = 668
2021 n = 614
2017 GW n = 786
2021 GW n = 669
	0.9
	0.92
	0.9
	0.89
	0.92
	0.72
	0.94
	0.78

	Gender
	
	
	
	
	
	
	
	

	Female
2017 n = 454
2021 n = 403
2017 GW n = 568
2021 GW n = 454
	0.94
	0.91
	0.91
	0.87
	0.93
	0.66
	0.95
	0.75

	Male
2017 n = 431
2021 n = 401
2017 GW n = 537
2021 GW n = 445
	0.9
	0.91
	0.91
	0.89
	0.93
	0.74
	0.94
	0.76

	Age
	
	
	
	
	
	
	
	

	18-29
2017 n = 71
2021 n = 84
2017 GW n = 145
2021 GW n = 113
	0.93
	0.89
	0.96
	0.93
	0.95
	0.75
	0.94
	0.5

	30-44
2017 n = 172
2021 n = 138
2017 GW n = 243
2021 GW n = 171
	0.94
	0.89
	0.95
	0.88
	0.93
	0.62
	0.97
	0.78

	45-59
2017 n = 242
2021 n = 214
2017 GW n = 299
2021 GW n = 230
	0.92
	0.9
	0.85
	0.85
	0.93
	0.63
	0.93
	0.75

	60+
2017 n = 400
2021 n = 368
2017 GW n = 418
2021 GW n = 385
	0.92
	0.93
	0.91
	0.89
	0.93
	0.76
	0.94
	0.79

	Political ideology
	
	
	
	
	
	
	
	

	Moderate, middle of the road
2017 n = 300
2021 n = 303
2017 GW n = 424
2021 GW n = 380
	0.88
	0.82
	0.86
	0.74
	0.94
	0.54
	0.96
	0.68

	Somewhat conservative
2017 n = 193
2021 n = 175
2017 GW n = 206
2021 GW n = 165
	0.8
	0.97
	0.68
	0.94
	0.85
	0.75
	0.84
	0.75

	Somewhat liberal
2017 n = 201
2021 n = 157
2017 GW n = 262
2021 GW n = 168
	0.97
	0.57
	0.98
	0.67
	0.98
	0.38
	0.99
	0.67

	Very conservative
2017 n = 99
2021 n = 87
2017 GW n = 99
2021 GW n = 84
	0.73
	0.98
	0.55
	0.97
	0.61
	0.82
	0.77
	0.87

	Very liberal
2017 n = 90
2021 n = 79
2017 GW n = 104
2021 GW n = 88
	0.98
	0.82
	0.99
	-
	0.99
	0.57
	0.99
	-

	Political party
	
	
	
	
	
	
	
	

	Democrats
2017 n = 442
2021 n = 397
2017 GW n = 535
2021 GW n = 423
	0.97
	0.08
	0.98
	-
	0.98
	0.26
	0.99
	0.5

	Independent/Other
2017 n = 63
2021 n = 63
2017 GW n = 108
2021 GW n = 96
	0.55
	0.76
	0.73
	0.07
	0.93
	0.76
	0.94
	0.74

	No party/Not interested
2017 n = 27
2021 n = 8
2017 GW n = 105
2021 GW n = 50
	0.64
	0.69
	0.55
	-
	0.88
	0.58
	0.89
	0.67

	Republicans
2017 n = 353
2021 n = 334
2017 GW n = 354
2021 GW n = 321
	-
	0.97
	-
	0.94
	0.85
	0.77
	0.86
	0.79

	Education
	
	
	
	
	
	
	
	

	Bachelor's degree or higher
2017 n = 371
2021 n = 331
2017 GW n = 440
2021 GW n = 358
	0.96
	0.93
	0.93
	0.86
	0.95
	0.72
	0.96
	0.76

	High school
2017 n = 213
2021 n = 195
2017 GW n = 272
2021 GW n = 226
	0.88
	0.89
	0.86
	0.86
	0.91
	0.7
	0.93
	0.72

	Less than high school
2017 n = 34
2021 n = 25
2017 GW n = 64
2021 GW n = 42
	0.9
	0.83
	0.9
	0.86
	0.93
	0.56
	0.99
	0.94

	Some college
2017 n = 267
2021 n = 253
2017 GW n = 329
2021 GW n = 273
	0.91
	0.92
	0.92
	0.91
	0.92
	0.71
	0.93
	0.76





