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Abstract 

Accurate understanding of the social world is vital for addressing complex societal challenges. As 

humans navigate information-rich environments, they form perceptions about social norms that 

critically influence collective action on existential threats like climate change and democratic 

erosion. These perceptions often contain systematic distortions: underestimating public support 

for climate policies and overestimating endorsement of antidemocratic actions. While previous 

research has documented these misperceptions and their consequences, my work investigates their 

underlying cognitive mechanisms. In the first chapter, I present a meta-analysis of query theory, 

finding support for its central claims that stimulus framing affects the order in which people 

evaluate options which, in turn, affects the balance of support and leads to choice anomalies. In 

the second chapter, I extend query theory to social norm perception, developing a memory-

retrieval theory. Norm perceptions are, in part, constructed by the order and content of the memory-

querying process. The third chapter investigates how information environments, particularly media 

coverage, shape perceptions of democratic norms in the United States. I use large-language models 

to identify and quantify the amount of social norm information communicated through cable news. 

Exposure to norm information in one’s media diet is associated with attitudes and partisan norm 

perceptions about democracy. The fourth chapter examines the cognitive mechanisms through 

which social norm information influences policy support across energy technology domains. 

Query order and content are affected by social norm information, impacting policy support. This 

finding holds for participants who are not skeptical of the policy or norm information. This multi-

pronged investigation advances our understanding of how social perceptions are constructed and 

affect complex societal transitions, addressing critical challenges that require coordinated 

collective action based on accurate perceptions of the normative landscape.  
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Introduction 

Understanding the social world is fundamental to living in a society. Humans are born into 

cultures with complex information systems that exceed individual capacity (Henrich, 2016). As 

social beings, humans have evolved to exceed that individual capacity by processing complex 

informational signals from individuals, groups, and institutions to understand what is expected or 

permissible in different contexts. These evolutionary adaptations that have equipped us with social 

emotions and social cognition help us determine whom to trust, assess environmental safety, and 

interpret subtle social cues in our daily interactions. In recent decades, the growth and 

proliferations of social media platforms and traditional media channels have increased the volume 

of social cues that inform social norms. Social norms represent attitudes or behaviors that are either 

considered desirable (injunctive) or prevalent (descriptive) within specific groups or contexts 

(Cialdini & Goldstein 2004; Legros & Cislaghi 2020; Hector & Opp, 2001). Norms extend beyond 

interpersonal dynamics to shape our perceptions of institutions, influencing our confidence in 

democratic systems, expectations of corporate behavior, and attitudes toward governance 

structures (Otto et al., 2020). Social norms become particularly crucial when addressing complex 

challenges like climate change, where significant temporal and spatial separation exists between 

actions and their subsequent outcomes. 

Accurate perception of social norms enables individuals to participate effectively in civic 

life, resist self-silencing, and contribute to solving collective problems. When these perceptions 

become distorted, we risk entrenched polarization, institutional mistrust, and coordination failures 

at moments when cooperation is most vital. Our ability to address existential threats thus depends 

significantly on perceiving and responding to the true normative landscape rather than distorted or 

incomplete versions that impede progress. 
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The relationship between social norms and policy is reciprocal and dynamic. Social norms 

about policy sit at the intersection of individual and collective solutions to societal challenges, with 

signals from the public shaping governance and technological strategy in the energy transition 

(Otto et al., 2020). Citizens communicate policy preferences both directly through public 

discourse—signing petitions or contacting representatives—and indirectly by voting for aligned 

candidates. Simultaneously, institutions and elites shape norm perceptions through media 

discourse that adjusts expectations of others' beliefs, attitudes, or behaviors (Nyborg et al 2016; 

Clark et al., 2023). This dissertation focuses specifically on perceived norms affecting complex 

societal threats: energy transition policy and threats to democracy.  

Both climate change and attitudes towards democracy are characterized by profound 

uncertainty and widespread public misconceptions regarding the actual social norms. They are 

extensively deliberated in both public discourse and private conversations—the potential sources 

of normative information are numerous and frequently contradictory. Empirical evidence indicates 

that individuals systematically underestimate public support for climate policies (Sparkman et al., 

2022) and overestimate public endorsement of antidemocratic actions (Kim et al., 2022). These 

misperceptions can precipitate self-censorship and retaliatory behavior, both of which contribute 

to system destabilization. 

When public knowledge regarding a policy domain, such as novel energy technologies, is 

limited, individuals rely more on the perceived attitudes of others. Underestimated support for 

climate policy attenuates expressions of genuine support. Conversely, when the public 

overestimates support for antidemocratic actions, trust in individuals and institutions may be 

compromised due to exaggerated perceptions regarding the erosion of democratic norms. While 

the extant literature has predominantly focused on the causal factors underlying these 



 9 

misperceptions, this dissertation investigates the cognitive mechanisms through which these 

phenomena manifest by applying a process framework to the perception and formation of norms 

that affect these complex social systems challenges. 

Chapter 1 presents a meta-analytic evaluation of query theory, a psychological process 

theory that explains how attentional processes and memory dynamics influence preference 

construction and decision-making (Johnson et al., 2007; Weber et al. 2007). The chapter provides 

the first comprehensive quantitative assessment of query theory since its inception. I use meta-

analytic methods to evaluate the core premises of query theory. The first analysis examines how 

decision frames affect query order, analyzing studies that employ a query theory paradigm to elicit 

thought listings while investigating the relationship between decision framing and judgments or 

choices. The second analysis evaluates the mediating mechanisms of query theory by analyzing 

the proportion of the total effect that is mediated by query content and query order. The third 

analysis tests the causal claim that query order affects choice by comparing the effects of natural 

versus unnatural query order on decision outcomes. 

The findings from these meta-analyses, synthesizing data from 27 papers with 14,602 total 

participants, provide substantial support for query theory’s central claims. Specifically, the results 

demonstrate that decision frames significantly affect query order with a medium effect size (d = 

0.34), that query mechanisms partially mediate the relationship between decision frame and 

choice, and that manipulating query order substantially reduces the effect of decision framing on 

choice, decreasing the effect size from d = 0.92 to d = 0.39. These results validate the query theory 

process theory of framing effects on judgment and decision anomalies that are typically modeled 

by Prospect Theory's functional account (Kahneman & Tversky, 1979; Tversky & Kahneman, 

1992). 
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Chapter 2 extends query theory from individual preference construction to the domain of 

social cognition, specifically focusing on the constructed perception of social norms. The chapter 

is motivated by growing evidence of pluralistic ignorance regarding environmental policies and 

behaviors, where individuals systematically underestimate public support for pro-environmental 

initiatives (Geiger & Swim, 2016; Sparkman et al., 2022). This underestimation creates false social 

realities that lead to self-silencing and impede collective action on critical issues such as climate 

change. I argue that while previous research has documented these perception gaps and their 

consequences, less attention has been paid to the underlying cognitive processes that construct 

inaccurate social norm perceptions. Understanding these cognitive mechanisms is crucial as it 

explains both how inaccurate perceptions initially form and why amplify or become entrenched. 

A better understanding of the cognition of social norm perceptions can provide the foundation for 

developing more effective interventions that can correct misperceptions and prompt accurate social 

understanding. 

The chapter develops a memory-retrieval theory of norm perception by integrating insights 

from Kahneman and Miller's norm theory (1986) with query theory. Through two studies, I 

investigate whether social norm perceptions are constructed through memory-retrieval processes, 

identify which features of memory predict norm perceptions, and evaluate norm perceptions about 

corporate responsibility and individual food choices. Study 1 serves as an exploratory analysis 

examining how the stimulus frame (asking for norm agreement or disagreement) and norm type 

(injunctive versus descriptive) affect query order and content. Study 2 formally tests four 

hypotheses: that question frame affects query order and content, that norm type influences query 

order and content, that query order and content predict norm perception, and that norm type affects 
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the types of memories (semantic versus episodic) that individuals access when forming norm 

perceptions. 

This research represents an innovative theoretical extension of query theory to social 

cognition, suggesting that social norm perceptions are constructed at least partially through 

memory-retrieval processes and are influenced by the order and content of retrieved memories. By 

identifying the cognitive mechanisms underlying norm perception, this chapter contributes to our 

understanding of how individuals develop perceptions about social consensus, particularly 

regarding environmental issues. 

Chapter 3 building on the ideas of norm construction by examining how the information 

environment, particularly media coverage, shapes perceptions of democratic norms in the United 

States. There is a general consensus that American democracy is under threat from political 

sectarianism (Finkel et al., 2020) and the weakening of democratic norms (Holliday et al. 2024). 

While empirical evidence suggests that antidemocratic attitudes remain primarily confined to 

political elites rather than the general public (Holliday et al. 2024), high levels of affective 

polarization contribute to misperceptions about public endorsement of antidemocratic norms 

(Iyengar et al., 2019). I investigate the social norm information communicated through cable 

television news and the effect on individual attitudes and social norm perceptions about 

democracy. 

The chapter explores the real, information-dense environment through which people 

receive critical information, both knowingly and unknowingly, about democracy. Media 

polarization, particularly in prime-time television, has been linked to increased viewer partisanship 

and engagement in political discord. While individuals attempt to identify social patterns from this 

information deluge, their perceptions are often shaped by the ideological slant of their news 
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sources, which affects their understanding of what behaviors are permissible within a democratic 

system. 

I leverage recent advances in large language models (LLMs) to investigate social norm 

information in cable television news and how media consumption affects attitudes and social norm 

perceptions about antidemocratic actions. This chapter has three sections: first, I evaluate how well 

different LLMs can identify norm information in cable news transcripts; second, I present 

descriptive analyses of cable news coverage in the two months preceding the 2024 United States 

Presidential Election; and third, I conduct a survey of registered voters to understand how norm 

prominence within their media diet shapes their attitudes and perceptions about democracy. By 

linking participants' reported media consumption to my text corpus, I quantify exposure to 

democracy coverage and investigate whether norm prominence in media diet correlates with 

democratic attitudes and perceptions. 

Chapter 4 investigates the cognitive mechanisms through which social norm information 

influences policy support. Building on established research demonstrating that social norms shape 

behaviors, attitudes, and beliefs, this chapter focuses on the question of how norm information 

influences policy support at a cognitive level. I employ a naturalistic type-aloud procedure 

developed in query theory to identify the cognitive mechanisms that explain the effects of norm 

information interventions. 

The chapter presents a series of studies that test a query theory explanation of social norm 

interventions in various policy contexts. Study 1 examines both positive and negative norm 

provision in a hypothetical policy scenario. Studies 2a-c test hypotheses in real policy contexts 

with accurate norm information, each addressing a different policy domain: energy efficiency with 

positive norm treatment, labor organizing with positive norm treatment, and energy technology 
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with negative norm treatment. Study 3 manipulates query order to test the causality of the query 

theory explanation using the same policy and norm context as Study 2c. Finally, Study 4 extends 

the findings to a more naturalistic information environment by providing policy context and norm 

information through actual television news clips related to support for large-scale solar farms. 

I test four primary hypotheses across these studies: that social norm information affects 

policy support (with positive norms increasing support and negative norms decreasing it); that 

norm information influences query order and content; that query order and content mediate the 

effect of social norm information on policy support; and that manipulating query order to an 

"unnatural" sequence attenuates the effect of norm information on policy support and query 

content. By investigating these hypotheses, the chapter provides insights into the cognitive 

processes through which norm information shapes policy attitudes, with implications for designing 

more effective and scalable normative interventions. 

This dissertation presents a multi-pronged investigation of how cognitive processes, 

particularly memory-retrieval mechanisms, influence individual decision-making, social norm 

perception, and policy attitudes. The research progresses from a meta-analytic validation of query 

theory in individual preference construction (Chapter 1) to its extension to social norm perception 

(Chapter 2), followed by examinations of how news media shapes democratic norm perceptions 

(Chapter 3) and how norm information affects policy support through cognitive mechanisms 

(Chapter 4). This work advances our understanding of the psychological processes underlying 

social cognition of diverse information sources in contexts of complex societal change. 
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Chapter 1: A Meta-Analysis of Query Theory, a Psychological Process Account of Framing 

Effects 1 2 

Prospect theory (PT), introduced by Daniel Kahneman and Amos Tversky in 1979 and 

further refined in 1992 (Kahneman & Tversky, 1979; Tversky & Kahneman, 1992), is probably 

psychology’s most successful export to economics and other social sciences. It was prominently 

cited as a ‘formulation of a new branch of economics’ in the citation awarding the Nobel Prize for 

Economic Science to Kahneman in 2002. Its insights modify expected utility theory (Von 

Neumann & Morgenstern, 1953), economics’ normative model of risky choice. PT’s most 

important insight is the observation that the outcomes of risky choice options are evaluated relative 

to a reference point rather than in an absolute fashion. Kahneman and Tversky modify expected 

utility theory by providing it with a utility function that is risk averse for perceived gains, risk 

seeking for perceived losses, and steeper for losses than for gains, a property described as loss 

aversion. 

The addition to a flexible reference point, in conjunction with different functional 

mappings from objective outcomes to perceived value when the outcome is encoded as a relative 

loss or relative gain, allows PT to account for a broad range of phenomena collectively labeled 

framing effects that have been documented in both lab and real-world settings (Kahneman & 

Tversky, 2000). Framing effects are significant changes in the choice made as the result of a 

normatively irrelevant change in the description of choice options, e.g., by making one or another 

option the prechecked default option (Johnson & Goldstein, 2003) or by asking people to choose 

 
1 This chapter is currently under review at the Journal of Risk and Uncertainty for a Special Issue in 

Honor of Daniel Kahneman. 

2 This chapter was written with coauthors: Shannon M. Duncan (University of Pennsylvania), Eric J. 

Johnson (Columbia University), and Elke U. Weber (Princeton University). 
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between a smaller immediate or larger later reward by either asking them whether they would want 

to delay the immediate reward or whether they would want to accelerate the later reward 

(Loewenstein, 1988). PT models these changes in preference between two (normatively 

equivalent) frames by assuming that the frame changes the implicit reference point to which the 

outcomes of the choice options are compared. 

PT provides a convincing account for framing effects, which are not predicted in any way 

by expected utility theory. But like expected utility theory, PT is a functional-level (“as-if”) theory, 

not a psychological process theory. That is, PT does not assume that decision makers in fact 

perform the comparisons of outcomes to a reference point nor that their choices are based on 

differential emotional responses to perceived gains versus perceived losses (Weber & Johnson, 

2006). Instead, choices are made in some way “as-if” these operations occurred. 

When researchers have examined loss aversion as a psychological process claim about 

emotions, namely that “the aggravation that one experiences in losing a sum of money appears to 

be greater than the pleasure associated with gaining the same amount” (Kahneman & Tversky, 

1979, p. 279), they have often shown no differences between the magnitudes of pleasure and pain 

(Charpentier et al., 2016; Mellers, 2000). This raises the question whether other psychological 

process models can give rise to the choice pattern predicted by PT’s loss-averse value function. 

Query theory (QT) offers a psychological step-by-step process account of how values are 

constructed or assembled (Li et al., 2015) and how choice anomalies like framing effects (Weber 

et al., 2007) and other judgement anomalies emerge as a result (Johnson et al., 2007). Weber and 

Johnson (2006) suggest that preferences are subject to the dynamics of memory retrieval, and that 

decisions are affected by memory and attention processes. QT relies on four premises: (1) that 

decision-makers decompose a choice or valuation into component queries (Collins & Michalski, 
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1989), (2) that these queries are asked sequentially due to cognitive processing limitations, (3) that 

earlier queries shape subsequent queries through output interference (Dempster, 1995) or retrieval-

induced forgetting (Anderson et al., 2000), resulting in a more successful recall of arguments for 

choosing the first option considered, and (4) that query order is affected by the frames of a decision, 

which focus attention on a different initial option. 

Process tracing is a broad class of methodological approaches in the cognitive sciences that 

all involve collecting data at multiple time points during a complex task or decision. Such methods 

include verbal protocols where participants “think aloud” during a task and their speech is 

measured (Burchardi & Penczynski, 2014; Ericsson & Simon, 1980; Highhouse, 1994), mouse 

tracking protocols where participants’ mouse clicks are measured (Costa-Gomes & Crawford, 

2006; Payne et al., 1993), and eye tracking protocols where participants’ eye movements, and the 

fixation on the visual items they attend to, are measured (Stewart et al., 2016; Wang et al., 2010). 

QT is closest to verbal “think aloud” protocols, within which there is an important distinction 

between concurrent verbal reports and retrospective reports. See Ericsson and Simon (1980), 

Russo and colleagues (1989) and Ericsson and Simon (1993) for a discussion of this distinction. 

QT uses a typed concurrent report. 

The ecological validity of these protocols is critical to evaluate—does measuring a 

participant’s thought process change that process in some way? A meta-analysis of the Ericsson-

Simon protocol finds that “think aloud” process tracing methods (i.e., when participants are asked 

to verbalize their thoughts during a task) do not lead to reactivity nor alter task performance (Fox 

et al., 2011). The review cautions against directing participants to explain their decision or process 

as that can lead to reactivity (i.e., distorting information by accessing it). For a relevant review of 

the tradeoffs surrounding different process tracing methods see Schulte-Mecklenbeck and 
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colleagues (2017). Taken together, the literature suggests that process tracing, when applied 

appropriately, measures a naturalistic decision process (Russo et al., 1989). QT leverages the 

validated instructions from verbal process tracing protocols (i.e., “share what goes through your 

mind”) while enabling researchers to collect larger sample sizes. 

The typical QT investigation (e.g., Johnson et al., 2007, Weber et al., 2007) provides 

evidence about hypothesized variables and processes through process-tracing methodology that 

utilizes think-aloud protocols. The protocol is often a type-aloud paradigm as most studies are 

conducted online with demographically and socio-economically diverse samples. A first study 

traces the output of hypothesized queries (“why choose Option A?”, “why choose Option B?”), 

the order in which the two queries are generated and the relative evidence generated to answer 

each query. This query clustering was also validated with latent semantic analysis, a data-driven 

form of text analysis (Johnosn et al., 2007) and reaction time comparisons (Weber et al., 2007). 

Mediation analysis determines whether query order and query content, in combination or 

separately, predict respondents’ choices under each frame and, more importantly, whether 

differences in query order and query content between frames predict differences in choices.  

A second study often probes the causal role of the change in query order between frames, 

by directly manipulating query order. The question about why to choose option A and why to 

choose option B, are explicitly prompted, and the order manipulated. This produces a ‘natural 

order’ which is consistent with how people do the task naturally. They first generate arguments for 

one option and only subsequently generate arguments for the other option. In contrast, reversing 

this natural order, the ‘unnatural order’, researchers show a smaller framing effect.  

These meta-analyses capture different aspects of these studies. In the first meta-analysis, 

Meta-Analysis 1, I examine if the two frames produce different query orders, a necessary condition 
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for query theory to operate. In Meta-Analysis 2, I examine if these differences mediate the effects 

of framing upon choice. These two analyses are based then, typically, on the first experiment of 

the series. In Meta-Analysis 3, I focus on the second kind of study that manipulates the order of 

queries explicitly and see if the two orders produce different framing effects. The logic is that the 

‘natural order’ should produce a large framing effect, but that by reversing the two queries, 

producing an ‘unnatural order’, the framing effect will be substantially diminished. The analyses 

are conducted as separate meta-analyses because the claims rely on different statistics (while the 

studies in Meta-Analyses 1 and 2 overlap, they evaluate different statistics from different analyses) 

and the causality claim is investigated in a different study (the nature of Meta-Analysis 3, that 

query order is manipulated, is mutually exclusive with Meta-Analyses 1 and 2, where there is not 

order manipulation).  

The QT literature has focused on explaining anomalies in decisions and judgement, such 

as the endowment effect (Johnson et al., 2007) and inter-temporal discounting (Appelt et al., 2011; 

Hardisty et al., 2013; Weber et al., 2007). Various studies apply QT to real-world decisions, such 

as Knoll and colleagues (2015) who examine when people choose to claim social security, Majd 

and colleagues (2017) who examine food decisions made by restricted eaters, and Poon and 

colleagues (2023) who examine multi-alternative choice in the context of consumer electronics. 

QT has also been applied to default paradigms to understand the psychological mechanism and 

evaluate effectiveness (i.e., Dinner et al., 2011; Duncan & Weber, n.d.). 

 

Chapter Overview 

QT (Johnson et al., 2007; Weber et al., 2007) was introduced in the literature in 2007 and 

there has been substantial uptake from psychologists studying a range of anomalous decision-
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making phenomena. The goal of this meta-analysis is to take stock of the last seventeen years of 

QT research and revisit the main claims of the theory with meta-analytic evidence. There has not 

been a comprehensive literature review, or meta-analysis, of QT since its conception and this is 

the first paper to evaluate the literature comprehensively and quantitatively. The first aim was to 

examine the effect of decision frame (e.g., being endowed versus not being endowed) on query 

order (measured as differences in what is made available from memory) (Meta-Analysis 1). I 

included all studies that use a QT study paradigm to elicit thought listings while examining the 

effect of decision frame on judgement or choice between two outcomes. The second aim was to 

evaluate the QT mechanism by meta-analyzing the mediation effect of query content and query 

order on the relationship between decision frame and choice. For all papers that conduct a 

mediation analysis, I extract the mediation proportion, or the proportion of the total effect that is 

mediated by query content and query order. This is Meta-Analysis 2. The third aim was to evaluate 

the causal claim that query order affects choice. I compare the effect of query order (natural versus 

unnatural) on choice (Meta-Analysis 3). Across these three meta-analyses, I offer a comprehensive 

evaluation of the core QT premises. 