Table K in S1. Accuracy and MAF1 of GPTs for Global Warming Belief, Cause, and Worry across Sub-populations
	Variables
	GW Belief 
2017
GPT4 Demo + Cov
	GW Belief
2021
GPT4 Demo + Cov
	GW Cause 2017 GPT4 Demo + Cov
	GW Cause 2021 GPT4 Demo + Cov
	GW Worry 2017 GPT4 Demo + Cov
	GW Worry 2021 GPT4 Demo + Cov

	
	ACC
	MAF1
	ACC
	MAF1
	ACC
	MAF1
	ACC
	MAF1
	ACC
	MAF1
	ACC
	MAF1

	Race/ethnicity
	
	
	
	
	
	
	
	
	
	
	
	

	2+ Races, Non-Hispanic
	.86
	-
	.70
	-
	.57
	-
	.70
	-
	.68
	.61
	.65
	-

	Black, Non-Hispanic

	.83
	.48
	.81
	-
	.53
	-
	.59
	-
	.53
	.48
	.57
	.57

	Hispanic

	.84
	-
	.88
	-
	.53
	-
	.63
	-
	.69
	.65
	.64
	.56

	Other, Non-Hispanic

	.79
	-
	.95
	-
	.62
	-
	.90
	-
	.60
	.54
	.64
	-

	White, Non-Hispanic
	.75
	.54
	.81
	.58
	.52
	-
	.60
	-
	.67
	.67
	.55
	.53

	Gender
	
	
	
	
	
	
	
	
	
	
	
	

	Female

	.78
	.53
	.85
	.60
	.52
	-
	.61
	-
	.65
	.65
	.58
	.54

	Male

	.77
	.54
	.79
	.53
	.54
	-
	.62
	-
	.66
	.65
	.56
	.54

	Age
	
	
	
	
	
	
	
	
	
	
	
	

	18-29
	.78
	.52
	.83
	.40
	.51
	-
	.63
	-
	.69
	.68
	.66
	.59

	30-44
	.79
	.48
	.84
	.56
	.55
	-
	.65
	-
	.64
	.61
	.61
	.58

	45-59
	.76
	.54
	.77
	.55
	.52
	-
	.60
	-
	.62
	.62
	.53
	.52

	60+
	.77
	.56
	.84
	.61
	.54
	-
	.60
	-
	.67
	.68
	.55
	.52

	Political ideology
	
	
	
	
	
	
	
	
	
	
	
	

	Moderate, middle of the road

	.78
	.46
	.84
	.47
	.45
	-
	.58
	-
	.65
	.62
	.57
	.51

	Somewhat conservative
	.62
	.50
	.65
	.50
	.43
	-
	.42
	-
	.61
	.60
	.52
	.51

	Somewhat liberal
	.95
	-
	.97
	.63
	.73
	-
	.81
	-
	.67
	.53
	.59
	-

	Very conservative
	.59
	.48
	.72
	.55
	.45
	-
	.58
	-
	.69
	.64
	.56
	.52

	Very liberal
	.90
	-
	.97
	-
	.78
	-
	.89
	-
	.72
	.60
	.64
	-

	Political party
	
	
	
	
	
	
	
	
	
	
	
	

	Democrats
	.94
	.44
	.95
	-
	.69
	-
	.80
	-
	.70
	.57
	.61
	.44

	Independent/Other
	.71
	-
	.77
	.46
	..43
	-
	.55
	-
	.54
	.54
	.55
	.50

	No party/Not interested
	.67
	.49
	.67
	.51
	.37
	-
	.42
	-
	.62
	.63
	.59
	.59

	Republicans
	.63
	.51
	.72
	.57
	.42
	-
	.45
	-
	.65
	.62
	.52
	.50

	Education
	
	
	
	
	
	
	
	
	
	
	
	

	Bachelor's degree or higher
	.82
	.51
	.86
	.55
	.64
	-
	.69
	-
	.66
	.64
	.60
	.53

	High school
	.71
	.53
	.79
	.54
	.45
	-
	.53
	-
	.64
	.65
	.53
	.51

	Less than high school
	.76
	.54
	.74
	.58
	.43
	-
	.54
	-
	.64
	.61
	.63
	.61

	Some college
	.77
	.56
	.80
	.59
	.48
	-
	.59
	-
	.66
	.65
	.56
	.55
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