 

Meta-Analytic Methods 

I followed the Preferred Reporting Items for Systematic Reviews and Meta-Analyses 

(PRISMA) guidelines for meta-analysis reporting (Moher et al., 2009). See Figure 1.1 for the 

PRISMA search flow chart. Data and scripts for this project are available on the Open Science 

Framework: https://osf.io/qzw9g/?view_only=95aeb447e25e43cca10d6df47f69680b. 

Search Strategy 

https://osf.io/qzw9g/?view_only=95aeb447e25e43cca10d6df47f69680b
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To identify candidate studies, I conducted a systematic literature search for original, 

experimental studies that use query theory to explain a behavioral phenomenon or an anomaly in 

rational choice. The search followed the PRISMA guidelines (Moher et al., 2009; Figure 1.1). I 

conducted the literature search using a systematic database search (i.e., Web of Science, APA 

PsychInfo, Scopus, EBSCO Academic Search Ultimate), a grey literature search (i.e., Google 

Scholar, APA PsychEXTRA), outreach to relevant academic societies (i.e., Society of Judgement 

and Decision Making), and targeted outreach to relevant authors. The full search string was: 

([(“query theory” OR “query-theory”) AND Publication date: 2007-2024] OR [cites Johnson et 

al. 2007] OR [cites Weber et al. 2007]). To mitigate publication bias, no journal or publication 

filters were used and unpublished work was included (e.g., dissertations, conference papers). When 

there were multiple reports of the same study (i.e., a poster and a published paper), the published 

peer-reviewed version was used. Papers in all languages were considered, there was a single 

relevant paper that was not written in English and DeepL Translate was used for translation. 

Inclusion Criteria 

I have three sets of inclusion criteria for the three studies. Meta-Analysis 1 inclusion criteria 

were: (a) studies must appropriately apply the thought listing method before a choice or judgment 

(as described by Johnson et al., 2007 or Weber et al., 2007), (b) studies do not manipulate the order 

or contents of thoughts or aspects, (c) the decision task must be an individual-level choice or 

judgment, (d) the results must report the standardized median rank difference (i.e., the indicator 

for query order) or the raw data for this calculation must be provided, (e) studies must report the 

size of the effect of condition on choice, and (f) studies must be original and experimental.  

Meta-Analysis 2 inclusion criteria were: (a) studies must appropriately apply the thought 

listing methodology before a choice or judgment, (b) studies do not manipulate the order or 
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contents of thoughts or aspects, (c) the decision task must be an individual-level choice or 

judgment, (d) the results must report a mediation analysis of how the inclusion of query order 

and/or query content mediated the relationship between framing condition and choice or there must 

be raw data available to conduct this analysis, (e) when such a mediation analysis, studies must 

report a direct and indirect effect of condition on choice, and (f) studies must be original and 

experimental. Studies can appear in Meta-Analyses 1 and 2 as long as the relevant dependent 

variables are reported.  

Meta-Analysis 3 inclusion criteria were: (a) studies must manipulate thought listing into a 

natural and unnatural/reversed condition, (b) participants must do thought listings before making 

a choice or judgment, (c) the decision task must be an individual-level choice or judgment, (d) 

studies must report the effect size of framing condition on choice for the natural and unnatural 

conditions, and (e) studies must be original and experimental. The criteria for Meta-Analysis 1 and 

Meta-Analysis 3 are mutually exclusive because the former examines unmanipulated query order 

and the latter examines manipulated (natural versus unnatural) query order. If a paper appeared to 

meet the inclusion criteria but inadequate data was provided in the manuscript, I referenced 

supplemental and open access data. If the available materials were not sufficient, I reached out to 

the corresponding author. 

The PRISMA flow diagram (Figure 1.1) illustrates the process of searching and screening 

papers for inclusion. The literature search was conducted in two waves— a preliminary search in 

2020 to scope the literature and design Meta-Analysis 1 and comprehensive database search 

conducted in July 2024. The database searches return 1,929 records. After removing duplicates 

and papers that do not mention query theory in the abstract, there were 740 unique papers to screen 

in detail. Papers were screened three times—once for each meta-analysis (inclusion criteria above). 
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Each study within a paper was considered independently. For Meta-Analysis 1, 33 effect sizes 

from 25 papers met the inclusion criteria. For Meta-Analysis 2, 15 effect sizes from 12 papers met 

the inclusions criteria. And for Meta-Analysis 3, 26 studies from 11 papers met the inclusion 

criteria. 

 

 

Figure 1.1. PRISMA flow diagram for systematic reviews. 

 

Data extraction, conversion, and coding. 

Two of the authors extracted and coded the effect sizes and moderators for the included 

studies. Disagreements were resolved through discussion with other authors. When manuscripts 

did not clearly report the necessary metrics or information, I reached out to the corresponding 

author and discussed the study design. 
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Meta-Analysis 1. I extracted the effect size for the effect of framing condition on SMRD 

for all studies that met Meta-Analysis 1 criteria (k = 33). The independent variable was the study-

specific framing manipulation and the dependent variable was the standardized median rank 

differences (SMRD) between arguments for choosing Option A and arguments for choosing 

Option B. SMRD is defined as 2(MRi - MRp)/n, where MRi is the median rank of arguments for 

choosing Option A in a respondent’s sequence of thought listing preceding the choice, MRp is the 

median rank of arguments for choosing Option B, and n is the total number of thoughts listed. 

SMRD takes the value of +1 if all arguments for choosing Option A are recalled first, and -1 if all 

arguments for choosing Option B are recalled first, and 0 if the types of arguments do not cluster 

but are randomly interspersed. If a paper did not calculate SMRD or deviates from the specified 

equation, I calculated SMRD from the raw data. The outcome variable was always coded so that 

a higher value is aligned with the decision frame prediction (e.g., in a default frame, the default 

choice would be considered first). Most studies reported the effect as an F statistic (k=16) or a t 

statistic (k=13), with a few effects reported as mean differences (k=1) and regression coefficients3 

(k=1). All effects were transformed to Cohen’s d. When a study reported d I used the reported 

statistic, and when d was not reported I used the ‘esc’ package in R (Lüdecke, 2016) to convert 

effect sizes into d to implement the guidelines by Wilson (2023) (updated from Lipsey & Wilson, 

2009). 

Meta-Analysis 2. For all studies that conduct a mediation analysis of the mediating role of 

query theory mechanisms (query order, query content, or both), on the effect of condition on 

 
3 The inclusion of regression coefficients in a meta-analysis is sometimes contested because the 

coefficient describes the relationship between two variables after accounting for other variables that were 
measured (Roth et al., 2018). I confirmed that the beta extracted from Adjerid et al. (2016) did not include 

covariates in the regression. 
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choice, I extracted the proportion mediated, the associated p-value, and the 95% confidence 

interval. Proportion mediated is the indirect effect divided by the total effect and, simply put, 

describes how much of the total effect is accounted for by the mediator (MacKinnon et al., 2007). 

When papers report the proportion mediated, I extract the proportion effect size directly and the p-

value and 95% confidence interval from the bootstrapped mediation test (Shrout & Bolger, 2002). 

When the proportion was not reported, I calculated the proportion from the mediation analysis 

presented in the paper (i.e., total effect and indirect effect). When raw data was available, I ran the 

mediation analysis using the “mediation” package in r with 10,000 bootstraps and used the 

proportion mediated output (Tingley et al., 2014). No effect sizes were converted, the effect size 

was either extracted directly from the paper, calculated from the direct, indirect, and total effects 

reported in the paper, or calculated from the raw data. Following best practice for meta-analyses 

of ratio and proportion metrics, I apply a natural log transformation to the proportion mediated 

statistic (Higgins et al., 2024). Confidence intervals were not reported for all studies, so I converted 

p-values to standard error by dividing the natural log of the effect by the z-scored p-value, 

following the Cochrane Handbook (Higgins et al., 2024). 

Meta-Analysis 3a and 3b. Two effect sizes were collected for studies included in these 

meta-analyses: the effect of the framing condition on the outcome decision when thoughts were 

listed in the natural order and the effect of the framing condition on the outcome decision when 

thoughts were listed in the unnatural order. Framing is broadly defined as any intervention that 

presents information about choice options in normatively irrelevant ways that nonetheless can be 

expected to change the decision maker’s relative attention to the two choice options, as when the 

framing changes which of the two choice options is designated as the default choice option. The 

dependent variable is a decision or judgement; to compare across results, I assign higher values to 
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align with the decision frame (i.e., the framed option is indicated by higher values). The queries 

and their order are defined by the context of the study. Natural order is considered the thought 

listing order (e.g., thought type 1 before thought type 2) that was observed when thought listing 

was not constrained in any way, Unnatural order reverses that order (e.g., thought type 2 before 

thought type 1). I extracted the effect sizes and variance for both analyses in Meta-Analysis 3a4 

(natural query order) Meta-Analysis 3b (unnatural query order)—the independent variable was the 

decision frame, and the dependent variable was the decision. Studies reported the effects with F 

statistics (k=3), mean differences (k=3), t statistics (k=3), chi-squared statistics (k=2), standardized 

betas (k=1), and Cohen’s d (k=1). When the effect size was not reported as d in the papers, I convert 

the reported effect size to d using the ‘esc’ package in R (Lüdecke, 2016), which follows the 

Wilson (2023) conversion guidelines (updated from Lipsey & Wilson, 2009). 

Moderators. To explore possible sources of heterogeneity in the meta-analyses, I coded for 

potential moderators. These moderators are characteristics of the observations that could influence 

differences in the effect sizes or reveal boundary conditions. The moderators are: the year the study 

was conducted, the publication status (dummy variable, published = 1, not published = 0), the type 

of choice of each study (risky choice, inter-temporal choice, and multi-attribute choice, each coded 

as 0 = no, 1 = yes), sample size, and whether the study was conducted online or not (dummy 

variable, online = 1, in person = 0). 

Analysis method  

All effect sizes were converted to a common metric (Cohen’s d for Meta-Analyses 1 and 3 

and proportion mediated for Meta-Analysis 2), as described previously. A random-effects model 

 
4 Within each paper, the statistics that I extracted for the natural and unnatural though order studies were 

the same (i.e., if a paper compared the effect of decision frame on choice with a t-test, I extracted t-

statistics for both the natural and unnatural thought order study). 
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used the restricted maximum likelihood estimator (Viechtbauer, 2010) for each of four meta-

analyses. Analyses with alternative model specifications, including fixed effects and robust 

variance estimation is presented in Table A1.2 to Table A1.4. Meta-Analysis 1 investigates the 

relationship between decision frame and SMRD. Meta-Analysis 2 investigates the proportion of 

the effect of decision frame on choice that is mediated by query theory mechanisms and the model 

includes fixed effects for the mediator factor that was reported (query order, query content, or a 

combine factor). Meta-Analysis 3 uses two meta-regressions to investigate the relationship 

between decision frame and choice in natural query order (Meta-Analysis 3a) and unnatural query 

order (Meta-Analysis 3b) conditions. Results from the Meta-Analyses 1 and 3 are presented as a 

Cohen’s d (Cohen, 1988) and results from Meta-Analysis 2 are presented as proportion mediated. 

All analyses are conducted using the ‘metafor’ R-package (Viechtbauer, 2010). 

I tested for heterogeneity by calculating Q and I2 statistics in the ‘metafor’ package 

(Viechtbauer, 2010). Q was calculated as the sum of the squared difference between each included 

study’s effect size and the combined effect size, weighting each study by the inverse variance 

(Huedo-Medina et al., 2006). A Q hypothesis test is run to examine whether there is true 

heterogeneity (alternative hypothesis) or not (null hypothesis) in the sample. The I2 statistic 

describes how much heterogeneity there is in the sample (Huedo-Medina et al., 2006). Q tests of 

moderator heterogeneity were used in Meta-Analysis 3 to examine heterogeneity associated with 

the moderators in those two sub meta-analyses. 

When conducting a meta-analysis, it is best practice to account for possible publication 

bias caused by the systematic underrepresentation of null, small, or counter-intuitive results in 

academic journals. First, I sought to mitigate this bias in the literature search by including grey 

literature, such as posters and dissertations, and by contacting researchers who might have 
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qualifying studies in their file drawer. These methods resulted in the inclusion of eight effect sizes 

from four papers (these papers are included in the PRISMA flow diagram, Figure 1.1). Second, 

publication bias is visually assessed with a funnel plot of studies included in the meta-analysis; if 

no bias exists, the plot is symmetrical and distributed around the combined effect size (Borenstein 

et al., 2009; Rothstein et al., 2006). Third, I tested for funnel plot asymmetry using Egger’s 

regression test in the ‘metafor’ R-package (Egger et al., 1997; Viechtbauer, 2010). Finally, when 

asymmetry was present, I used Duval and Tweedie’s (2000) trim and fill method to estimate a 

symmetrical funnel plot and a bias-corrected combined effect size. 

Results 

Meta-Analysis 1 

Base Model. I found a total of 33 effect sizes from 29 studies and 25 papers, with a total 

of 11,202 participants, reporting the effect of decision frames on query order. Each effect size was 

coded for the type of choice—22 effect sizes focus on multi-attribute decisions, 6 focus on 

intertemporal choice, and 5 focus on risky choice. The median sample size of the studies in this 

meta-analysis is 189 (SD = 367).  

I find a significant effect of decision frame on query order d+= 0.34, CI95 = [0.27, 0.41], 

p < .001, I2 = 59.63 %. This positive effect means that one frame produced a greater standardized 

median rank difference (SMRD), i.e., an earlier listing of thoughts favoring one choice option than 

the alternative frame, in the direction predicted by QT, e.g., with defaulted choice options being 

considered first (Johnson et al., 2007; Weber et al., 2007). The forest plot in Figure 1.2 shows that 

this effect is positive for all studies in the meta-analysis. The model indicates significant 

heterogeneity (QE = 82.49, df = 32, p < .0001) due to study-level variation. This was further 
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confirmed by the moderate level of true heterogeneity described by the I2statistic (I2= 59.63%; 

Higgins & Thomas, 2023). 

 

 

Figure 1.2. Forest plot of 33 effect sizes in Meta-Analysis 1. Effect sizes are measured as the effect 

of frame on SMRD, using Cohen’s d. 

 

The results of study-level (d+= 0.35, CI95 = [0.28, 0.42], p < .001, I2 = 61.26 %) and article-

level (d+= 0.34, CI95 = [0.27, 0.41], p < .001, I2 = 59.8 %) meta-regressions are similar to the base 

model, showing that the model is robust to observations within the same study (when there are 

multiple conditions for which effect sizes are provided from a single study) and article (when 

multiple studies within a paper meet inclusion criteria). These models distinguish between-cluster 

heterogeneity from within-cluster heterogeneity (Cheung, 2014) because the models contain two 
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variance components: one for the study or article level (between-cluster) and one for the 

observations within the studies or articles (within-cluster heterogeneity). I find that the values of 

both between-cluster and within-cluster heterogeneity are very small (p-value less than .001), thus 

indicating that most of the heterogeneity in the study occurs due to sampling variance. 

Moderators. To explore the possible sources of heterogeneity, I add moderators into the 

meta-analysis. Each moderator is added and evaluated individually. I evaluated the following 

moderators: publication year, publication status, if the study focuses on risky choice, if the study 

focuses on intertemporal choice, if the study focuses on a multi-attribute decision, and sample size. 

Publication year, publication status, being a risky choice or a multi-attribute decision study, and 

sample size do not moderate the meta-analysis results; these five moderators have a non-significant 

effect (all p-values > .10; Table 1.1). 

Being a study on intertemporal choice, which typically frame either the sooner smaller or 

the larger later choice options as the default option, significantly moderates the effect of decision 

frame on SMRD (Table 1.1). Such intertemporal choice studies show a significantly larger effect 

of frame on the order in which the two choice options are considered in argument listing, compared 

to other studies. I ran an omnibus test of moderators and found that a significant amount of the 

model heterogeneity is explained by the intertemporal choice moderator (F(1, 31) = 4.38, p = 

.0045). However, this effect was driven by a single study with a large effect size and, when that 

study is excluded the moderator was not significant (p >.10).  

It is still prudent to investigate differences between choice domains to understand the 

generalizability of the QT mechanism. Therefore, I ran three subgroup analyses for multi-attribute 

decisions (k = 22), intertemporal choices (k = 6), and risky choices (k = 5). The moderation 

analyses suggest I should not compare the groups to each other—there is insufficient statistical 
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power for such an analysis. The meta-analytic effect of frame on query order in multi-attribute 

decision contexts is d+= 0.30, CI95 = [0.22, 0.39], p < .001, I2 = 55.57 %. The effect in 

intertemporal choice contexts is d+= 0.48, CI95 = [0.33, 0.62], p < .001, I2 = 22.59 %; and the 

effect in risky choice contexts is d+= 0.34, CI95 = [0.11, 0.56], p = .014, I2 = 61.49 %. 

 

Moderator Estimate SE t-statistic p-value 95% Confidence Interval 

Year -0.0011 0.01 -0.15 0.88 [-0.02, 0.01] 

Publication Status -0.0560 0.09 -0.65 0.52 [-0.23, 0.12] 

Risky Choice -0.0045 0.09 -0.05 0.96 [-0.19, 0.18] 

Intertemporal Choice 0.1721 0.08 2.09 0.04 [0.00, 0.34] 

Multi-Attribute Decision -0.1062 0.07 -1.51 0.14 [-0.25, 0.04] 

Total N -0.0001 0.00 -1.53 0.14 [0.00, 0.00] 

Table 1.1. Moderator effects for Meta-Analysis 1. Each moderator is added, individually, to the 

main meta-regression and the estimate is reported. 

 

Publication Bias. To look for possible publication bias, I created a funnel plot to display 

each Cohen’s d as a function of the standard error (Figure 1.3a). A number of observations appear 

outside of the funnel on both sides, which could suggest potential biases (i.e., studies missing from 

the literature due to suppression of extreme results, poor methodology, etc.). I ran Egger’s test 

(Egger et al., 1997) for funnel plot asymmetry and find some evidence of asymmetry, t(31) = 2.25, 

p = 0.03. 
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a) b) 

  

Figure 1.3. a) Funnel Plot and b) Trim & Fill Funnel Plot for Meta-Analysis 1. 

 

To test the sensitivity of the model to different types of biases, I use Duval and Tweedie’s 

(Duval & Tweedie, 2000) trim and fill method. This model estimates the number of missing studies 

due to suppression of results for reasons such as publication bias or extreme results. It does so by 

adding synthetic effect sizes to the observed data to create a symmetric funnel plot. It is important 

to emphasize that this method does not make a more valid estimate, but simply tests the sensitivity 

of the data to different selection mechanisms. The trim and fill model included 12 missing studies, 

which make the overall estimated effect d+= 0.23 (CI95 = [0.15, 0.31], p < .001). This result 

indicates that the direction and magnitude of the effect is robust to suppression biases. 

Meta-Analysis 2 

To understand the extent to which the QT mechanisms mediate and thus explain the effect 

of decision frame on choice, I identify 15 studies from 12 papers with data from 2,535 participants. 

These mediation analyses are summarized in Table A1.1. Of the 15 mediated proportions, nine are 

for a SMRD mediator, three are for a proportion of thoughts mediator, and three are for a combined 

factor mediator (SMRD and proportion of thoughts combined in some way). Ten of the 15 
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mediation effects collected are significant, indicating that the QT mechanisms do account for some 

proportion of the effect of decision frame on choice. All six of the discounting studies find 

significant mediation (Table A1.1). This descriptive analysis suggests that QT processes are one 

of the contributing mechanisms of framing effects. As illustrated by the five unmediated studies, 

there are other mechanisms that also explain these effects.  

Using a linear meta-regression with fixed effects for the type of mediator (query order, 

query content, or a combined factor), I find that the overall proportion mediated is 0.55 (CI95 = 

[0.31, 0.98], p = 0.04, I2 = 25.2%). There is no significant effect of the mediator type on the 

proportion mediated effect estimate. Examining the Q test for heterogeneity, I did not find 

significant heterogeneity (QE = 10.39, df = 12, p = 0.58). I examined the omnibus test of 

moderators to examine whether the type of mediator affected the combined effect, and I do not 

find a significant impact (QM = 1.93, df = 2, p = 0.38). I do not find evidence of publication bias 

in this study, measured by Egger’s test (p = 0.08). Aligning with the recommendations on how to 

meta-analyze proportion measures, I use a natural log transformation to analyze proportions 

(Higgins et al., 2024).  

Some scholars argue that proportion mediated should not be calculated because the metric 

is very unstable—particularly when the total effect in the mediation analysis is small (MacKinnon 

et al., 1995). I conduct a leave-one-out sensitivity analysis to assess the influence of individual 

studies on the overall effect size. The results indicated that the pooled estimate remained stable 

across all iterations, such that the confidence intervals always contained the overall meta-analytic 

effect of 0.55 (Table A1.5). This suggests no single study unduly influences the meta-analytic 

findings. Calculating standard error from a bootstrapped mediation analysis p-value is imprecise 

when exact p-values are not reported, as is the case for some of the effect sizes. To address this 
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concern, I evaluate the overall proportion mediated by calculating the pooled mean. This strategy 

does not rely on standard error and simply weights the different effect sizes (proportion mediated) 

by the sample size— the pooled mean mediation proportion is 27%.  

Meta-Analysis 3 

To investigate the causal role of query order, I meta-analyze studies that use an explicit 

order manipulation of thought listings. The effect size of frame condition on decision outcome is 

meta-analyzed for the natural order and opposite or unnatural order separately. The size of frame 

on decision when thoughts are explicitly listed in the natural query order is d+= 0.92, CI95 = [0.74, 

1.09], p < .001, I2 = 49.24 %. This large positive effect indicates that requested thought listing in 

the natural querying order results in a large difference in choice under the two frames. I find a 

much smaller effect of frame on choice in the unnatural query order condition, d+= 0.39, CI95 = 

[0.25, 0.53], p < .001, I2 = 27.18 %.  

The difference between these two effect sizes is evidence for the causal effect of query 

order on choice. I compared the effect size differences between the natural and unnatural studies 

in each paper by calculating the precision-weighted difference to account for standard error 

variability between studies. The precision-weighted difference was 0.55 (SE = 0.08; 

CI95[0.40,0.70]). This is supported by the forest plot in Figure 1.4, which showed that average 

effect of frame on decision is much larger under the natural query order condition than under the 

unnatural query order in almost all studies. 

There was significant heterogeneity in the natural order model (QE = 23.77, df = 12, p = 

0.02), but not in the unnatural order model (QE = 16.15, df = 12, p = 0.18). The level of true 

heterogeneity from study-level variation in the natural order model was moderate (I2 = 49.24 %). 

Examining the publication bias in these two meta-analyses, I found that neither meta-analysis has 
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significant funnel plot asymmetry, as measured by Egger’s test (natural query order: t(11) = -1.76, 

p = 0.11; unnatural query order: t(11) = -0.88, p = 0.4). 

Next, I examined the choice domain as a potential moderator. In each sample, 6 studies 

focus on a multi-attribute decision, 4 focus on intertemporal choice, and 3 focus on risky choice. 

Topic was not a moderator to the natural order and unnatural order meta-analyses. Using an 

omnibus test of moderators, I found that heterogeneity in the effect size is not explained by choice 

domain in the natural order meta-analysis (F(2,10) = 2.28, p = .15) nor in the unnatural order meta-

analysis (F(2,10) = 0.99, p = .41). These results should be interpreted with caution due to the small 

number of studies included in the sample (k=13). 

 

Figure 1.4. Forest plot of 13 effect sizes in natural order studies and 13 effect sizes in unnatural 

order studies from Meta-Analysis 3. Effect sizes are measured as the effect of frame on choice, 

using Cohen’s d, in either a natural thought order or unnatural thought order condition. Each study 

has two effect sizes, one in the natural thought order condition and one in the unnatural thought 

order condition; effect sizes from the same study are shown on the same line. Effect sizes from 
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natural order conditions are shown in blue and effect sizes from unnatural order conditions are 

shown in red. 

 

Discussion. 

Research on QT over the last seventeen years supports the theory’s attention and memory 

retrieval process account of framing effects and the general notion that preferences are constructed 

rather than economic primitives (Weber & Johnson, 2006). In particular, QT provides a convincing 

set of psychological mechanism that give rise to preferences that are well modeled by PT’s loss-

averse value function. I systematically reviewed all 27 papers that have used a QT paradigm and 

investigated QT’s process theory claims. For the effect of frame on query order, a total of 33 effect 

sizes (n = 11,202) were found, with 22 (n = 4,466) in the domain of multi-attribute decisions, 6 (n 

= 1,218) in the domain of intertemporal choice, and 5 (n = 1,015) in the domain of risky choice. 

The results from the random-effects model meta-analysis suggest that decision frame has a 

significant small effect on query order (measured as SMRD), after accounting for possible 

publication bias (d+ = 0.23, CI95 = [0.15, 0.31], p < .001). However, there is significant 

heterogeneity in this model. Through moderation analysis, I found that studies in the intertemporal 

choice domain have significantly larger effect sizes of frame on query order than those in the two 

other domains. The meta-analytic effect is stable over the other moderators I investigated—

publication status, publication year, sample size, being in the risky choice domain, and being in 

the multi-attribute decision domain. These findings align with the QT premise that decisions are 

deconstructed into component queries (Collins & Michalski, 1989) and that query order is affected 

by decision frame (Johnson et al., 2007; Weber et al., 2007). Taken together, Meta-Analysis 1 
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provides evidence that framing affects decisions by shifting attention from one response option to 

the other, with the two options being evaluated in different orders.  

To explore the causal claims in QT I conducted two additional meta-analyses. Meta-

Analysis 2 investigated the claim that query order and/or the associated balance of evidence for 

the two choice options moderate the effect of decision frame on choice. I collected 15 effect sizes 

(n = 2,535) from mediation analyses in QT studies to explore how much of the effect of decision 

frame on choice is mediated by query order and/or query content and find convincing evidence 

that the QT mechanisms mediate framing effects. Meta-Analysis 3 investigated the claim that 

explicitly interfering with the natural shift in attention by reversing the natural query order in the 

two framing conditions will reduce framing effects (Johnson et al., 2007; Weber et al., 2007). If 

attention-mediated automatically initiated differences in query orders under the two frames do 

indeed (at least partially) explain the framing effect, then explicitly requesting argument generation 

in the natural order should increase the framing effect and explicitly requesting argument 

generation in the opposite unnatural query order should reduce or eliminate the effect. I collected 

16 effect sizes (n = 3,401) for Meta-Analysis 3—13 (n = 1,681) with the natural query order and 

13 (n = 1,720) with the unnatural query order, and found that the meta-analytic effect of frame on 

choice in natural order studies is d+ = 0.92, (CI95 = [0.74, 1.09], p < .001) and in unnatural order 

studies is d+ = 0.39 (CI95 = [0.25, 0.53], p < .001). The 95% confidence intervals do not overlap, 

suggesting that the framing effect significantly decreased when query order was explicitly 

manipulated from its natural order to the opposite order. Together, Meta-Analyses 2 and 3 support 

the causal role of the QT mechanisms in choice across the three choice domains of risky, 

intertemporal, and multi-attribute decisions. 
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This is the first paper to meta-analytically evaluate the claims of QT and to examine its 

psychological process theory across studies and contexts. There are limitations to acknowledge. 

First, all studies use the same thought-listing paradigm which could limit the generalizability of 

these findings. The QT typed concurrent report method is more effortful than a spoken report 

process tracing, I suspect that these reports are a less complete representation. This paradigm has 

been validated, and many studies have produced choice results that are very close to those reported 

in other studies that do not use typed reports. In particular, the QT paradigm was validated using 

an implicit association task to examine whether the thought listing task affected the memory 

retrieval process (Weber et al., 2007). The content clustering (i.e., query order) measurement in 

the QT paradigm was also validated using latent semantic analysis which confirmed participant’s 

thought categorizations (Johnson et al., 2007). 

Additional limitations include the stability of the proportion mediated metric and the 

number of studies for choice types. There are critiques of the stability of proportion mediated 

(MacKinnon et al., 1995), which is the dependent variable in Meta-Analysis 2, and the mediator 

is not consistent across all studies. I discuss these critiques and take two precautions to avoid over-

interpreting these results—first, I collect and report the type of mediator used, and second, I 

produce a summary table and discuss the results qualitatively (Table A1.1). Finally, the number of 

studies in the risky choice and intertemporal choice domains is relatively small (k = 5 and k = 6, 

respectively) and the results of the meta-analysis should be interpreted with caution (Steel & 

Kammeyer-Mueller, 2002; Thompson & Higgins, 2002). 

In conclusion, this set of meta-analyses supports the QT process theory of framing affects. 

There is strong evidence that query order explains framing effects in the contexts of risky choice, 

intertemporal choice, and multi-attribute decisions. Although there are fewer studies examining 
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the causality of query order, I find convergent evidence that framing effects drive anomalous 

decision making by affecting query order. Future research should aim to expand QT processes to 

other the choice contexts, such as multi-alternative decisions (Poon et al., 2023) and broaden the 

types of framing devices (such as social information and contextual signals). 
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Chapter 2: A memory-retrieval perspective on the construction of social norm perceptions 

The previous chapter explored the construction of individual preference through memory-

retrieval processes by presenting a meta-analysis of query theory. In the present chapter, I propose 

and test an expansion of query theory to the domain of social cognition, specifically the perception 

of social norms. This investigation is motivated by the growing literature documenting pluralistic 

ignorance on support for environmental policies and pro-environmental behaviors (Mildenberger 

& Tingley, 2019; Geiger & Swim, 2016), leading to false social realities (Sparkman et al., 2022). 

People underestimate the general public’s support for pro-environmental policy (Sparkman et al., 

2022) and attitudes (Geiger & Swim, 2016); in other words, the perceived social norm is 

systematically lower than the true norm on these topics. This pattern of underestimation leads to 

self-silencing and is a barrier to individual and collective action in domains such as climate change 

(Geiger & Swim, 2016). The literature has focused on characterizing these gaps and their 

consequences, with less focus paid to the drivers and underlying cognitive processes of these 

inaccurate social norm perceptions. This chapter reviews existing theories of norm perception in 

the literature and offers a memory-retrieval theory to explore the cognitive mechanisms of social 

norm perceptions. I explore the role of memories in norm perceptions derived from the combined 

intuition of Kahneman and Miller’s norm theory (1986) and Weber and Johnson’s query theory 

(Johnson et al., 2007; Weber et al., 2007). Methodologically, this chapter leverages query theory’s 

thought-tracing paradigm while participants evaluate different norm scenarios. To develop and test 

the query theory explanation of social cognition, this chapter surfaces and characterizes the natural 

thought process that people go through when estimating the prevalence of a social norm.  
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Origins of social norm perceptions 

 Social norm perceptions are shaped by the public behavior of others, which helps 

individuals understand and adhere to societal expectations. These perceptions may well be biased 

and will be influenced by features of the perceiving individual, of the social group or norm 

reference, and the environment. Social norms evolve through social interactions and cultural 

transmission, influenced by ecological and historical factors (Gelfand et al., 2024). This dynamic 

process can lead to the persistence, change, or erosion of norms over time. Observing or learning 

about others’ behavior can inform both the set of permissible and expected behaviors in a given 

context (Miller & Prentice, 1993; Cialdini, Reno, & Kallgren, 1990). In Cialdini and colleague’s 

classic study on littering, the authors found that modeled behavior (i.e., littering in a clean vs. 

heavily-littered park) informed the observer’s descriptive norm perception, while the reaction to 

that behavior (i.e., cleaning up the litter vs. leaving the litter) shaped injunctive norm perception 

(Cialdini, Reno, & Kallgren, 1990).  

These perceived norms can be inherently biased by the differences between public and 

private behaviors. For example, students on college campuses have inaccurate norm perceptions 

about the average amount of binge drinking that happens on college campuses (Miller & Prentice, 

1993). This overestimation is driven by salient memories of public behavior which outweigh 

consideration of private, non-binge drinking behaviors. Building on this line of work, Paluck and 

Shepherd found that not all peer signals are equal; norm signals from a peer that received more 

attention were more impactful than signals from unpopular peers (Paluck & Shepherd 2012). 

Social norm perceptions are shaped by the interplay of individual, group, and environmental 

factors and moderated by whether a behavior is public and how social capital of the messenger. 
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 Individuals acquire information about social norms through direct interaction with or 

observation of others, through summary information transmitted by others, and through 

institutional signals (Tankard & Paluck, 2016; Lapinski & Rimal, 2005). Summary information 

about a group, also termed social norms marketing, involves the communication of common 

behavior (descriptive norms) or attitudes (injunctive norms), often through media, signage, or 

advertising. In a pair of field experiments, a descriptive social norm communication (e.g., “the 

majority of guests reuse their towels”) increased conformance to the targeted pro-environmental 

behavior (Goldstein et al., 2008). This style of intervention has received much attention from 

psychologists, particularly in the study of environmental behavior and attitudes (Nolan, 2021). A 

meta-analysis of the literature found a significant though small effect of social norm interventions 

on attitudes, norm perceptions, and behaviors, but also some conflicting results, with evidence of 

backfire and partisan effects (Nolan, 2021; Rhodes et al., 2020). For example, Goldstein’s hotel 

towel study failed to replicate in a German sample, which the authors attribute to the cultural 

differences between German and American environmental attitudes (Bohner & Schlüter, 2014). 

Partisan effects in this domain appear as the systematic underestimation of Republican concern 

about climate change and the willingness of each political party to work with the other on climate 

policy (Van Boven et al., 2018). 

In the field, news media coverage is a major source of summary norm information. Media 

coverage can amplify this information explicitly or implicitly through the cultural understanding 

that mass media covers popular topics (Lazarsfeld & Merton, 1948). Media also amplifies 

institutional signals, such as rulings from the Supreme Court; studies found Court rulings affect 

norm perceptions, in part through media conversation and reaction (Tankard & Paluck, 2017; Clark 

et al., 2023). Media coverage amplifies information through simultaneous co-attention, as the 
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viewer is aware that everyone is being exposed to the same information (Shteynberg et al., 2016). 

All these signals, whether directly observed, summarized, or directed by institutions, contribute to 

the evidence base from which an individual’s social norm perception emerges or is activated. These 

perceptions are shaped by cognitive processes and cultural dynamics, often leading to biases and 

misperceptions.  

The memory-retrieval perspective 

Kahneman and Miller’s norm theory (1986) proposed that category norms are constructed 

through ad hoc recruitment of specific and exemplar representations. The myriad norm signals that 

people encounter throughout life are not aggregated and stored as norms but rather the norms are 

constructed through “backward thinking” (p. 137). Norm theory does not claim ad hoc construction 

is the only mechanism and suggests anticipation may also inform perceptions. The focus on 

backward process leverages the exemplar model, which suggests that several representations are 

evoked at once by a stimulus. For example, being asked to think about corporate environmental 

responsibility (the stimulus) would cue thoughts about the typical and experienced function of 

corporations, climate friendly products and initiatives, environmental marketing, pollution and oil 

spills, and maybe the way others have discussed or reacted to those products and pollution events. 

Availability of exemplars increases perceived normality, i.e., a stimulus that elicits many examples 

of a given behavior, even if they are not representative, will be considered more normative than a 

stimulus that elicits fewer exemplars. If the corporate environmental responsibility stimulus cues 

many examples of sustainable products that the participant has seen others use, it might be 

considered more normative that companies produce sustainable products. The availability heuristic 

is influenced by recency, frequency, intensity, area, duration, meaningfulness, familiarity, and self-

involvement—a non-exhaustive list that are not mutually exclusive (Avant & Helson, 1973). The 
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norm theory perspective contrasts with the traditional view that events, or stimuli, are interpreted 

using stored schemas and frames of reference. The memory-based construction of social norms 

makes norm perceptions dynamic and context-dependent. Therefore, norm perceptions are highly 

mutable to the availability heuristic.  

The role of affect serves as an amplifier of exemplars, with particularly surprising examples 

drawing increased attention. This phenomenon can be understood through several psychological 

mechanisms. First, the 'change of standard' effect (Higgins & Lurie, 1983) demonstrates how past 

events can be reconstructed in contemporary contexts, altering their affective evaluation. Second, 

social and environmental features can further enhance memory encoding. For instance, mass media 

communication increases processing through co-attention, which may increase weight 

(Shteynberg et al., 2016). 

The concept of constructed norms suggests that the exemplars that come to mind are 

heavily influenced by stimulus characteristics. In the context of food choices, this means that a 

stimulus signaling vegetarian meals will more readily elicit memories about vegetarian meals or 

practices than a stimulus that highlights meat-based meals would elicit. Kahneman and Miller 

(1986) argue that people tend to over-generalize from initial exemplars when estimating category 

characteristics. For example, observing a single member of an unfamiliar group choose a meat dish 

at a restaurant might lead the observer to conclude that eating meat is typical for the entire group. 

This process of exemplar retrieval operates through a concentric search, where the initial exemplar 

shapes subsequent exemplars. Critically, this suggests that norm perceptions do not regress to the 

mean (Kahneman & Tversky, 1973; Ross & Anderson, 1982), but instead can be skewed by initial, 

potentially unrepresentative examples. Returning to the food choice example, a stimulus that 
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frames the question of normative meal choice around vegetarian meals would first elicit a memory 

about a vegetarian meal, which could cascade through subsequent exemplar search. 

Query theory offers a specific process explanation of how norms are constructed through 

memory retrieval, searching for and evaluating the exemplars that are cued by a stimulus (i.e., the 

experimental manipulation). Query theory suggests that features of the memory retrieval process 

affect preferences and can change individual choice (Johnson et al., 2007; Weber er al., 2007). 

First, theory on plausible reasoning suggests that people break down a valuation question into 

component queries (Collins & Michalski, 1989). For example, evaluating normative meal choice 

may be deconstructed into: “why do people choose vegetarian meals?” and “why do people choose 

meat meals?” Second, individuals access more information from memories closely associated to 

the question topic or stimulus (Higgins, 1996). Empirical evidence shows that the semantic frame 

of a question affects the contents of a speaker’s reasoning (McKenzie & Nelson, 2003). So, asking 

whether vegetarian meals are normative for a group would direct attention to features of the 

vegetarian meal. And third, memory interference and inhibition play an important role, where the 

recall of memories related to the first query suppresses access to memories related to later queries 

(Dempster, 1995; Anderson, Bjork, & Bjork, 1994). When thinking about reasons a vegetarian diet 

is or is not a common for a group, memories related to meat dishes are suppressed. 

These memory processes explain how frame affects individual preference, such as a 

perspective frame (e.g., buyer versus seller role in an endowment paradigm; Johnson et al., 2007) 

or a temporal reference frame (e.g., accelerating versus delaying reward in an intertemporal choice 

paradigm; Weber et al., 2007). The literature on individual choice also finds that this set of 

processes leads to ‘wrong’ or ‘irrational’ choices for two reasons: (a) the memory base on which 

perceptions are formed may not be representative, and/or (b) memory recall may be systematically 
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biased. The present chapter investigates whether such memory-retrieval processes affect the 

perception of social norms. 

This chapter offers a quantitative exploration of norm construction through memory-based 

cognitive process tracing. Memories shape who we are, what we believe, and how we interact with 

the world. As articulated in Kahneman and Miller’s (1986) norm theory, memories hold 

information, broadly defined, about the world and about others that can shape social impressions 

and normativity. When probed with a category stimulus, i.e., a clear reference to a domain such as 

corporate behavior or meal choice, element recruitment is focused on exemplars from within that 

category domain (Rips & Turnbull, 1980). The query theory paradigm applied in the present 

studies tests the theory of constructed norm perceptions and examines the effect of different frames 

(i.e., highlighting one options or the other in the stimulus) on both the memory-retrieval process 

and the resulting perception of the strength of the norm. 

Episodic and semantic memory 

Tulving’s theory of memory (1972; 1985) proposes two distinct yet interconnected forms 

of memory—semantic memory, the memory of general knowledge and language, and episodic 

memory, memories that are associated with a specific time and place. Semantic memory is 

organized around concepts and is informed by comprehension, concepts, and ideas. Episodic 

memory is organized around temporality and is informed by sensations, events, and episodes 

(Tulving, 1983). Episodic recall is the ability to reconstruct both the content and the context of 

acquisition. Context is relevant in distinguishing when and to whom an action or attitude is 

normative (Tulving, 2002). In the present studies, I investigate the extent to which semantic or 

episodic memories are retrieved when participants construct social norm perceptions. I examine 
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whether the type of norm that is constructed (injunctive versus descriptive) will activate different 

types of memories (semantic versus episodic memories).  

Social norm perceptions and pro-environmental behavior 

Social norm perceptions shape pro-environmental behavior and attitudes. Social norm 

perceptions set expectations about how people do and should act in specific context, influencing a 

range of individual and collective behavior, such as electricity usage (Allcott, 2011; Costa & Kahn, 

2013; Schultz et al., 2007), recycling (Andersson & von Borgstede, 2010) and household water 

use (Ferraro et al., 2011). This literature often explains social norm interventions as the effect of 

peer influence and conformity. Although much of the literature on social norms and environmental 

behavior has focused on low-impact individual behaviors (for discussion, see Nielsen et al., 2021), 

changing norms and norm perceptions can lead to and reinforce critical social tipping points with 

large ecological and social impacts (Castilla-Rho et al., 2017; Otto et al., 2020). Norms can also 

act as a signal to institutions (corporations or government) about what the public expects or 

considers permissible practices (Otto et al., 2020). The present chapter uses norms from two 

domains to capture these two pathways, institutional signals and peer influence, by which norms 

affect systemic change. In Study 1 I examine norm perceptions related to corporate priorities and 

practices that impact the environment and in Study 2 I examine norm perceptions about meal 

choice in a public setting. 

Norm perceptions about corporate practices. The model of social tipping for stabilizing 

Earth’s Climate put forward by Otto and colleagues (2020) argues that the customs, norms, and 

values of society shape financial markets and resource allocation. The authors suggest multiple 

pathways for this influence—both direct through public support or opposition for changes in the 

fossil fuel industry (i.e., divestment, building new plants) or indirectly through policy (i.e., funding 
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for new technology development, improving environmental standards). In Study 1, I measure norm 

perceptions about corporate economic priorities and environmental practices that affect the 

environment. Each norm summarizes a common business strategy—prioritizing the bottom line or 

engaging in practices that support environmental and social outcomes. The first references the 

traditional view of fiduciary responsibility to the shareholder and the second references the 

contemporary interpretation of fiduciary duty to achieve environmental, social, and governance 

outcomes (McGowan, 2022). 

Norm perceptions about meal choice. Food and meals are deeply embedded in social and 

cultural contexts; it is broadly acknowledged that what we eat is shaped by others (Higgs, 2016). 

Reducing meat consumption is one of the most impactful individual actions to improve planetary 

health because the production of meat, particularly red meat, is resource intensive and threatens 

the planetary boundaries (Willett et al., 2019; Campbell et al. 2017; Ivanova et al., 2020). Average 

meat consumption also exceeds physician-recommended levels and has adverse health impacts 

(Westhoek et al., 2014). Meat consumption behavior is reinforced publicly through social and 

environmental cues (meat options are the typical default in restaurants) and privately through 

habits (the frequent preparation of meat-based meals). There is evidence that perceived social 

norms can reduce meat consumptions; an experiment by Sparkman and Walton (2017) found that 

a dynamic descriptive norm intervention reduced meat consumption in both lab and field contexts. 

A recent cross-sectional survey of U.K residents found that context (i.e., supermarket versus 

restaurant versus work cafeteria) elicited different descriptive and injunctive norm perceptions; the 

strongest meat consumption norms, both descriptive and injunctive, were reported in the 

supermarket (Wolfswinkel et al., 2024). The authors also found that personal norms, i.e., the 

amount of meat the participant ate, predicted their norm perceptions—people who ate more meat 
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regularly perceived a higher norm of meat consumption compared to those who ate less meat. 

Taken together, these findings that norm perceptions vary by individual and contextual features 

suggest that they are constructed by memory retrieval processes that may reveal similar variation.  

 

Chapter Overview 

This chapter seeks to (1) investigate whether social norm perceptions are constructed 

through memory-retrieval, (2) identify the features of memory that are elicited when norm 

perceptions are constructed, and (3) evaluate norm perceptions about two environmental topics—

corporate responsibility and individual food choice. The following studies explore whether social 

norm perceptions are constructed at least in part through memory-retrieval, and the extent to which 

norm perceptions are affected by the order and content of those memories. Study 1 was a first 

attempt to use the query theory mechanism to study social cognition and investigated whether 

question frame and queried norm type affect the reported strength of a social and an antisocial 

norm. Study 2 investigated the same question about frame and norm type in a different norm 

domain context that was more familiar to the average participant. 

Study 1 was conducted as an exploratory analysis to investigate how norm perceptions 

might be explained by the query theory mechanism of memory-based construction. Specifically, I 

evaluated the effect of question frame (agree vs. disagree) and norm type (injunctive vs. 

descriptive) on query order and content. The prominence of episodic and semantic memories was 

also examined using post-hoc classification of the thought listings. 

Study 2 formally tested the query theory explanation of norm perception: Hypothesis 1 

(H1): Question frame affects query order (H1a) and content (H1b), such that the framed option 

(i.e., the outcome that is cued in the stimulus) versus the unframed option is attended to first and 
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receives a higher proportion of supporting (rather than opposing) thoughts. Hypothesis 2 (H2): 

Norm type (injunctive vs. descriptive) affects query order (H2a) and content (H2b); this hypothesis 

does not have a direction. Hypothesis 3 (H3): Query order (H3a) and content (H3b) predict norm 

perception, such that the option attended to first (query order) and more (query content) is 

perceived to be a stronger norm. Memory coding was also formalized in Study 2, so that I could 

conduct an exploratory analysis of the types of memories (semantic versus episodic) that occur in 

the different norm type conditions (injunctive vs. descriptive). 

 

Study 1: CCS norm estimates 

Method 

Study 1 provided a first investigation of the thought processes elicited by norm evaluation. 

Participants read a statement that described possible normative behavior from companies working 

on energy projects (e.g., about economic priorities: “Energy companies prioritize their own bottom 

line, even if it increases (worsens) health, environmental, and social risks for the community.” or 

about environmental practices: “Energy companies adopt practices to reduce the environmental 

impact of their operations, even when it is costly or risky to them.”; Table 2.1). Using a 2x2 

between-subject experimental design, participants are randomly assigned to either an agree or 

disagree frame (“frame”) and either an injunctive or descriptive norm perception (“norm type”). 

To improve the generalizability of the study, I used two norm topics, one about economic priorities 

and the other about environmental practices with the stimulus text provided in Table 2.1. After 

reading the stimulus text, participants were asked to share all thoughts that went through their mind 

as they considered whether the described practices or priorities were a norm that existed in the 

world. After that, they answered the main dependent variable about norm perceptions, namely 
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whether most people would (dis)agree with the statement. Finally, participants were re-shown each 

thought they had listed and asked to categorize each as “norm-increasing” (a thought about why/if 

the statement is a norm), “norm-decreasing” (a thought about why/if the statement is not a norm), 

both or neither. A separate control group reported their norm perceptions on a randomly selected 

two of the four topic x norm-type combinations without any thought-listing instructions. Study 1 

was exploratory; the sample and procedure are preregistered as part of a separate project 

(As.Predicted #165524).  

 

Topic Frame Norm 

Type 

Stimuli Text 

Economic 

Priorities 

Agree Injunctive Read the statement below and consider whether this 

is a commonly held norm, i.e., whether most people 

agree with the statement: 

Energy companies should prioritize their own bottom 

line, even if it increases (worsens) health, 

environmental, and social risks for the community. 

Economic 

Priorities 

Disagree Injunctive Read the statement below and consider whether this 

is not a commonly held norm, i.e., whether most 

people disagree with the statement: 

Energy companies should prioritize their own bottom 

line, even if it increases (worsens) health, 

environmental, and social risks for the community. 

Economic 

Priorities 

Agree Descriptive Read the statement below and consider whether this 

is a commonly held norm, i.e., whether most people 

agree with the statement: 

Energy companies prioritize their own bottom line, 

even if it increases (worsens) health, environmental, 

and social risks for the community. 

Economic 

Priorities 

Disagree Descriptive Read the statement below and consider whether this 

is not a commonly held norm, i.e., whether most 

people disagree with the statement: 

Energy companies prioritize their own bottom line, 

even if it increases (worsens) health, environmental, 

and social risks for the community. 

Environmental 

Practices 

Agree Injunctive Read the statement below and consider whether this 

is a commonly held norm, i.e., whether most people 

agree with the statement: 
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Energy companies should adopt practices to reduce 

the environmental impact of their operations, even 

when it is costly or risky to them. 

Environmental 

Practices 

Disagree Injunctive Read the statement below and consider whether this 

is not a commonly held norm, i.e., whether most 

people disagree with the statement: 

Energy companies should adopt practices to reduce 

the environmental impact of their operations, even 

when it is costly or risky to them. 

Environmental 

Practices 

Agree Descriptive Read the statement below and consider whether this 

is a commonly held norm, i.e., whether most people 

agree with the statement: 

Energy companies are adopting practices to reduce 

the environmental impact of their operations, even 

when it is costly or risky to them. 

Environmental 

Practices 

Disagree Descriptive Read the statement below and consider whether this 

is not a commonly held norm, i.e., whether most 

people disagree with the statement: 

Energy companies are adopting practices to reduce 

the environmental impact of their operations, even 

when it is costly or risky to them. 

Table 2.1. Stimuli detail from Study 1. 

Participants  

I recruited 3,771 participants to this study. This study was embedded in a larger survey 

about energy technology that was deployed to a representative sample of the United States public 

(n = 1,945) and a location-targeted sample based on proximity to energy projects (n = 1,826). Study 

1 was pre-registered (As.Predicted #165524). Both samples were recruited by a third-party survey 

panel provider, Centiment, in February 2024. The representative public sample was quota-matched 

to be nationally representative by income, geography, race, gender, age, education, and political 

party. The geographic distribution matched the regions in the United States Census: 17% of 

responses were collected from the Northeast, 21% from the Midwest, 38% from the South, and 

24% from the West. The location-targeted sample was recruited from ZIP codes located near a 
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carbon capture and storage project site that was operational or under development at the time of 

the survey5.  

As preregistered, participants who failed the attention check were excluded from analysis, 

resulting in 16 exclusions. Four participants in the treatment (thought listing) conditions did not 

list any thoughts and were also excluded. This left us with 3,751 participants. The mean age across 

both samples was 47 years, with a standard deviation of 17 years (Table A2.1). 57% of all samples 

identified as female. The median annual household income bracket was $20,000-40,000, and 36% 

of respondents had received a college degree. The distribution of political affiliation was 30% 

Democrat, 28% Independent, 31% Republican, and 11% other. Full demographic information is 

presented in Tables A2.1. 

A post hoc6 power analysis was conducted to evaluate the statistical power of the study’s 

main analyses. First, I examined the power for a t-test of the effects of frame on norm perceptions. 

These analyses are run separately on each of the four subgroups (norm type x topic), e.g., the effect 

of frame on the norm perceptions of the injunctive environmental practices norm is analyzed on 

its own. The relevant results are shown in Table 2.3. The average sample size per group in our 

study is 245 and the average effect size is 0.19. When conducting a two-sample t-test with a two-

 
5 Project sites for the location-targeted sample were selected from the US Carbon Capture Activity and 

Project Map from the Clean Air Task Force and Global CSS Map from the Scottish Carbon Capture & 

Storage research group. I included operational, under construction, and planned projects involved in direct 

air capture, sequestration, and reutilization in fuel manufacturing and excluded the minority of projects 

using carbon capture in cement manufacturing and power plants. To ensure planned and under 

development projects were visible to the public, I conducted a media search for announcements of CCS 

projects in local newspapers through January 2024. Projects were categorized as including capture, 

transport, and/or storage elements based on information from these aforementioned sources as well as 

company announcements. For each project, I identified the ten ZIP codes closest to the location of the 

CSS project site, resulting in a sample of 21 CCS project sites with a combined local population of over 

1.7 million residents across nine states. 
6 The present study was embedded in a larger survey about perceived risks and benefits associated with 

CCS, so the sample size was determined by that study’s design. 
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sided alternative hypothesis with our study’s average sample size per group and an alpha level of 

0.05, I have 84% power to detect a small-to-medium (d = 0.19) effect. 

Procedure  

After providing informed consent, participants were asked about their concern about 

climate change7 and underwent an attention check. Participants were randomly assigned to the 

treatment (n = 1,964) or control (n = 1,787) arm of the survey. Treatment participants were shown 

one of the eight prompts shown in Table 2.1. Each prompt contained a question and a norm 

statement. The question was either positive or negatively framed (i.e., is this a commonly held 

norm? or: is this not a commonly held norm?) and each norm statement was either about corporate 

priorities or corporate practices and constructed as either an injunctive or descriptive statement. 

Control participants were randomly shown two of the four statements8 (topic x norm type 

combinations) and were asked their norm perception, with the question phrased in a neutral frame 

(“Do people agree or disagree with the statement below?”) 

After reading the prompt, participants were asked, “What is going through you mind as 

you consider your answer to the question whether most people [agree or disagree] with the 

statement? Please type each of your thoughts as it comes to mind into a box below. Put each thought 

into its own box.” Participants were shown ten short text-response boxes and could type as many 

thoughts as they wanted. Each distinct thought was typed into a new box. Next, participants 

answered the norm perception question that reflects their condition, shown in Table 2.1.  

 
7  Participants were asked, “How worried are you about global warming?” on a 4-point Likert scale of 

“Not at all worried”, “Slightly worried”, “Somewhat worried”, and “Extremely worried”. 

8 Participants in the control condition were shown and response to two norm statements so that the length 

of the survey was closer to that of the treatment participants. Control participants did not do the thought 

listing or thought-categorizing tasks. Two of the four statements had significant order effects. 
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Participants then answer a series of risk and benefit perceptions about energy technology 

for the main survey, which are not relevant to this study. Participants were then shown each thought 

they listed during deliberation and rated the thought for whether it is, “evidence that most people 

would agree [that the statement is a norm] or that most people would disagree with the statement 

[that the statement is not a norm]?”. The response options were as follows: the thought is evidence 

that “the statement is a norm”, “the statement is not a norm”, “[the statement is] both”, or “[the 

statement is] neither”. Thoughts characterized as evidence “the statement is a norm” will be 

referred to as “norm-increasing” thoughts below, because they increase the perceived agreement 

with the norm; thoughts characterized as evidence “the statement is not a norm” are called “norm-

decreasing”. Responses to this question allowed us to calculate two query-list metrics: query order 

and query-list content.  

Measures 

Social norm perception. The perceived social norm was measured as participants’ perception of 

how most people would agree or disagree with the statement (topic x norm type). The wording of 

the question posed agreed with the frame condition to emphasize the condition. In the neutral frame 

condition (shown to control participants), participants answered, “Do most people agree or 

disagree with the statement below?” on a 6-point Likert scale of “Almost everyone disagrees”, 

“Most people disagree”, “Some people disagree”, “Some people agree”, “Most people agree” and 

“Almost everyone agrees”. In the agree frame condition, participants answered, “Do you think the 

statement below is a belief commonly held by most people? Do most people agree with the 

statement?” on 6-point Likert scale “No, almost everyone disagrees”, “No, most people disagree”, 

“No, some people disagree”, “Yes, some people agree”, “Yes, most people agree”, and “Yes, 

almost everyone agrees”. In the disagree frame condition, participants answered, “Do you think 
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the statement below is a belief not commonly held by most people? Do most people disagree with 

the statement?” on a 6-point Likert scale of “Yes, almost everyone disagrees”, “Yes, most people 

disagree”, “Yes, some people disagree”, “No, some people agree”, “No, most people agree”, and 

“No, almost everyone agrees”. The response levels are the same in all three conditions, the only 

difference is the proceeding “Yes” or “No” to emphasize the frame condition. In all conditions, 

responses were coded so that agreement is positive, and disagreement is negative.  

Query order. Query order was measured as the standardized median rank differences (SMRD) 

between norm-increasing and norm-decreasing arguments. SMRD is defined as 2(MRi - MRd)/n, 

where MRi is the median rank of arguments for norm-increasing in a respondent’s sequence of 

thought listing preceding the choice, MRd is the median rank of arguments for norm-decreasing, 

and n is the total number of thoughts listed (Johnson et al., 2007). SMRD takes the value of +1 if 

all arguments for norm-increasing are recalled first, and -1 if all arguments for norm-decreasing 

are recalled first, and 0 if the two types of arguments do not cluster but are randomly interspersed. 

Query-list content. Content is measured as the proportion of norm-increasing thoughts out of the 

total number of thoughts listed9.  

Demographics. At the end of the survey, participants answered demographic questions about their 

age, income, level of education, gender, political orientation, political affiliation, and race. 

Participants in the location-targeted sample were also asked for their ZIP code. A detailed list of 

the demographic questions and response options is provided in Table A2.2. 

Post-hoc response coding 

 
9 I also calculated a version of query content that is the proportion of norm-increasing thoughts out of the 

number of norm-increasing and norm-decreasing thoughts, removing thoughts categorized as “both” or 

“neither” from the denominator of this metric. I did not include this metric in the main analysis because 
some participants do not list any norm-increasing or norm-decreasing thoughts and thus are dropped 

because their denominator is zero. 
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Post-hoc, two trained research assistants (RAs) categorized the aspects that treatment 

participants provided. Each aspect was coded for the following: (i) whether the memory is episodic 

[yes, no], (ii) whether the memory is semantic [yes, no], (iii) whether the aspect references a group 

or entity [yes, no], and what the references group or entity is [text], and (iv) whether the aspect 

references a social norm [yes, no]. All aspects that were longer than ten characters were read and 

categorized—ten characters was determined to be the minimum length of an aspect that could be 

interpreted after reviewing a random sample of 250 segments. Short aspects were too vague for 

researchers to interpret (i.e., “responsible”, “risks”, “concerned”). I addressed this in Study 2 by 

adding more classification questions for the participants so that all aspects could be coded by 

participants, without having to rely on interpretability or length of the aspect. There was a total of 

6,122 thoughts listed by participants and 3,732 were categorized (3,622 were longer than ten 

characters and 110 of the short thoughts were categorized during the training process). 

The RAs were first trained on the relevant psychological concepts, namely episodic and 

semantic memory and social norms, through assigned reading and discussion of the topics. Then, 

the two RAs categorized two sets of aspects (n = 250) and discussed all codes assigned to those 

aspects. The lead author and the two RAs developed and refined a coding manual with instructions, 

definitions, and examples for each category, see Table A2.3 for coding manual. Finally, I 

established interrater reliability. The RAs coded the same batch of aspects without consulting each 

other and their responses were compared. The first round (n = 150) established reliability on three 

of the four key categories—only the semantic memory coding failed. The lead author and RAs 

reviewed the full set together, amended and clarified the coding manual and ran a second round of 
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reliability testing (n = 100). All categories now reached sufficient interrater reliability (all κ ≥ 0.80 

10), and the remainder of the aspects were coded. The coding manual is presented in Table A2.3. 

 

Results 

Norm Perceptions 

In the control group (shown in green in Figure 2.1), the highest perceived norm 

endorsement was for the injunctive environmental practices norm (M =4.49, SE =0.036), followed 

by the descriptive economic priorities norm (M =4.33, SE =0.040), descriptive environmental 

practices norm (M =3.87, SE =0.038), and injunctive economic priorities norm (M =3.04, SE 

=0.053; Table A2.4). I used a mixed effects linear regression model to evaluate variation between 

norm perceptions, the model regressed norm perception on the norm (e.g., descriptive norm about 

economic priorities, injunctive norm about environmental practices), with random intercepts for 

participant ID. Since perceived norm endorsement is measured on a Likert-scale, I also ran the 

same model structure as a cumulative link mixed model. Perceived norm endorsement was 

significantly different between each of these four norms (Figure 2.1; Table 2.2).  

For the treatment groups, the two environmental practice norms and the descriptive 

economic priorities norm showed a significant frame effect on norm perception—norm 

perceptions were significantly higher in the agree frame than in the disagree frame condition (p-

values <0.0001; Table 2.3). Compared to control, the disagree frame significantly reduced norm 

perceptions (all p-values <0.001; Table 2.3). The agree frame was not significantly different from 

 
10 The interrater reliability for each category is: episodic memory (κ = 0.98), semantic memory (κ = 0.80), 

contains referent (κ = 0.88), and contains social norm (κ = 0.90). 
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control for three of the statements (all p-values > .10; Table 2.3), suggesting that the natural frame 

by which people assess those norm statements is an agree frame. 

 

  

Figure 2.1. Average norm perception with 95% confidence interval. All differences are significant. 

Descriptive statistics for norm perceptions of the four statements (topic x norm type). The mean, 

standard error, and number of responses are shown for each frame (neutral control, agree frame, 

and disagree frame). 1= almost everyone disagrees, 3= some people disagree, 4=some people 

agree, 6 = almost everyone agrees. 
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Table 2.2. Two mixed effects regression models predicting norm perception by norm topic and 

type in the control group. The models predict norm perception as numeric values (left) and ordinal 

category (right). Norm perceptions is regressed on the norm (injunctive economic priorities, 

descriptive economic priorities, injunctive environmental priorities, and descriptive environmental 

priorities) with random effect for participant ID. The norm reference category is descriptive 

economic priorities. 

 
    Neutral vs. Agree Neutral vs. Disagree Agree vs. Disagree 

Norm Topic Norm Type       

Economic priorities Descriptive t(413)=-1.88, p=.060 t(334)=4.10, p<.0001 t(456)=4.85, p<.0001 

Economic priorities  Injunctive t(413)=2.88, p=.004 t(428)=4.07, p<.0001 t(501)=0.83, p=.40 

Environmental practices Descriptive t(356)=0.95, p=.37 t(389)=10.37, p<.0001 t(486)=7.07, p<.0001 

Environmental practices Injunctive t(363)=1.56, p=.12 t(327)=8.86, p<.0001 t(464)=6.25, p<.0001 

Table 2.3. Summary table showing the results of a series of t-tests between pairs of frames (neutral 

vs. agree, neutral vs. disagree, and agree vs. disagree). T-tests are performed individual for each 

norm topic and type pairing. The results of the t-test include the t-statistic, degrees of freedom, and 

the p-value. 
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Using linear regression and ordinal regression models, I investigated the effect of question 

frame (agree versus disagree) and norm type (descriptive versus injunctive) on norm perception 

(Table 2.4). The disagree frame significantly decreased perceived norm level compared to the 

agree frame for both norm topics (ß economic priorities = -0.56, p <0.001; OR economic priorities = 0.53, p 

<0.001; ß environmental practices = -0.77, p <0.001; OR environmental practices = 0.31, p <0.001). For the 

economic priorities topic, the injunctive formulation of the norm statement was lower than the 

perceived descriptive norm level (ß = -1.75, p <0.001; OR = 0.11, p <0.001). The opposite pattern 

was observed for the environmental practices topic, for which the injunctive formulation was 

greater than the perceived descriptive norm level (ß = 0.57, p <0.001; OR = 2.22, p <0.001). There 

was also a significant interaction between frame and norm type for the economic priorities topic: 

frame had a negative effect on descriptive norms but no significant effect on injunctive norms 

(Figure 2.2). I controlled for worry about climate change and found that, for both topics, 

participants who were more worried about climate change reported higher norm perceptions (ß 

economic priorities = 0.09, p = 0.031; OR economic priorities = 1.70, p = 0.019; ß environmental practices = 0.14, p 

<0.001; OR environmental practices = 1.24, p <0.001). Take together, participants perceive that companies 

fall short on their environmental practices (i.e., injunctive norm perceptions are higher than 

descriptive norm perceptions) and on economic priorities (i.e., descriptive norm perceptions are 

higher than injunctive norm perceptions). 
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Table 2.4. Four regression models predicting norm perception. Regressions are run for the two 

norm topics separately (economic priorities and environmental practices). For each topic, a linear 

regression on the numeric variable and an ordinal regression on the ordinal variable are run. Norm 

perception is regressed on frame, norm type, the interaction between frame and norm type, and 

worry about climate change. The reference category for frame is the agree frame and the reference 

category for the norm type is descriptive. From left to right, the models are: linear regression 

predicting economic priorities norm, ordinal regression predicting economic priorities norm, linear 

regression predicting environmental practices norm, and ordinal regression predicting 

environmental practices norm. 
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Figure 2.2. Interaction plot for the linear regression model predicting economic priorities norm, 

Table 2.4. The plot shows how the relationship between frame (x-axis) and norm perception (y-

axis) varies by norm type (color; red = injunctive norm, blue = descriptive norm).  

 

Query metrics 

Next, I examined the cognitive mechanism underlying norm estimation for the agree versus 

disagree frame and then for the injunctive versus descriptive norm construction. Query order is 

measured as SMRD and query content is measured as proportion of norm-increasing thoughts11. 

Norm-increasing thoughts were queried and thus listed earlier than norm-decreasing thoughts—as 

indicated by positive SMRDs in the descriptive economic priorities norm, the descriptive 

environmental practices norm, and the injunctive environmental practices norm. Participants 

began their deliberation by considering why these three topics might be normative. The injunctive 

economic priorities norm had a negative SMRD, indicating norm-decreasing were valuated first. 

These patterns are consistent between the agree and disagree frames (Table 2.5).  

 
11 SMRD and proportion of norm-increasing thoughts are positively correlated (69%) in this study, as 

predicted by query theory. 
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The mean proportion of norm-increasing thoughts out of all aspects listed is 0.38 (SD = 

0.41) and the mean proportion of “norm-increasing” thoughts out of norm-related aspects (i.e., 

aspects that are a reason why the statement is norm-increasing or decreasing) is 0.64. (SD = 0.43). 

In all conditions, there are more norm-increasing thoughts than norm-decreasing thoughts: the 

injunctive economic priorities statement with the disagree frame has the lower proportion (M = 

0.52, SD = 0.44). 

 

    Agree frame Disagree frame 

    

Order  

(SMRD) 

Prop. norm-

increasing 

thoughts 

Order  

(SMRD) 

Prop. norm-

increasing 

thoughts 

Topic Norm Type M SE M SE M SE M SE 

Economic priorities Descriptive 0.361 0.0035 0.445 0.0026 0.329 0.0037 0.455 0.0028 

Economic priorities Injunctive -0.003 0.0036 0.325 0.0025 -0.014 0.0037 0.316 0.0025 

Environmental practices Descriptive 0.184 0.0037 0.378 0.0026 0.097 0.0036 0.331 0.0025 

Environmental practices Injunctive 0.230 0.0037 0.406 0.0027 0.215 0.0037 0.382 0.0027 

Table 2.5. Summary table of the query metrics, order and proportion, for norm topic, type, and 

frame. Query order is measured as SMRD, standardized median rank difference, where -1 

represents all norm-decreasing thoughts clustering first, 0 represents random dispersion, and 1 

represents all norm-increasing thoughts clustering first. Proportion is calculated as the number of 

norm-increasing thoughts divided by the total number of thoughts listed. The mean and standard 

error is reported for each metric and category.  

 

To examine the conditions that affect query order and content, I regressed SMRD and 

proportion of norm-increasing thoughts on frame, norm type, topic, and the two-way interactions 

(Table 2.6). Frame did not affect query order nor proportion (p-values > 0.05). There was a 

significant interaction between norm type and topic (ß SMRD = 0.44, t = 6.05, p < 0.001; ß SMRD = 

0.44, t = 4.56, p < 0.001). The interactions suggest that query metrics vary by norm type for the 
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economic priorities norm and not for the environmental practices norm (Figure 2.3). Subsequent 

analysis on the economic priorities norm, finds that SMRD and proportion are both significantly 

lower for the injunctive norm type than for the descriptive norm type (SMRD: t(985) = -7.05, p < 

0.001; Prop.: t(979) = -4.93, p < 0.001). 

 

 
Table 2.6. Two linear regressions predicting SMRD (left) and proportion of norm-increasing 

thoughts (right). Query metrics are regressed on frame, norm type, topic, and the two-way 

interactions. The reference category for frame is the agree frame, the reference category for the 

norm type is descriptive, and the reference category for topic is economic priorities. 
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Figure 2.3. Two interaction plots for the linear regression models predicting SMRD (left) and 

proportion of norm-increasing thoughts (right), Table 2.6. The plots show how the relationship 

between norm type (x-axis) and the respective query metrics (y-axis) varies by topic (color; red = 

economic priorities, blue = environmental practices).  

 

 Next, I examined whether the query metrics predicted norm perception. Using linear 

regression, I regressed norm perception on SMRD, proportion of norm-increasing thoughts, worry 

about climate change, frame, norm type, and the interaction between frame and norm type. Topics 

were evaluated in separate models. Query order (SMRD) was a significant predictor of norm 

perceptions in both models and query content (proportion of thoughts) was not. Higher SMRD, 

which indicates norm-supporting thoughts clustered earlier than norm-opposing thoughts, 

predicted higher perceived norms for economic priorities (b =0.18, p = 0.018) and environmental 

practices (b = 0.26, p < 0.001). In the present study, query order was more predictive of norm 

perceptions even though both order and content were affected by the stimuli. 
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Table 2.7. Two linear regressions predicting norm perception. Regressions are run for the two 

norm topics separately (economic priorities and environmental practices). For each topic, norm 

perception is regressed on SMRD, proportion of norm-increasing thoughts, frame, norm type, the 

interaction between frame and norm type, and worry about climate change. The reference category 

for frame is the agree frame and the reference category for the norm type is descriptive.  

 

To investigate the query theory mechanism, I ran a mediation analysis on the economic 

priority norm condition. This was the only norm topic for which a condition (norm type) affected 

the query metrics. For the economic priority norm conditions, mediation analyses were conducted 

to examine whether query order or content mediated the relationship between norm type 

(injunctive versus descriptive) and norm perception. I controlled for frame in all analyses. The 

analyses were conducted using the mediation package in R, with 10,000 bootstrap resamples to 

compute confidence intervals for the indirect effect (Tingley et al., 2014). The total effect of norm 

type on norm perception was significant, with an unstandardized coefficient of β = -1.54 (95% 

CI[-1.73,-1.37], p < 0.0001). The direct effect of was also significant, β = -1.48 (95% CI [ -1.67, -

1.30], p < 0.00001). The indirect effect, representing the effect of norm type on norm perception 

through order, was significant, with ACME = -0.058 (95% CI [-0.10,-0.02], p = 0.004). This 
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suggests that order partially mediated the effect of norm type on norm perception for norms about 

economic priorities. For proportion of norm-increasing thoughts, the indirect effect was not 

significant, with ACME = -0.024 (95% CI [-0.06,0.00], p = 0.098). This suggests that proportion 

did not mediate the effect of norm type on norm perception. 

 

 

Figure 2.4. Mediation analysis testing indirect effect of SMRD on norm perception, controlling 

for frame. The 95% confidence intervals are calculated using 10,000 bootstrap resamples.  

 

Memory features 

Across the 3,732 thoughts that were categorized, 634 referenced a memory. Of the aspects 

that likely reference a memory, there were 610 that contained a semantic memory and only 17 

thoughts that contained an episodic memory. Semantic memories most often referenced companies 

(n = 240) and people (n = 110). For example, an aspect that was categorized as a semantic memory 

is “most people are concerned about pollution” because the statement references a pattern of 

observed behavior. “I read the earth’s temperature went up 1.5 degrees last year” was categized as 

an episodic memory because the participant referenced a specific event in the past, reading about 

global temperatures. Coding the aspects required Additional examples are shown in Table 2.8. 
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Thought Aspect Length Memory  
Episodic 

Mem. 

Semantic 

Mem.  

Ref. 

Grp. 
Ref. Grp. 

Detail 

Social 

Norm 

More people need knowledge about this 37 3 0 1 1 people 1 

I think the younger generation would like to 

care more about the planet. 
72 3 0 1 1 

younger 

generation 
1 

All companies prioritize their bottom line in 

America 
53 3 0 1 1 companies 1 

Most of the snow here has melted. 33 3 1 0 0 NA 0 

waste of time 13 1 0 0 0 NA 0 

Evil 4 NA NA NA NA NA NA 

I read the earth’s temperature went up 1.5 

degrees last year. 
61 3 1 0 0 NA 0 

companies still need to make a profit to stay 

in business 
57 2 0 1 1 companies 0 

most people are concerned about pollution 41 3 0 1 1 people 1 

It’s a huge issue that most don’t pay 

attention to 
48 3 0 1 1  [people] 1 

Petroleum products are everywhere 33 3 0 1 0 NA 0 

global warming is bad 21 1 0 0 0 NA 0 

Some people can’t afford being 

environmentally friendly. 
56 3 0 1 1 people 0 

Table 2.8. Example thoughts from Study 1 thought lists with ad hoc coding. Each thought is 

evaluated for length (number of characters), whether the thought is a memory (1=not a memory, 

2=unclear, 3=is a memory), if the thought contains an episodic memory (1=yes, 0=no), if the 

thought contains a semantic memory (1=yes, 0=no), if there is a reference group mentioned (1=yes, 

0=no), what the reference group is, and if there is a social norm mentioned (1=yes, 0=no). 

 

Social norms appeared in 488 of the categorized thoughts. For example, “It’s a huge issue 

that most don’t pay attention to” was categorized as a social norm perception because the 

participant thinks there is a descriptive norm of not paying attention to corporate economic 

priorities. Another example is, “I think the younger generation would like to care more about the 

planet” because it describes a norm about the younger generation (Table 2.8). A Wilcoxon rank 
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sum test revealed a significantly higher social norm prominence in descriptive norm conditions 

than in injunctive norm conditions, with a test statistic of W = 58236, p <0.001. 

 

Discussion 

 The results from Study 1 show norm perceptions varied significantly across the four norms 

(topic x norm type) and the agree (versus disagree) frame significantly increased perceptions. 

Counter to our intuition12, frame did not affect query order or content. Norm construction affected 

the query metrics only in the economic priorities domain. An exploratory mediation analysis on 

the economic priorities norms found that query order partially mediated the relationship between 

norm type and norm perception. The query order for the injunctive economic priorities norm was 

the only norm of the four where the aspects against the norm clustered earlier than the aspects for 

the norm. These results may be driven by the social versus antisocial connotations of the two norm 

topics: environmental practice was pro-social (e.g., “Energy companies should adopt practices to 

reduce the environmental impact of their operations, even when it is costly or risky to them”), 

while economic priorities were anti-social (e.g., “Energy companies should prioritize their own 

bottom line, even if it increases (worsens) health, environmental, and social risks for the 

community”). The injunctive versus descriptive focus for the anti-social norm—whether 

companies prioritize their bottom line and if companies should prioritize their bottom line—had a 

significant effect on query order. In the anti-social injunctive norm condition, the first aspects were 

about why companies should not prioritize their bottom line. This suggests a strong aversion to 

this principle and that the natural query order for injunctive norms is different for social versus 

anti-social norms, such that the pro-social option is attended to first. This does not seem to be the 

 
12 There were no formal hypotheses for Study 1. 
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case with descriptive norms, where norm-increasing reasons are evaluated first in both social and 

antisocial norm conditions. 

 

Study 2: Social norms about choosing meat-based vs. vegetarian meals 

Method 

To better measure these effects, I selected a second norm topic—a choice between a meat-

based or vegetarian meal—to provide participants with a more familiar topic likely to invoke more 

frequent and recent personal experiences to draw on. Following the design of Study 1, recruited 

participants listed their thoughts as they deliberated what was normative in a common choice 

scenario before making a final determination and categorizing each thought. Participants were 

asked to think about the choice between a meat-based meal and a vegetarian meal, in a 2x2 

between-subjects design where norm type (injunctive versus descriptive) and frame (meat-based 

vs. vegetarian) were randomly assigned. The full stimuli text is shown in Table 2.9. Study 2 was 

preregistered (As.Predicted #207418).  

Participants 

A power analysis indicated that a sample of 540 was needed to detect a small-to-medium 

effect (f =.15, determined by Study 1) of frame on norm perception with 80% power at the .05 

level. I recruited 579 participants to this study through Prolific Academic. The sample, collected 

in January 2025, was demographically representative of the United States based on age, sex, and 

political affiliation. As preregistered, participants were excluded from analysis if they failed an 

attention check (n = 24) or spent longer than 60 minutes on the survey (n = 15). After removing 

ineligible participants, I was left with 540 participants. 50% of all samples identified as female and 

the median age group was 35-44 years old. The median annual household income bracket is 
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$50,000-74,999, and 50% of respondents had received a college degree. The distribution of 

political affiliation is 31% Democrat, 36% Independent, 30% Republican, and 3% other. Full 

demographic information is presented in Tables A2.6. 

 

Procedure 

After participants provided informed consent and passed an attention check question, they 

were given a practice task to learn the survey mechanism for thought listing (shown in Figure 

A2.1). Next, all participants read an introduction, “Now, we would like you to think about a 

common decision—what to eat for lunch. We want to know how most people would make this 

decision. Imagine a person, somebody like you, is at a fast casual restaurant for lunch with some 

new friends and the restaurant offers two meal choices—a meat meal and a vegetarian meal. The 

meals have comparable side dishes and flavor profiles, the only difference is that the protein in the 

meat meal is chicken and the protein in the vegetarian meal is beans and seitan (a soy-based 

protein).” Participants were randomly assigned to one of four prompts based on their condition, 

the full text for each is shown in Table 2.9. To direct attention to the appropriate descriptive or 

injunctive norm, we ask about dinner behavior (descriptive norm) and friend opinion (injunctive 

norm). Friends were used for the injunctive norm to indicate the diner would be eating with those 

people. Then participants did the same thought listing task used in Study 1. After listing all the 

thoughts that went through their mind, participants answered their prompt question (Table 2.9). 

Next, participants indicated what they thought the most common reasons were that people would 

eat less meat. 

Frame Norm Type Stimuli Text 

Meat meal Descriptive Out of 10 diners making this choice, how many 

diners would pick the meat-based meal? 
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Vegetarian meal Descriptive Out of 10 diners making this choice, how many 

diners would pick the vegetarian meal? 

Meat meal Injunctive Out of 10 friends, how many friends expect the 

diner to choose the meat-based meal? 

Vegetarian meal Injunctive Out of 10 friends, how many friends expect the 

diner to choose the vegetarian meal? 

Table 2.9. Detailed stimuli for Study 2. 

 

After answering the dependent variable questions, participants were shown each thought 

they had listed in the order in which they had entered them. For each, participants answered, “did 

this thought increase or decrease your estimate?” with options “it increased my estimate” (termed 

estimate-increasing), “it decreased my estimate” (termed estimate-decreasing), “it did both”, and 

“it did neither”. For each thought, participants also categorized the type of information, “what type 

of information is in this thought?”, by selecting all that apply from options “this is a memory or 

reference to past events”, “this is an opinion”, “this is a factor or piece of information”, “this is a 

question”, and “other”. For thoughts that were categorized as a memory, an opinion, or piece of 

information, participants were asked “is this thought based on a specific or multiple memories” 

with options for “specific memory”, “multiple memories/a pattern”, and “neither”. After all 

thoughts were categorized, participants answered a second pair of attention checks and the same 

demographic questions used in Study 1. 

Measures 

Social norm perception. Norm perceptions were measured in response to the four condition-based 

questions presented in Table 2.9. All estimates were on a scale from 0 to 10 where 0 represents no 

one and 10 represents everyone. Responses were recoded such that in all conditions higher 

responses indicated more vegetarian meals. 

Motivation for eating less meat. Motivation for eating less meat was assessed with two questions. 

In the first question, participants selected all reasons people eat less meat from the list: “health”, 
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“cost”, “environmental impact”, “flavor/taste”, “ease of cooking”, “religious or moral reasons”, 

and “other (please describe)”. In the second question, participants selected the “one, most common, 

reason people eat less meat” from the same list. 

Query order. Query order was measured as the standardized median rank differences (SMRD) 

between vegetarian meal and meat meal arguments. In this study, thoughts were classified as 

‘vegetarian-meal arguments’ if they are in favor of picking the vegetarian meal or against picking 

the meat meal. ‘Meat-meal arguments’ were those arguments in favor of picking the meat meal or 

against picking the vegetarian meal. SMRD takes the value of +1 if all arguments for vegetarian 

meals are recalled first, and -1 if all arguments for meat meals are recalled first, and 0 if the two 

types of arguments are randomly interspersed. 

Query-list content. Content is calculated for each participant as the proportion of vegetarian-meal 

arguments out of the total number of thoughts listed.  

Semantic memory content. Semantic memory content is calculated for each participant as the 

proportion of semantic memories out of the total number of thoughts listed. 

Episodic memory content. Episodic memory content is calculated for each participant as the 

proportion of episodic memories out of the total number of thoughts listed. 

Demographics. Participants answered the same demographic questions used in Study 1. A detailed 

list of the demographic questions and response options is provided in Table A2.2. 

 

Results 

Norm perceptions 

Across framing conditions, the average perceived descriptive norm was that 2.96 diners 

out of 10 would pick the vegetarian meal (SD = 1.93) and the average perceived injunctive norm 
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was that 2.64 friends out of 10 think the diner should pick the vegetarian meal (SD = 2.21). These 

two norm prevalence perceptions are not significantly different (F(1,538) = 3.21, p = 0.74). The 

magnitudes of the perceived norms by frame (meat vs. vegetarian) are shown in Table 2.10. The 

descriptive norm was higher in the vegetarian frame than in the meat frame, but the difference was 

not significant (p = 0.22). The injunctive norm was higher in the meat frame, but the difference 

was also not significant (p = 0.25). In the vegetarian frame, the descriptive norm was significantly 

higher than the injunctive norm (F(1,271) = 6.80, p = 0.0096). In the meat frame, the injunctive 

and descriptive norm were not significantly different (p = 0.94). This suggests there was agreement 

across the two frames about the descriptive norm and across norm type in the meat frame. In the 

vegetarian frame, the descriptive norm being greater than the injunctive norm suggests respondents 

think that people eat more vegetarian meals than their peers/friends would expect. 

    Norm Perception 

Frame Norm Type M SE 

Meat Descriptive 2.81 0.17 

Meat Injunctive 2.80 0.21 

Vegetarian Descriptive 3.09 0.15 

Vegetarian Injunctive 2.48 0.18 

Table 2.10. Average norm perceptions by frame and norm type. Mean and standard error are 

reported. Responses are on a scale from 0 to 10 where 0 represents no people endorse the 

vegetarian meal and 10 represents all people endorse the vegetarian meal. 

 

As shown in Table 2.11, participants reported that health was the most common reason 

people eat less meat (n = 255), followed by religious or moral reasons (n = 191), cost (n = 46), 

environmental impact (n = 33), and taste (n = 6). The order of reasons was slightly different for 

the multi-select reason question. Health and religion were still most selected, but environmental 

impact (n = 331) was selected more than cost (n = 213), suggesting environmental impact is more 

prominent in a multi-motivation framework but cost is more important than environmental impact 
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in a single-motivation framework. The prominence of different reasons was not affected by 

condition, as determined by a series of two-way (norm type x frame) ANOVA tests (all p-values 

> 0.10). 

Reasons people eat less meat 

Reason 

"most common" 

(single choice) 

"a reason" 

(multi-choice) 

Health 255 468 

Religions or moral reasons 191 442 

Cost 46 213 

Environmental impact 33 331 

Flavor/taste 6 108 

Other 9 28 

Ease of cooking 0 67 

Table 2.11. Summary of why people eat less meat. Results are reported as the number of 

participants (n = 540) who selected each reason. 

 

Query theory metrics  

To examine the cognitive process of norm estimation, I measured condition effects on the 

query theory mechanisms—order and proportion of thoughts. In this study, query order was 

measured as SMRD, and higher values indicate vegetarian-meal thoughts (either pro-vegetarian or 

anti-meat, depending on the frame) occurred earlier in the aspect list than meat thoughts. In both 

meat frame conditions and the descriptive vegetarian condition, SMRD was negative, meaning 

meat thoughts clustered earlier than vegetarian thoughts. The significant clustering of thoughts in 

the meat frames is validation of query theory’s memory-retrieval mechanisms. In these conditions, 

the first query elicited thoughts either about why someone would pick the meat meal (in the meat 

condition) or why someone would not pick the vegetarian meal (in the vegetarian condition) (Table 

2.12). The positive SMRD in the injunctive vegetarian norm condition revealed that the thoughts 

elicited by the first query tended to focus on why someone would pick the vegetarian meal. I used 
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linear regression to evaluate the effect of frame and norm type on SMRD. I regressed SMRD on 

frame, norm type, and the interaction between frame and norm type (Table 2.13). There was a 

significant main effect of frame on SMRD (ß = 0.32, p < 0.0001), such that SMRD is higher in 

vegetarian frame than in the meat frame. There was not a significant effect of norm type on SMRD, 

indicating that the injunctive (versus descriptive) construction of the norm had the same query 

order (Table 2.13a).  

Across all conditions, the average proportion of vegetarian thoughts was 0.22 (SD = 0.31) 

and the average proportion of meat thoughts was 0.38 (SD = 0.41). Proportion of vegetarian meal 

thoughts was higher in the vegetarian frame than in the meat frame (t(491)=5.08, p < 0.001). And 

the proportion of meat-meal thoughts was higher in the meat frame than in the vegetarian frame 

(t(531)=4.63, p < 0.001). Neither proportion metric varied significantly by norm type (prop. veg 

thoughts: t(517)=0.19, p = 0.85; prop. meat thoughts: t(530)=0.26, p = 0.80). To investigate the 

effect of frame and norm type on the two proportion metrics, each metric was regressed on frame 

and norm type. As with SMRD, proportion of vegetarian thoughts is predicted by frame, such that 

participants in the vegetarian frame have higher proportions than those in the meat frame (ß =0.13, 

p < 0.001; Table 2.13b). In the proportion of meat thoughts model, there is a significant interaction 

between frame and norm type (ß = -0.14 p = 0.048; Table 2.13c). The effect of vegetarian frame, 

compared to meat frame, had a negative impact on both types of norms but the effect is more 

negative for the injunctive norm (Figure 2.5). SMRD is 50% correlated with proportion of pro-

vegetarian thoughts and 55% correlated with proportion of pro-meat thoughts across all four 

norms. 

 

Norm SMRD Prop. pro-veg. thoughts Prop. pro-meat thoughts 

Frame Norm Type M SE M SE M SE 

Meat Descriptive -0.37 0.059 0.15 0.021 0.42 0.035 
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Meat Injunctive -0.37 0.062 0.15 0.022 0.50 0.038 

Vegetarian Descriptive -0.051 0.067 0.27 0.027 0.33 0.033 

Vegetarian Injunctive 0.065 0.071 0.29 0.034 0.26 0.033 

Table 2.12. Summary table of query metrics by norm—SMRD, proportion of vegetarian-

increasing thoughts, and proportion of meat-increasing thoughts. SMRD, standardized median 

rank difference, ranges from -1 to 1 where -1 represents all meat-increasing thoughts clustering 

first, 0 represents random dispersion, and 1 represents all vegetarian-increasing thoughts clustering 

first. Proportion is calculated as the number of vegetarian-increasing or meat-increasing thoughts 

divided by the total number of thoughts listed. The mean and standard error is reported for each 

metric and category. 

 

 

 
Table 2.13. Three linear regression models predicting query metrics—SMRD (left, a), proportion 

of vegetarian-increasing thoughts (center, b), and proportion of meat-increasing thoughts (right, 

c). Query metrics are regressed on frame, norm type, and the interaction between frame and norm 

type. The reference category for frame is the meat frame and the reference category for norm type 

id the descriptive norm construction. 
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Figure 2.5. Interaction plot for the linear regression model predicting proportion of meat-

increasing thoughts, Table 2.13. The plot shows how the relationship between frame (x-axis) and 

thought proportion (y-axis) varies by norm type (color; red = descriptive norm, blue = injunctive 

norm). 

 

Episodic & semantic memory  

Next, I investigated the memory features of the aspect list, specifically the proportion of 

semantic and episodic memories. Overall, semantic memories were more prominent than episodic 

memories (M semantic = 0.67, SD semantic = 0.41, M episodic = 0.16, SD episodic = 0.30; t(985) = 24.41, p 

< 0.001). Table 2.14 shows the prominence of semantic and episodic memories by condition. I 

investigated the effect of frame and norm type on proportion of semantic and episodic memories 

using linear regression models, shown in Table 2.15. There was not a significant main effect of 

frame or norm type on either type of memory. There was a significant interaction between frame 

and norm type predicting proportion of semantic memories (Figure 2.6). The interaction can be 

interpreted to mean that the frame (vegetarian compared to meat) affects the proportion of semantic 

memories listed positively for descriptive norms and negatively for injunctive norms. The effect 
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of the vegetarian frame (compared to the meat frame) on injunctive norm perception was 

directionally significant (ß = -0.089, p=0.094) and the effect of vegetarian frame on descriptive 

norm perception was not significant (ß = 0.054, p = 0.25). 

 

Norm Prop. semantic memories Prop. episodic memories 

Frame Norm Type M SE M SE 

Meat Descriptive 0.65 0.033 0.16 0.026 

Meat Injunctive 0.75 0.039 0.16 0.022 

Vegetarian Descriptive 0.70 0.032 0.15 0.023 

Vegetarian Injunctive 0.66 0.036 0.17 0.031 

Table 2.14. Summary table of proportion of semantic and episodic memories by norm frame and 

norm type. Mean and standard error are reported, proportion ranges from 0 to 1. 

 

 
Table 2.15. Two linear regressions predicting the proportion of semantic memories (left) and 

episodic memories (right). Proportion is regressed on frame, norm type, and the interaction 

between frame and norm type. The reference category for frame is the meat frame and the reference 

category for norm type id the descriptive norm construction. 
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Figure 2.6. Interaction plot for the linear regression model predicting proportion of semantic 

memories, Table 2.15. The plot shows how the relationship between frame (x-axis) and memory 

proportion (y-axis) varies by norm type (color; red = descriptive norm, blue = injunctive norm). 

 

Mechanisms of norm construction: query theory metrics & memory type  

Finally, I investigated whether any of the cognitive mechanisms predicted norm perception, 

using linear regression analysis. In separate regressions for each norm, I regressed norm perception 

on SMRD, proportion of pro-vegetarian thoughts, proportion of pro-meat thoughts, and proportion 

of semantic memories (Table 2.16). The mechanisms that significantly predicted norm perceptions 

varied by norm. The descriptive meat norm was predicted by SMRD (ß = 0.67, p = 0.039) and 

proportion of vegetarian-meal thoughts (ß = 2.14, p = 0.004); higher SMRD and higher proportion 

were both associated with higher estimates of vegetarian meal choice in this norm condition. The 

injunctive meat norm was predicted by proportion of meat-meal thoughts (ß = -1.58, p = 0.004) 

and proportion of semantic memories (ß = -1.06, p = 0.018). Both estimates are negative, 

suggesting that a higher proportion of meat-meal thoughts and semantic memories were associated 

with seeing the vegetarian meal as less normative. Both the descriptive and injunctive vegetarian 

norms were predicted by proportion of vegetarian-meal thoughts (ß desc. veg. norm = 1.10, p desc. veg. 

norm = 0.029; ß inj. veg. norm = 1.76, p inj. veg. norm = 0.0002), such that higher proportion of thoughts 

was associated with higher norm estimates. 
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Table 2.16. Four linear regressions predicting norm perception (descriptive meat norm, injunctive 

meat norm, descriptive vegetarian norm, and injunctive vegetarian norm). Norm perception is 

regressed on SMRD, proportion of vegetarian-increasing thoughts, proportion of meat-increasing 

thoughts, and proportion of semantic memories. 

 

 

Discussion 

 In Study 2, I did not find a significant frame effect. This may be due to the topic of meal 

choice: though this topic was selected as potentially giving participants an abundance of personal 

experiences to draw from, participants may also have perceived the decision as low-impact and 

thus searched their memory for fewer exemplars. The significant effect of norm type within the 

vegetarian frame may be driven by the health benefits of a plant-based diet, which is a more 

individual than collective motivation. The data showed that the perceived descriptive norm is 

higher than the perceived injunctive norm, such that people think it is more common to eat a 

vegetarian meal than to think everyone should eat vegetarian meals. Interestingly, the query order 

analysis revealed that the vegetarian injunctive norm condition was the only group that began by 

thinking about why to choose the vegetarian meal. This suggests that meat consumption is the 

implicit default—all other participants, even in the vegetarian frame, started by considering the 
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meat meal. There was a significant effect of frame on query order and content, in support for H1a 

and H1b. Norm type did not affect query order or content, so I reject H2a and H2b. Although there 

was not a main effect of frame on norm perception, query order and content did predict norm 

perceptions. The mechanism varied by norm topic, H3a was only supported in the descriptive meat 

norm condition and H3b was supported in all conditions. Finally, in the exploratory memory 

analysis, I found that semantic memories were more prominent in all conditions. The memory type 

analysis suggests that semantic memories are more dominant in the social cognition of norms 

 

General Discussion 

This chapter found that query order and content were significant predictors of norm 

perceptions, although which metric was more important varied by norm topic. This suggests there 

is some ad hoc construction or memory-retrieval processing that is related to norm perceptions, 

supporting the basic premises of norm theory and query theory in this context (Kahneman & 

Miller, 1986; Johnson et al., 2007; Weber et al., 2007). Across both studies, participants listed 

thoughts that did and did not align with their final answer, which suggests a degree of consideration 

and that the norm is not entirely pre-stored. The degree of thought clustering varied by norm—

when SMRD was zero it indicated no thought clustering for randomness13. The topics that were 

most normative, according to prior literature (corporate fiduciary duty: McGowan, 2022; meal-

choice: Wolfswinkel et al., 2024), exhibited the strongest clustering. In Study 1, the descriptive 

economic priorities norm and the injunctive environmental practices norm had the most clustered 

thoughts; and in Study 2, both norms in the meat frame were most clustered. This pattern of low-

 
13 SMRD was close to zero for three conditions—the injunctive economic priorities norm in Study 1 and 

both injunctive and descriptive vegetarian norms in Study 2. 



 83 

clustering in counter-normative conditions is different between the individual choice and social 

cognition contexts. The classic clustering effect in query theory is demonstrated in the context of 

asymmetric discounting, where SMRD is positive for the accelerating choice frame and negative 

for the delaying choice frame (Weber et al., 2007). Another example is found in the context of the 

endowment effect, where SMRD is high and positive for the endowed condition and smaller yet 

still positive for the seller condition (Johnson et al., 2007). In neither case is SMRD very close to 

zero, as is observed in the counter-normative examples in the present chapter. This suggests that 

counterfactuals of norm conditions (i.e., counter-normative or uncommon practices) are not 

evaluated with the same attention as they are for individual choice. For descriptive norms, 

agreements between norm framing and reality appear to inform query order; and for injunctive 

norms, moral judgements or social desirability appear to inform query order. 

While query features were associated with norm perceptions, the effect of frame and norm 

type conditions on perception were not consistently significant. In Study 1, query order predicted 

norm perceptions; and in Study 2, query order and proportion predicted perceptions of different 

norm topics. This cross-study difference is likely related to domain relevance and psychological 

distance, or the feeling of being removed from an object, person, or event by space, time or social 

boundaries. The corporate priorities and practices norm topics, which are abstract, are more distant 

than meal choice, which is a common and familiar type of experience for most people. Aligning 

with studies on psychological distance and conformity to the norm, we found that meal choice 

norms were less malleable than corporate environmental norms by the frame conditions. There is 

evidence that people conform more strongly to norms that are psychologically distant through the 

process of abstraction, which results in more reliance on group opinion (Ledgerwood & Callahan, 

2012). In the meal choice scenario, participants were prompted to think very concretely which 
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affected the thought process but not, ultimately, norm perceptions. In the case where norms were 

more psychologically distant, norm perceptions were more sensitive to frame and norm type 

conditions. Greater psychological distance in Study 1 explains why norm perceptions were more 

malleable and, therefore, why query order was affected. Psychological distance may also affect the 

number of relevant memories that are cued, such that more distant norm topics have fewer personal 

memories and more proximal norm topics have more. This explanation is born out in the meal 

choice study: though the familiarity of the domain brings more experiences and hence more queries 

to draw on, this familiarity may also make norm perceptions less malleable. Thus, the frame can 

affect the thought process without changing the perceived norm. Taken together, these studies 

suggest construction of norm perceptions is more affected by contextual features when the domain 

is psychologically distant. 

 The exploratory findings from the memory coding analysis suggest that semantic memories 

dominate the evaluation of social norms in the thought listing paradigm14. The present findings on 

memory type are perhaps more aligned with the contemporary distinction between episodic and 

semantic memory, which suggests a more interconnected dynamic between the two (Renoult et al., 

2019), where semantic memories often provide the structure or schema that supports episodic 

recall, especially in constructing future scenarios or recalling past events (Irish & Piguet, 2013). 

This memory framework suggests the construction of norm perceptions may cue the semantic 

schema without activating episodic recall.  

Limitations and Future Directions 

 
14 Although the prompt in Study 2 was designed to elicit more concrete memories by asking an estimation 

question in a familiar context, the majority of memories were semantic. 
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 The main limitation of the present research is a question of directionality between the query 

metrics (order and content) and norm perception. Although the task is sequenced clearly to the 

participants, it is possible that participants answered the norm perception in their mind first and 

then justify their answers in the thought listing task. This possibility is consistent across all query 

listing conditions, so the comparison between conditions would not be affected. Additionally, the 

query metrics provide evidence that most participants consider both options, therefore the memory 

retrieval explanation of query theory is still relevant.  

 There is an underlying assumption in these studies that the thought-listing process during 

norm estimation is naturalistic and ecologically valid. I included a no-thought-listing control group 

in Study 1 to contextualize results from the agree and disagree frames. The norm perceptions from 

the control group had a similar pattern of norm perceptions—i.e., descriptive economic priorities 

and injunctive environmental practices were highest, followed by descriptive environmental 

practices and injunctive economic priorities was lowest. However, since the frames were different, 

this is not a true validation study. The thought-listing paradigm has been validated in the query 

theory literature in the context of individual choice (Weber et al., 2007). I include a full validation 

study in Chapter 4 of the present dissertation to evaluate the effect of the thought-listing paradigm 

on the relationship between social norm information and policy support. Taken together, there is 

evidence the thought-listing process does not affect the outcome measure but there is not a way to 

fully validate that thought content or order is not affected by the paradigm. However, there is no 

reason to think the effect of the paradigm would vary by condition, so between-condition 

comparisons are valid. 

 Future studies should utilize incentive-compatible designs. The present studies were not 

incentive compatible to reduce the interference with the naturalistic thought process of norm 
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estimation—in the real world, there is no incentive for accurate norm perceptions. However, 

including an incentive-compatible study to this line of work would offer insight into how 

motivating accuracy affects thought process and outcomes. 

 Finally, future work should investigate the role of affective amplification in norm 

construction (Kahneman & Miller, 1986). The literature suggests surprising exemplars receive 

more attention and might get more weight in construction; however, the present study was based 

on participant-generated memories and was not designed to measure this. Future investigation 

should measure the role of novelty and inconsistent evidence through this memory-retrieval lens. 
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Chapter 3: Social Norms in Media: How the Prominence of Social Norms in Cable 

Television Shapes Norm Perceptions and Attitudes about Democracy15 

 There is a general consensus that American democracy is under threat from political 

sectarianism (Finkel et al., 2020) and the weakening of democratic norms (Holliday et al., 2024). 

Empirical evidence finds that antidemocratic posturing is driven by political elites and has not, yet, 

spilled over to public attitudes (Holliday et al., 2024). However, high levels of affective 

polarization contribute to misperceptions about how much the public endorses antidemocratic 

norms (Iyengar et al., 2019; Lees & Cikara, 2020; Voelkl et al., 2024). While public attitudes 

toward antidemocratic norms are low, the public may hold misperceptions about other Americans 

and about the Democratic and Republican parties. This work investigates those social norm 

perceptions and the role of the information-environment in shaping misperceptions about 

antidemocratic actions. 

The American public is immersed in an information-dense environment where signals 

about democratic norms come from elites and institutions, via traditional news media, and from 

known others and strangers, via direct observation and social media. This media is becoming 

increasingly polarized, particularly prime time television shows (Kim et al., 2022), which is linked 

to increased partisanship in viewers (Muise et al., 2022) and increased engagement in public 

political discord (King et al., 2017). People, both knowingly and unknowingly, sort through the 

plethora of information to identify trends and patterns about the social world. Social norm 

perceptions shape the attitudes and behaviors that people think are permissible within a certain, 

e.g., democratic, system (Kalkstein et al., 2023).  

 
15 This chapter was written with coauthors: Kris Nichols (Princeton University), and Elke U. Weber 

(Princeton University). 
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The ideology of different news sources has been shown to affect viewer’s attitudes and 

increase partisan misperceptions of social norms (Sparkman et al., 2022; Pasket et al., 2022). While 

much of the scholarship has focused on consumer demand as the driver of political bias in media, 

recent evidence suggests that ideological slant also comes from the newsroom, the people creating 

the stories and framing (Hassell et al., 2022; Muise et al., 2022). This suggests that people are 

receiving partisan signals through the news even when they are not aware of it or seeking it out. I 

conceptualize news media as both a reflection of the public’s opinions, priorities, and reactions 

and a source of elite and institutional signals. This dual function positions media as simultaneously 

mirroring societal views while also transmitting messages from institutions and those in power—

these two are not necessarily aligned. The average news consumer is, therefore, exposed to true 

normative information about others alongside red herring information that exacerbates social norm 

misperceptions.  

 In this chapter, I leverage recent advances in large language models (LLMs) to investigate 

the prominence of social norm information in cable television news and, subsequently, how media 

diet affects attitudes and norm perceptions about democratic norm violation topics. First, I use a 

signal detection theory framework to evaluate how well different LLMs can identify norm 

information in a large-scale text dataset made up of transcripts from cable news (3,265 hours of 

television transcripts). Second, I present descriptive analyses of cable news coverage in the two 

months leading up to the 2024 Presidential Election. Third, I conduct a survey of registered voters 

(388 interviews) to understand how norm prominence within their media diet’ coverage of 

democracy topics corelates with attitudes and norm perceptions about democracy. 

Democratic norm violations 
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 Recent history has illustrated the weakening of democratic norms in the United States. The 

contest over the outcome of the 2020 election and President Donald Trump’s “big lie” violated the 

normative peaceful transfer of powers following democratic elections, where the loser consents to 

the winner (Arceneaux & Truex, 2023; Clayton et al., 2021). Trump’s second term began with the 

most executive orders signed by a president on their first day in office (Executive Order Data as 

of January 20, 2025, 2025). These actions have been lauded by many Republican lawmakers 

(Broadwater, 2024; Kapur et al., 2025). The literature underscores the influence of such elite 

signals on the public (Clayton et al., 2021; Hall & Druckman, 2023; Constantino & Weber, 2021; 

Tankard & Paluck, 2017). This has led to many empirical investigations of public opinion, with 

some contradictory findings. A survey focused on the 2022 election found that the public had not 

adopted the same acceptance of norm violations as political elites, suggesting recent outbreaks of 

antidemocratic actions had not weakened public support of democracy (Holliday et al., 2024). A 

longer view of this dynamic, examining norm violations between 2006 and 2021, found that public 

endorsement of norm violations has been increasing amongst both parties (Littvay et al., 2024). 

This study also found that people were more supportive of democratic norm violations when their 

own party was in power. Beyond public attitudes, exposure to elite statements about antidemocratic 

actions weakens the public’s trust and confidence in those institutions (Clayton et al., 2021). This 

body of evidence tells us that the increase in elite signals that violate democratic norms are 

impacting public understanding of those norms, if not directly, by changing public trust. 

 I focus on five democratic norms from America’s Political Pulse, a longitudinal panel 

survey (Westwood & Lelkes, 2024). The five antidemocratic actions are: in-party politicians 

ignoring out-party judicial rulings, reducing polling stations in out-party-dominated areas, in-party 

use of executive orders to circumvent Congress, censoring media sources that spend more time 
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criticizing the in-party than the out-party, and loyalty to the in-party over the Constitution in the 

context of contested elections (Fasching et al., 2024; Holliday et al., 2024). Public endorsement is 

relatively low for each of the actions–the most-supported is the use of executive orders (supported 

by 41% of Democrats and 28% of Republicans), followed by media censorship (supported by 19% 

of Democrats and 24% of Republicans), party loyalty, ignoring court decisions, and reducing 

polling stations. Additionally, there is evidence of out-group misperceptions, where in-group 

members massively overestimate how much the out-group endorses the norm violations 

(Westwood & Lelkes, 2024). The high levels of out-group misperceptions could have significant 

long-term consequences for peoples’ trust in democracy and further increase affective polarization, 

which has been shown to erode socially beneficial coordination. 

Social norm perceptions and elite cues 

 Much of the literature has focused on public opinion and behavior (King et al., 2017; 

Fasching et al., 2024; Holliday et al., 2024) and while this offers invaluable insight to 

understanding American democracy, I argue the role of social dynamics has been incompletely 

integrated. Empirical work has found that social norm messaging, through radio programs, can 

affect social norm perceptions without changing attitudes (Paluck, 2009). The present chapter 

integrates social norm perceptions about democratic norms with the existing opinion research 

because norm perceptions inform the long-term stability of social structures—thinking others 

support antidemocratic actions can weaken one’s personal support for democratic attitudes and 

behaviors. Self-categorization theory suggests that people conform to social norms to align with 

their in-group. Individuals who identify with an in-group adopt normative behaviors to minimize 

in-group heterogeneity and maximize intergroup differences (Terry & Hoggs, 1996). This theory 

does not require the norm to be a true group preference, only that it is salient and characteristic of 
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the in-group (Pryor et al., 2019). This is particularly relevant in the media landscape—if news 

coverage presents antidemocratic actions as common or permissible by political elites in a party, 

viewers who identify with that political party may adopt those antidemocratic attitudes and 

behaviors. 

This chapter focuses on individual psychology, in particular on how a person takes in and 

integrates signals about democracy (i.e., elite signals, peer opinions) into their mental 

representations of social norms. Elite cues, such as those communicated through media about 

political elites, may affect public opinion through two channels. First, political theory suggests that 

in highly competitive environments, such as American politics, elite endorsements have an 

outsized effect on public opinion and policy support (Druckman et al., 2013). Second, more recent 

work focused on the Supreme Court suggests that elite cues, when they run counter to known 

public opinion, have indirect and mixed effects on public opinion (Clark et al., 2023). In this case 

the role of the media is critical in shaping the public response to the conflicting elite cue and 

understanding about public opinion, this is to say, the media can moderate the amount and type of 

influence that elite cues have on public opinion. In the case of Dobbs v. Jackson Women’s Health 

Organization, Clark and colleagues found that public opinion was not directly influenced, but 

social norm perceptions moved away from the Court ruling. The authors argue this was due to the 

media coverage following the ruling that highlighted public disapproval of the Court ruling and 

made salient true social norms and their divergence from the elite cue. In this chapter, I take on 

this theory of indirect effect in the context of democracy. Empirical evidence shows that political 

leaders are exhibiting more antidemocratic actions and posture, but the public has not followed, 

and the public does not endorse violations of democratic norms (Westwood & Lelke, 2024; 
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Fasching et al., 2024; Holliday et al., 2024). This suggests media coverage and reactions to 

antidemocratic actions are critical in shaping public attitudes and norm perceptions.  

The effect of media diet on norm perceptions 

 Media and institutional influences play a powerful role in shaping social norm perceptions. 

Media outlets can facilitate both norm change and norm erosion through the content they 

disseminate (Gelfand et al., 2024). For instance, media portrayals such as radio soap operas have 

been found to influence societal norms by altering perceptions on issues like intergroup marriage 

(Paluck, 2009). In contrast, media exposure can also lead to norm erosion—witnessing norm 

violations or controversial behaviors in the media can reduce stigma and increase public 

willingness to express previously marginalized opinions, potentially eroding social norms over 

time. While digital devices are a prominent medium from which Americans get their news (58% 

of Americans report preferring to get their news from digital devices), the share of Americans who 

prefer getting their news from television is consistent over the past four years (33%), and a majority 

of Americans report getting their news from television at least sometimes (63%) (“News Platform 

Fact Sheet,” 2024). Moreover, many Americans turn to television for more than news; many turn 

to partisan networks with partisan pundits who unpack and inform on uncertain events. Opinion 

programs are typically organized around a prominent figure(s), whose political punditry is 

elevated, influencing their viewers’ behavior. For example, during the COVID-19 pandemic, areas 

where people watched more Hannity and Tucker Carlson Tonight had fewer pandemic precautions 

and high rates of infection and death (Bursztyn et al., 2023). The prominence of partisan echo 

chambers in traditional media erodes norms differently for different partisan groups. Partisan 

channels tend to expose viewers primarily to ideologically congenial content, reinforcing pre-

existing biases and polarizing opinions further. This effect is particularly pronounced in opinion 



 93 

programs, where subjective commentary is often perceived as factual information. These findings 

reflect the still robust influence of television in shaping attitudes and behaviors, as well as the 

potential for television to facilitate elite cues. 

Moreover, partisan media consumption is both highly selective and habitual. Viewers often 

gravitate toward channels that confirm their prior beliefs, resulting in limited exposure to cross-

cutting perspectives. This self-selection, combined with the strong appeal of nonpolitical attributes 

such as engaging hosts and distinctive visual styles, further entrenches partisan echo chambers 

(Broockman & Kalla, 2024). Even weak partisans and independents may inadvertently become 

aligned with a channel’s perspective, contributing to a concentrated audience that increasingly 

relies on partisan outlets for news. The motivations for turning to partisan television are 

multifaceted. While directional motives and a distrust of "straight news" drive some viewers, the 

entertainment value and accessibility of opinion programs also play crucial roles. These factors 

not only solidify habitual viewing patterns but also facilitate the framing of complex political 

issues in a manner that reinforces existing normative perceptions. 

Media also influences social norm perceptions by sharing and amplifying institutional 

signals and elite cues. Institutional decisions—such as changes in textbooks or landmark judicial 

rulings—can change individuals’ perceptions of social norms, even without shifting their personal 

beliefs. For example, Supreme Court rulings have been found to shift individuals attitudes on the 

acceptability of gay marriage and abortion, though recent work has suggested that subsequent 

media coverage of these events play a pivotal role in how individuals unpack these events (Clark 

et al., 2023; Tankard & Paluck, 2017). For most Americans, one of the primary sources of 

information for unpacking these events is the media, and many turn to preferred partisan media 

sources for opinions they trust (Broockman & Kalla, 2024). This is particularly relevant to the 
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discussion of democracy, where there are many examples of political elites violating or endorsing 

the violation of democracy norms. In the past it has been difficult to estimate the effects of 

television due to a paucity of data and insufficient computational power. In the past 5 years, more 

research has emerged pointing out the unique effects of television consumption, in particular 

partisan television consumption, on partisan attitudes and perceptions (Kim et al., 2022). Given 

the advancement of these methods and the still sizable impact of traditional media in 

communicating social normative information, understanding the frequency with which norms are 

communicated in media and the effects of such communication remains an under-investigated 

area. In the present chapter, I investigate how one’s media diet, specifically the way in which cable 

news channels cover violations of democratic norms, influences individual attitudes and norm 

perceptions on those same topics.  

Leveraging LLMs to identify social norms 

 The rapid development and deployment of LLMs over the past decade have expanded both 

opportunities and uncertainties for large-scale text analysis in the social sciences (see Binz et al., 

2025; Demszky et al., 2023 for critical perspectives). Traditional natural language processing 

(NLP) methods rely on dictionary-based search, identifying specific terms associated with a 

concept. Notably, words are evaluated without their surrounding context. A common example is 

emotion coding with Linguistic Inquiry and Word Count (LIWC), which has been widely used in 

and validated for psychological research (Tausczik & Pennebaker, 2010). However, dictionary-

based methods are inappropriate and insufficient for tasks that require contextual understanding. 

Social norms are one such concept that require context to identify, a capacity that LLM classifiers 

provide. While manual annotation has been considered the gold standard for context-dependent 

classification, this approach often underestimates the risk of human coding errors.  
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LLMs offer a potentially scalable and accurate alternative for classification when properly 

validated and applied. Since no validated NLP method currently exists for identifying social norms 

in naturalistic text, this paper provides a thorough methodological evaluation. Accuracy represents 

the primary concern when using LLMs for large-scale coding tasks. To address this, I apply a 

signal detection theory framework and the relevant evaluation metrics to quantify this accuracy 

and compare the results between different LLM models (Lynn & Barrett, 2014; Demszky et al., 

2023). Signal detection theory offers a more nuanced evaluation of accuracy than a single accuracy 

statistic, which is particularly important when comparing between multiple norm classifiers. 

Specifically, this framework deconstructs accuracy rates into hits, misses, false alarms, and correct 

rejections, which allows researchers to distinguish between type one and type two errors. 

 

Chapter Overview 

 This chapter investigates how media coverage of democracy topics informs perceptions 

and attitudes about democracy. The chapter is divided into three sections. I first evaluate the 

appropriateness of using LLMs, specifically different versions of GPT-4, to identify norm 

information in naturalistic text. Next, I conduct a descriptive analysis of norm information in a 

large text dataset made up of cable news transcripts from September and October 2024. I evaluate 

the overall prominence of social norm information communicated through cable news and in 

particular the magnitude of norm information within democracy topic coverage. Sentiment 

analysis is integrated to investigate the overall valence (how positive or negative) of the coverage. 

Finally, I conduct a survey of frequent cable news viewers to probe the relationship between news 

coverage of democracy and viewers’ attitudes and norm perceptions. I link participants’ reported 

media diet from the survey (i.e., the shows and channels participants report watching most in the 
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prior month) to my text corpus to quantify their unique exposure to democracy coverage and the 

social norm prominence therein. I investigate whether norm prominence in one’s media diet is 

associated with attitudes and norm perceptions about democracy. 

 

Methods 

Television News Text Data 

This chapter uses a text corpus of cable television news transcripts, scraped from FOX, MSNBC, 

and CNN in September and October 2024. The processed text is categorized across five key 

dimensions (Table 3.1): program metadata (channel, show, date, time), norm communication 

(presence of social norm information and type of norm information), democracy topic coverage 

(discussion of five democracy topics), sentiment (the degree of positive or negative language), and 

norm information about each democracy topic (the presence of norm information in coverage of 

the five democracy topics). Different classifiers are used for each dimension and are discussed in 

detail below.  

Dimension group Column Values Source 

Program metadata 

Channel 
Fox, CNN, 

MSNBC 

Stanford Cable TV News 

Analyzer 
Show varies 

Date 9/2024-10/2024 

Time 00:00 – 24:00 

Communicates 

social norm info. 

Contains norm [0,1] 
Fine-tuned GPT-4o 

Norm type [1,2,3,4,5] 

Democracy topic 

is mentioned 

Ignoring court decisions [0,1] 

Dictionary-based topic 

model (Table A3.6) 

Reducing polling stations [0,1] 

Use of executive orders [0,1] 

Media censorship [0,1] 
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Party loyalty [0,1] 

Sentiment Sentiment -1 – 1 Harvard-IV dictionary  

Norm about 

democracy topic 

Norm about ignoring court 

decisions topic 
[0,1] 

Contains norm x 

[Democracy topic] 

Norm about reducing 

polling stations topic 
[0,1] 

Norm about use of 

executive orders topic 
[0,1] 

Norm about media 

censorship topic 
[0,1] 

Norm about party loyalty 

topic 
[0,1] 

Table 3.1. Summary table of the five dimensions that each text segments is coded for. Each text 

segment in the corpus is coded for each column from the noted source. The “communicates social 

norm information” dimension is coded using a range of sources for the method investigation and 

validation (including expert raters, novice rates, untuned GPT-4, untuned GPT-4o, ad fine-tuned 

GPT-4o) but the listed source here indicates the source used for the main analyses.  

 

Text corpus. The corpus used for this chapter is made up of television news transcripts from the 

three largest news channels in the United States (MSNBC, FOX, and CNN). I extracted all 

transcripts from 9/1/2024 – 10/31/2024, across 24-hours of programming, from the Stanford Cable 

TV News Analyzer (Hong et al., 2021). The corpus includes a total of 3,265 hours of television 

transcripts from 126 unique television shows across the three channels. Due to data hacks during 

this timeframe some days have missing data (Bowman, 2024); all three channels are missing data 

from October 11, MSNBC is missing data from October 17 and October 25, and Fox News is 

missing data from October 12 through 14. 

Text data processing. Transcripts were scraped by the Stanford Cable TV News Analyzer team 

and shared with us via email. The data is publicly available through a web app and smaller data 
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requests are managed through direct download. Commercials were not removed due to the 

technical limitations and resource constraints at the Internet Archive following a series of cyber-

attacks in October 2024. Therefore, my data covers the entirety of what viewers were exposed to 

on cable news including programing and commercials. After processing the data, I randomly 

selected 1,000 segments for training and model evaluation, called the evaluation set. 

Novice Rater Coding. 300 segments from the expert coded evaluation set were selected for an 

additional round of coding by novice raters. This random sample of segments were taken from 

September and October of 2024. The novice raters (n = 266) were recruited from Prolific. Upon 

entering the survey, participants were introduced to social norms, including definitions and 

examples. Social norms are introduced as “a behavior or attitude that is desirable or common 

among a group”. Examples are given of statements that do (e.g., “most people want a better future 

for their kids”) and do not (e.g., “today I went to the pool because it was very hot”). Raters are 

also told that, “Descriptive norms characterize what most people do (how things are), and 

injunctive norms characterize what most people approve or disapprove of (how things should be).” 

For each sentence, raters answer, “Does this sentence communicate a norm?” and answer with: 1= 

no norm present, 2 = a descriptive norm is communicated, 3 = an injunctive norm is communicated, 

4 = both a descriptive and injunctive norm are communicated, 5 = there is not enough information 

to determine.  

Before qualifying for the full coding task, raters given a comprehension check made up of 

three text segments to code. Raters passed the check if they correctly answered 2 of the 3 coding 

questions. In the main survey, raters coded five randomly selected text segments from the sample 

of 300. For each segment, raters also reported their confidence in their rating as “low”, “medium”, 

or “high”. 
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Expert Coding. Each segment in the evaluation set (n = 1,000) was coded by two of the authors 

(JC and KN), viewed in a randomized order. Segments were coded for whether “the segment 

communicates a social norm”, with the same response options used by the novice raters. Segments 

were first coded individually by each author, then disagreements were reconciled through review 

and discussion.  

Untuned GPT Procedure. The full evaluation set (n = 1,000) was coded by untuned GPT-4 and 

untuned GPT-4o using the OpenAI API to query the gpt-4-0613 and gpt-4o-2024-08-06 models, 

respectively. The code for this query was written in R. I used a temperature of 0 to ensure the 

highest predictability, meaning if the model were run multiple times, variation in response would 

be minimal (Rathje et al., 2024). The classification tasks were run in January 2025. 

Fine-tuned GPT-4o Procedure. I used the OpenAI online platform to fine-tune GPT-4o before 

running the model through the API classification task, described above. To fine-tune the model, I 

trained the GPT-4o base model on sets of 100 expert-coded segments. Training and testing data 

were formatted with a custom prompt, described below, and the corresponding expert code. Each 

training batch used 5 epochs and 5 batches to measure incremental change during tuning. Epochs 

determine how many times the model can pass through the training data and batches segment the 

training data into smaller sets. These parameters are set to the levels recommended by OpenAI. 

Tuning was evaluated using OpenAI’s built-in validation metrics (training loss and validation loss) 

and calculated using a separate testing dataset of 100 expert-coded segments. I ran two rounds of 

fine-tuning on two sets of training and testing data; the second round improved on the first model, 

as indicated by decreasing training and validation loss metrics. I achieved a final training loss of 

0.29 and validation loss of 0.033, which suggests a good fit. The fine-tuned GPT-4o model was 

applied to the comparison set (n = 300) and the full September and October 2024 dataset (n = 
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158,179) by calling the OpenAI API through R, described above. An example of a segment that 

was classified as communicating social norm information comes from CNN on 9/14/2024: “…the 

vast majority of us, as Americans, have so much more in common than what separates us. Most 

Americans want a leader who brings us together as Americans and not someone who professes to 

be a leader who is trying to have us point our fingers at each other…”. 

GPT-Prompts. To create comparable classifiers, all classifiers (i.e., GPT, expert coders, and novice 

coders) were given the same prompt. For each task, I used a tailored prompt that included the base 

question, an explanation of key concepts, and instructions for how to answer, followed by the text 

of the segment. The base prompt was: “Does the text below (directly or indirectly) communicate 

a norm? Descriptive norms characterize common behaviors or attitudes (how things are), and 

injunctive norms characterize what most people approve or disapprove of (how things should be). 

Answer only with a number: 1 if no norm is communicated, 2 if a descriptive norm is 

communicated, 3 if an injunctive norm is communicated, 4 if both a descriptive and injunctive 

norm are communicated, or 5 if there is not enough information to answer or the text is truncated. 

Here is the text:” The outcome of all coding was a number from 1-5. I also created a binary “is 

norm” code where 2-4 are coded as 1 for “is norm” and 1 and 5 are coded as 0 for “no norm”. 

Performance evaluation metrics. The four classifier types (novice coders, untuned GPT-4, 

untuned-GPT-4o, and fine-tuned GPT-4o) are evaluated for accuracy compared to the expert-coded 

dataset. Two performance standards were evaluated: (a) whether the classifier accurately identified 

that a norm was communicated, using the binary “is norm” code; and (b) whether the classifier 

accurately identified the type of norm that was communicated, using the category code. In the 

language of signal detection theory, the signal was a norm segment, and noise was a no-norm 

segment; hits were defined as classifiers accurately identifying a signal, misses were defined as 
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failing to identify a signal, and false alarms were defined as inaccurately classifying a noise 

segment as a signal. For each classifier, hit rate and false alarm rate were calculated. Hit rate was 

defined as the number of hits divided by the number of signal segments. False alarm rate was 

defined as the number of false alarms divided by the number of noise segments. I computed 

nonparametric signal detection theory measures of sensitivity (A) and bias (b) to evaluate classifier 

accuracy. The nonparametric method is recommended for binary data, which I use in the present 

study (Zhang & Mueller, 2005). Sensitivity describes the classifier’s ability to distinguish between 

signal and noise distributions; bias describes the classifier’s liberal or conservative leaning (i.e., if 

the classifier is more likely to report signal or noise when there is uncertainty). Sensitivity and bias 

were calculated from hit and false alarm rates on the R-shiny Web App developed by Zhang and 

Mueller. 

Sentiment Analysis. Sentiment analysis was conducted on the corpus using the Sentiment Analysis 

package in R. Through this package I calculated sentiment using the Harvard-IV dictionary (as 

used in the General Inquirer software), which matches words from each segment with a pre-

validated list of positive and negative words. The positive score is then subtracted from the 

negative score to yield an overall sentiment per segment. 

Democracy Topics. Given the richness, size, and topical heterogeneity of my corpus across 

channels and over time, these text data are well suited for a topic modeling investigation. In line 

with previous studies (e.g., Hunger & Paxton, 2022; Widmann & Wich, 2023; Eichstaedt et al., 

2021), I employed a dictionary-based approach to assess the prevalence of texts related to five 

democratic norms. These norms were derived from five questions in the America’s Political Pulse 

survey (Westwood & Lelkes, 2024). To identify these norms, I constructed a dictionary that treats 

each norm as a distinct topic and searched for corresponding keywords within each text segment 



 102 

(full dictionaries in Table A3.6). A segment was coded as addressing a particular norm if it 

contained at least one keyword from the relevant topic dictionary. The dictionary was inspired by 

the Democratic Backsliding dictionary developed by Zhelyazkova and colleagues (2024) and was 

revised to suit the American context. The democracy topic classifier identifies news segments that 

are related to each of the five democracy topics, not just on the specific antidemocratic action. For 

example, the following segment from Fox News on 9/21/2024 discusses new polling station 

policies in Georgia and is flagged as broadly related to the polling station topic: “…from Georgia 

tonight, the state election board has just approved a new plan requiring hand counts for every ballot 

cast on election day. Three sworn officers at every polling station in the state will have to count 

the ballots by hand and make sure they match the machine count …”. 

Norm Communication on Democracy Topics. To identify segments that communicate social norm 

information about one of the five democracy topics, the norm classifier and democracy topic 

classifier are combined. If both classifiers are positive (e.g., communicates a social norm and is 

about court rulings), then the segment is flagged. For example, this clips CNN communicates a 

growing public sentiment about the Supreme Court’s overturning of Roe v. Wade: “… the issues 

this election cycle will impact women, like reproductive freedoms. And Harris emphasized that 

she believes more people support…abortion access since the Supreme Court overturned Roe v. 

Wade. I think that’s also why in state after state, so many so-called red states and so-called blue 

states, when the issue has been on the ballot, the American people are voting for freedom…it’s 

saying the government shouldn’t be telling people what to do…” 

Media Diet Study 

The sample. To further investigate the effects of attributes of individuals’ media diet on their 

attitudes and perceptions of norms, I recruited a sample of people who live in the United States 
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and regularly watch cable news. The target was to recruit 400 participants balanced on political 

party and sex (AsPredicted #197132) and the sample was collected on Prolific Academic in 

November 2024 prior to the 2024 Presidential Election. To qualify for the survey, participants had 

to report that they watched at least one cable news channel Fox News, CNN, and MSNBC) at least 

once a week. After recruiting 725 participants into the survey, 335 were screened out for failing to 

meet the media diet requirement. As preregistered, participants who failed the attention check (n 

= 1) were excluded. After these exclusions, there were 388 US-based participants (46% female, 

average age = 41 years, 35% Democrat, 25% Independent, and 40% Republican). 

Procedure. First, participants reported their media diet by answering how frequently they got news 

from various outlets in the last month, “never”, “every few weeks”, “once a week”, “every few 

days”, or “almost everyday or more” (Sparkman et al., 2022). Participants reported their media 

diet for the following news sources: Fox News, CNN, MSNBC, print media (New York Times, 

Huffington Post, or the Washington Post), national broadcast news (i.e., ABC, CBS, NBC, or 

similar), NPR (radio or online), conservative news outlets (i.e., Breigtbart, Drudge Report, 

Newsmax, Rush Limbaugh, The Blaze, OAN, etc.), and liberal news outlets (i.e., Democracy Now, 

The Intercept, The Nation, Salon, Mother Jones, Common Dreams, etc.). Participants qualified for 

the study if they watch any of the three cable news channels (Fox News, CNN, and MSNBC) at 

least once a week.  

Next, participants reported the three shows they watched most on cable news in the prior 

month. This was followed by the attention check, where one person was screened out. Then, 

participants were asked about their norm perceptions related to five antidemocratic topics—

ignoring court decisions, reducing polling stations, the use of executive orders, media censorship, 

and party loyalty (Holliday et al., 2024). For each topic (in a randomized order), participants were 
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asked, “What percentage of Americans support the following statement:” and answered on a 

sliding scale from 0 to 100. The statement text is shown in Figure 3.4. Then, participants were 

asked for norm perceptions about Democrats and Republicans with, “What percentage of 

Republicans and Democrats support the following statement:” and answered on two sliding scales 

from 0 to 100, for each party (randomized order). Next, participants were asked to report their own 

attitudes about the five topics. Participants were asked “Do you agree or disagree with the 

following statement:” on a five-point Likert scale from “strongly disagree” to “strongly agree”. 

The norms and attitudes were derived from five democratic norm violation questions in the 

America’s Political Pulse survey (Fasching et al., 2024; Westwood & Lelkes, 2024). Finally, 

participants answered demographic questions about their age, gender, political party affiliation, 

political ideology, and the type of place they currently live (i.e., “big city”, “small city”, “suburban 

area”, “small town”, or “rural area”). 

Measures. Norm perceptions about antidemocratic actions were calculated for each of three 

reference groups (Americans, Democrats, and Republicans). For each of the reference groups, 

participants were asked, “What percentage of [Americans/Democrats/Republicans] support the 

following statement:” on a scale from 0 to 100 for each of the five antidemocratic actions. For 

example, the statement for ignoring court decisions was, “If your party's president can't get 

cooperation from the other party's members of congress to pass new laws, your party's president 

should circumvent Congress and issue executive orders on their own to accomplish their 

priorities.” The full text for each statement is shown in the first column of Figure 3.4. The five-

item battery was asked in reference to each group and covered support for ignoring court decisions, 

reducing polling stations, the use of executive orders, media censorship, and party loyalty 

(Cronbach’s 𝛼 (Americans) = 0.79; Cronbach’s 𝛼 (Democrats) = 0.87; Cronbach’s 𝛼 (Republicans) 
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= 0.91). Following the methodology of Fasching and colleagues (2024), I created a composite 

measure for each reference group using a confirmatory factor analysis based on the unidimensional 

item response theory model. 

Attitudes about antidemocratic actions were measured through a version of the same five 

antidemocratic items used in the norm perception questions. Following the same methodology, the 

five attitudes were combined (Cronbach’s 𝛼 = 0.80) to create a composite measure.  

  

Results 

GPT as a tool to surface social norms from naturalistic text 

Model comparisons. I evaluated the accuracy of three different GPT models as well as 

human raters in identifying social norm information from naturalistic text. The three models are 

GPT-4, GPT-4o, and fine-tuned GPT-4o. These models were selected because they cover the range 

of available and user-friendly models offered by OpenAI. Accuracy is defined as agreement with 

the expert classification. All evaluations are run on the same random sample of 300 transcript 

segments. 

Using expert raters’ ratings as ground truth, human raters were 64% accurate when 

identifying whether a segment contains norm information. Using a one-proportion z-test, I found 

human raters performed significantly better than chance (X2(1) = 24.0, p < .00001). Human raters 

have a hit rate of 74% and a false alarm rate of 42%—indicating that human raters accurately 

identified 74% of the true norms and incorrectly identified 42% of the true non-norms as norms 

(Table 3.2). Next, I evaluated the three GPT models. The GPT-4 model was 61% accurate overall, 

with a 76% hit rate and 48% false alarm rate. GPT-4o, the current flagship model, was 70% 
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accurate overall, with a 69% hit rate and 30% false alarm rate. Finally, the fine-tuned GPT-4o 

model was 73% accurate overall with a 43% hit rate and 8% false alarm rate. 

To evaluate the sensitivity and bias of the different classifiers, I used Zhang & Mueller’s 

(2005) non-parametric sensitivity (A), and bias is calculated as Zhang & Mueller’s non-parametric 

bias (b). Sensitivity describes the standardized mean difference between the signal and noise 

distributions and ranges from 0.70 to 0.80 in this context (Table 3.2). Bias describes how 

conservative or liberal the classifier is with higher values indicating a more conservative criterion. 

The most liberal classifier was GPT-4 (b = 0.67), reflecting its high false alarm rate. This model 

performed most similarly to human raters, who had a slightly more conservative bias (b = 0.76). 

GPT-4o was moderately conservative (b = 1.02) and fine-tuned GPT-4o was very conservative (b 

= 2.21).  

The sensitivity and bias of these classifiers were used to determine the best model to surface 

social norm communication. Given the goal of this classifier is to identify norms from large text 

corpora that are prohibitively time consuming for manual coding, the best tool would be a 

conservative one to avoid inflating Type 1 errors. Fine-tuned GPT-4o was best fit because it had a 

high overall accuracy and hit rate, and a very low false alarm rate. This model is conservative 

which suggests high confidence that flagged norms are indeed norms. The tradeoff was the low hit 

rate, which suggests about half of the true norms would be missed. For the descriptive analysis, I 

run separate, parallel analyses with the fine-tuned GPT-4o and untuned GPT-4o models to balance 

the low hit rate and high overall accuracy of the fine-tuned model with the higher hit rate and lower 

overall accuracy of the untuned model. Compared to human raters, both GPT-4o models were 

more accurate overall and more conservative, meaning accuracy increased by hit rate going up and 

false alarm rate going down. The models were also significantly cheaper than human raters, 
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making these classifiers scalable, which was important for the scale of data in the present chapter. 

The two GPT-4o models outperformed GPT-4 in overall accuracy and bias, due to GPT-4’s high 

false alarm rate.  

 

Classifier Overall 

Accuracy 

Hit 

Rate 

False 

Alarm 

Rate 

Sensitivity 

(A) 

Bias (beta) 

High = more 

conservative 

Novice human 

raters (via Prolific) 

64% *** 74% 42% 0.72 0.76 

GPT-4 (untuned) 61% *** 76% 48% 0.70 0.67 

GPT-4o (untuned) 70% *** 69% 30% 0.75 1.02 

GPT-4o (fine-

tuned) 

73% *** 49% 9% 0.80 2.21 

Extended evaluation (n=1002) 

GPT-4o 67% *** 67% 33% 0.73 1.00 

GPT-4o (fine-

tuned) 

80% *** 56% 9% 0.83 2.03 

Table 3.2. Summary of norm surfacing classifier accuracy. Four classifiers are evaluated for their 

accuracy compared to expert raters—novice human raters, untuned GPT-4, untuned GPT4o, and 

fine-tuned GPT-4o. Overall accuracy is the percentage of accurate classifications, regardless of 

type, and is compared to chance (50% accuracy) using a one proportion z-test, significance levels 

are shown as: *** p <.0001, ** p <.001, * p <.01, . p <.05. Sensitivity describes the standardized 

mean difference between the signal and noise distributions; bias describes how conservative or 

liberal the classifier is with higher values indicating a more conservative criterion. 

 

Evaluating GPT-4o (untuned and fine-tuned) accuracy by norm types. After identifying 

that the untuned and fine-tuned GPT4o have the highest binary accuracy for identifying the 
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absence or presence of any norm, those two models were evaluated for their norm-type accuracy. 

Norm-type accuracy was evaluated as correctly categorizing each segment as “not communicating 

a norm”, “communicating a descriptive norm”, “communicating an injunctive norm”, or 

“communicating both a descriptive and injunctive norm”. Table A3.4 summarizes the model 

accuracy. The overall norm-type accuracy of untuned GPT-4o was 54%. Untuned GPT-4o had a 

higher hit rate for descriptive norms than for injunctive norms (HR descriptive = 38%, HR injunctive = 

12%; X2(1) = 24.73, p < 0.0001; Table A3.4). The model was less sensitive in norm-type accuracy 

evaluation than in the binary accuracy evaluation, suggesting the distribution between signal and 

noise distributions was smaller for the norm-type tasks. Untuned GPT-4o was also more 

conservative for the norm-type task than the binary task, as indicated by higher bias scores and 

lower hit and false alarm rates (Table A3.4). Fine-tuned GPT-4o was 74% accurate for the norm-

type task. This model also had a higher hit rate for descriptive norms than for injunctive norms 

(HR descriptive = 51%, HR injunctive = 34%; X2(1) = 8.45, p = 0.0037; Table A3.4). The fine-tuned GPT-

4o model had similar sensitivity on the binary and norm-type tasks; like the untuned model, the 

fine-tuned mode had higher bias in the norm-type task. As was the case for the binary accuracy 

evaluation, fine-tuned GPT-4o was more accurate than untuned GPT-4o and is a better fit for the 

norm-type classification task. 

Descriptive analyses of cable news data 

Norm prominence and sentiment in cable news. Using the fine-tuned GPT-4o classifier, I 

find that nearly one quarter (24.5%) of text segments on cable news in September and October 

2024 contained norm information (SD = 0.43). Norm prominence varied across channels (Table 

3.3); MSNBC had the highest proportion of norm-segments (33.8%, SD = 0.47), followed by CNN 

(23.5%, SD = 0.42), and Fox News (17.1%, SD = 0.38). Using a three-sample test for equality of 
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proportions, I found these proportions differ significantly from each other (X2(2) = 3746.5, p 

<0.001). Sentiment was, on average, neutral—the corpus-level average was 0.058 (SD = 0.10), 

measured from -1 to 1 where negative numbers indicate negative, 0 indicates neutral, and positive 

numbers indicate positive.  

 

Channel Prop. 

Norms 

Avg. 

Sentiment 

Norm Avg. 

Sentiment  

Not Norm Avg. 

Sentiment 

MSNBC 33.8% (0.47) 0.055 (0.132) 0.067 (0.075) 0.048 (0.112) 

CNN 23.5% (0.42) 0.062 (0.076) 0.067 (0.069) 0.060 (0.077) 

FOX 17.1% (0.38) 0.057 (0.102) 0.061 (0.056) 0.056 (0.141) 

Table 3.3. Summary of the proportion of norms and text sentiment by channel. For each channel, 

the proportion of text segments that communicate a norm, the average sentiment, and the average 

sentiment on norm and not norm segments are reported. Proportion is calculated as the number of 

text segments that communicate a norm divided by the number of segments. Sentiment scores are 

on a scale from -1 to 1 where negative numbers indicate negative sentiment, zero indicates neutral 

sentiment and positive numbers indicate positive sentiment. 

 

Using a binomial logistic regression, I examined how norm prominence changed over time 

for each channel. Given the timeframe of this data, leading into the 2024 Presidential Election, it 

was important to understand whether base rates were changing. The norm presence (binary) 

classifier was regressed on channel, week, and sentiment with interactions between channel and 

week and channel and sentiment. The probability of text containing a norm increased over time on 

all channels (Figure 3.1a; Table A3.5). The rate of increase was slightly higher on CNN than on 
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MSNBC (OR = 0.97, p < 0.001) and Fox (OR = 0.98, p = 0.011). It is likely that increased election 

coverage was a driving factor.  

Controlling for change over time and sentiment, I saw that the norm probability was not 

significantly different between CNN and Fox (OR = 1.39, p = 0.21) but MSNBC did have a 

significantly higher probability of containing a norm than CNN (OR = 5.96, p < 0.001). There was 

also a significant interaction between sentiment and channel, such that higher sentiment (more 

positive coverage) was associated with a higher probability of communicating a norm on MSNBC 

and CNN. The probability increased more per unit for MSNBC than for CNN (OR = 2.92, p < 

0.001). For Fox, most positive sentiment was associated with less change in norm probability than 

for CNN (OR = 0.44, p < 0.001; Figure 3.1b).  

 

a) b) 
 

  

 

Figure 3.1. Interaction plots for a binomial logistic regression model of norm prominence in cable 

news transcripts from September and October 2024. Figure a shows the relationship between week 

(x-axis) and probability of text containing a norm (y-axis) varies by channel. Figure b shows the 

relationship between sentiment (x-axis) and probability of text containing a norm (y-axis) varies 

by channel. Color denotes channel– purple = CNN, teal = MSNBC, yellow = Fox. Full model 

results are shown in Table A3.5. 
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Descriptive norms were more common than injunctive norms in the cable news corpus; 

descriptive norms appeared in 14.2% of text segments and injunctive norms appeared in 10.2% 

(X2(1) = 1152.7, p <0.001). This pattern held for all three channels. On CNN 14.7% of segments 

contained descriptive norms and 8.8% contained injunctive norms (X2(1) = 1019.8, p <0.001). On 

Fox 10.4% of segments contained descriptive norms and 6.7% contained injunctive norms (X2(1) 

= 459.6, p <0.001). And on MSNBC 17.7% of segments contained descriptive norms and 16.0% 

contained injunctive norms (X2(1) = 45.43, p <0.001).  

Coverage of democracy topics on cable news. To investigate the way democratic norm 

topics were covered on cable news, I applied a dictionary-based topic identifier to the corpus. A 

dictionary was constructed for each of the five democratic norm violations (use of executive 

orders, media censorship, party loyalty, ignoring court decisions, and reducing polling stations). 

Text segments were flagged as related to a democratic topic if they contained at least one relevant 

key-word for each topic. Note that my identification method flags text based on the broad topic, 

i.e., the use of executive orders, and not violations specifically. Overall, 23.8% (SD = 0.43) of text 

segments were about one of the democratic norm topics. This aligns with the literature that 

positions traditional media as a source of democratic and normative information to the public (i.e., 

King et al., 2017, Muise et al., 2022). The amount of coverage varied significantly across channels 

(X2(2) = 933, p <0.001); post-hoc pairwise comparisons with a Bonferroni adjustment confirmed 

all channels were significantly different from each other. MSNBC had the highest coverage of 

democratic norm topics (28.6%, SD = 0.45), followed by CNN (22.6%, SD = 0.42) and Fox News 

(20.7%, SD = 0.41). Using logistic mixed effects regression, I regressed topic coverage on channel 

and sentiment, interacted, with a random intercept for date. The full model results are shown in 
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Table A3.7. There was a significant interaction between sentiment and channel, such that coverage 

on CNN and Fox was more likely to be about democratic norms when there was negative 

sentiment. On MSNBC, text was more likely to be about democratic norms when sentiment was 

more positive. This suggests that Fox and CNN discussed negative aspects of democratic norms, 

such as examples of norm violations, while MSNBC was discussing positive examples of 

democratic norms. This suggests that media diet (i.e., the sources and quantity of news consumed) 

exposes people to different magnitudes of information about democratic norms. The channel-level 

differences in sentiment also suggest that channels cover democratic norms differently, which may 

also lead to partisan misperceptions. 

 

 

Figure 3.2. Interaction plot for the binomial logistic regression models predicting topic coverage 

in cable news transcripts. The plot shows the relationship between sentiment (x-axis) and 

probability of democratic norm topics being discussed (y-axis) varies by channel (color; purple = 

CNN, teal = MSNBC, yellow = Fox). The model includes a random effect for date. The full model 

results are shown in Table A3.7. 

 

Within the coverage of democratic norm topics, 36.0% of text segments communicated a 

social norm (SD = 0.48), which is significantly higher than norm prominence across the full 
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transcript corpus (X2(1) = 2040, p <0.001). This suggests that the way democracy is covered on 

the news is characteristically different and contains a higher density of social norm information 

that does coverage on other topics. Norm prominence varied significantly across channels (X2(2) 

= 845, p <0.001); post-hoc pairwise comparisons with a Bonferroni adjustment confirmed all 

channels were significantly different from each other. The highest norm prominence was on 

MSNBC (44.7%, SD = 0.50), followed by CNN (34.5%, SD = 0.48), and Fox News (26.8%, SD = 

0.44). To further examine how norm information was used when covering democratic norm topics, 

I used logistic mixed effects regressions. Norm presence was regressed on sentiment and channel, 

interacted, and a random intercept for date. Full regression results in Table A3.9. There was a 

significant interaction between channel and sentiment. On all three channels, more positive text 

segments were associated with higher norm prominence (Figure 3.3) and the association is weakest 

on Fox News. 

  

 

Figure 3.3. Interaction plot for the binomial logistic regression models predicting norm 

prominence in the coverage of democratic norms. The plot shows the relationship between 

sentiment (x-axis) and probability of containing a norm (y-axis) varies by channel (color; purple 
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= CNN, teal = MSNBC, yellow = Fox). The model includes a random effect for date. The full 

model results are shown in Table A3.9. 

The relationship between media diet and attitudes and norm perceptions about democratic norm 

violations 

Attitudes and norm perceptions about democratic norm violations. In a nationally 

representative sample by political party (n = 388), I measured attitudes and norm perceptions about 

the five democratic norm violations. Aligning with prior work, public endorsement of democratic 

norm violations was relatively low—only 9% of the sample endorsed the majority of democratic 

norm violations, i.e., endorsed violation of 3 or more of the 5 norms (Holliday et al., 2024). 

Endorsement of specific violations varied significantly by topic (F(4,1389) = 61.53, p < 0.001; 

generalized η2 = 0.065), as indicated by a one-way repeated measures ANOVA test. Post-hoc paired 

analyses with a Bonferroni adjustment revealed that the use of executive orders was endorsed more 

than the other topics and reducing polling stations was opposed more than the other topics (p-

values < 0.001). Norm perceptions were, notably, higher than personal endorsements; participants 

reported that, on average, 34% of Americans endorsed norm violations. This suggests a significant 

over estimation compared to true attitude levels. Norm perceptions also varied across domains 

(F(4,1496) = 102.78, p < 0.001; generalized η2 = 0.065), indicated by a one-way repeated measures 

ANOVA . Post-hoc paired analyses with Bonferroni adjustments revealed the same pattern of 

results as the attitudes–that the use of executive orders is perceived as most-endorsed by the 

average American (41.8%, SE = 1.44) and reducing polling stations is perceived as least-endorsed 

by the average American (27.3%, SE = 1.45; p-values < 0.001). 
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Figure 3.4. This figure shows the distribution of attitudes and norm perceptions about democratic 

norm violations from the media diet sample (n = 388). The first panel shows the text of each 

democratic norm violation. The second panel shows a histogram for each topic of participant 

attitudes endorsing the norm violation. Attitudes were measured on a 5-point Likert scale where 

lower numbers indicate opposition to antidemocratic actions and higher numbers indicate support 

for antidemocratic actions. The dashed line on each histogram shows the sample average. The third 

panel shows density plots of participants’ norm perceptions about Americans (grey), Democrats 

(blue), and Republicans (red). The dashed lines show the sample means for each norm perception. 

 

Show-level features of media diet. Next, I examined the effect of media diet on attitudes and norm 

perceptions. First, the amount of topic-relevant coverage, norm prominence in that coverage, and 

sentiment in that coverage was calculated based on the three shows participants watched the most 

over the prior month. For each participant, I average the topic coverage, norm prominence, and 
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sentiment for the three shows as an estimate of the characteristics of their media diet. Endorsement 

of democratic norm violations, perceived endorsement of democratic norm violations by 

Americans, perceived endorsement of democratic norm violations by Democrats, and perceived 

endorsement of democratic norm violations by Republicans were each regressed on topic 

coverage, norm prominence, and sentiment using linear regression analysis. Across the four 

models, the way norm violations were covered on cable news (measured as norm prominence and 

sentiment) had a more significant association with attitudes and norm perceptions than the amount 

of coverage (topic coverage). 

As shown in Figure 3.5, topic coverage did not have a significant association in any of the 

models (all p-values > 0.10) while sentiment and norm prominence did. Attitudes about norm 

violations were significantly associated with norm prominence, such that more normative language 

in the coverage was associated with less endorsement of norm violations (ꞵStd. = -0.24, t = -2.02, p 

= 0.044). Interestingly, show-level media diet affected partisan norm perceptions but not the norm 

perceptions about Americans. Norm perceptions of Republicans (participants’ perception of the 

percentage of Republicans who endorse norm violations) are significantly associated with the way 

norm violations were covered in cable news. Norm prominence is positively associated with 

perceived Republican norms, such that higher norm prominence in one’s media diet was associated 

with a higher perceived Republican norm of endorsing democratic norm violations (ꞵStd. = 0.38, t 

= 3.22, p = 0.0014). Sentiment was negatively correlated with perceived Republican norms, 

meaning more negative coverage of democratic norm topics in one’s media diet is associated with 

higher perceived Republican norms (ꞵStd. = -0.27, t = -2.34, p = 0.020). Norm prominence had a 

marginally significant association with perceived Democratic norms, such that lower norm 
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prominence was associated with higher levels of perceived Democrat norm endorsement (ꞵStd. = -

0.22, t = -1.88, p = 0.061). 

 

Figure 3.5. Standardized regression coefficients and 95% confidence intervals from four linear 

regression models predicting attitudes (yellow), norm perceptions of Americans (green), norm 

perceptions of Democrats (blue), and norm perceptions of Republicans (purple) toward democratic 

norm violations. Attitudes and norm perceptions were regressed separately on topic coverage, 

norm prominence, and sentiment in participants’ most-watched cable news shows. The specific 

norm text is shown in Figure 3.4. Full model results are shown in Table A3.12. 

 

Channel-level media diet and political polarization. To investigate the relationship between 

media diet and democratic norm violations beyond specific shows, I integrated channel-level news 

consumption and individual differences into the next analyses. In particular, I included the 

participants’ political party and an interaction between political party and media diet in the 

regressions to understand partisan differences. I regressed attitudes and norm perceptions on 

channel-level news consumption and political party with interaction between media consumption 

and political party. Figure 3.6 shows the standardized regression coefficients; Table A3.13 shows 
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the full regression tables. For attitudes and norm perceptions of Democrats, I found a significant 

interaction between watching Fox News and being a Republican (Attitudes: ꞵStd. = -0.51, t = -3.27, 

p = 0.001; Democrat norms: ꞵStd. = -0.33, t = -2.17, p = 0.031). As shown in Figure 3.7, Democrats 

and Independents, but not Republicans, who watched more Fox News regularly reported higher 

personal endorsements of democratic norm violations and higher perceived norms of Democrats.  

 

 

Figure 3.6. Standardized regression coefficients and 95% confidence intervals from four linear 

regression models predicting attitudes (yellow), norm perceptions of Americans (green), norm 

perceptions of Democrats (blue), and norm perceptions of Republicans (purple) toward democratic 

norm violations. Attitudes and norm perceptions were regressed separately on political party, 

amount of Fox News watched regularly, amount of CNN watched regularly, amount of MSNBC 

watched regularly, and the interaction between political party and each media diet metric. Political 
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parties are coded as binary variables. The specific norm text is shown in Figure 3.4. Full model 

results are shown in Table A3.13. 

 

  

Figure 3.7. Interaction plots for the linear regression models predicting attitudes (left) and norm 

perceptions about Democrats (right), Figure 3.6. The plots show how the relationship between 

watching Fox News (x-axis) and attitudes (left, y-axis) or norm perception (right, y-axis) varies by 

political party (color; red = Republicans, black = Democrats & Independents).  

 

Discussion 

 In this chapter, I leverage LLM tools to explore the prominence of norm information in 

cable news coverage on democracy topics and, subsequently, the effect on public perceptions. I 

find that a large portion of cable news coverage contains social norm information (36%) which is 

higher than the average normative-ness on the news. Coverage that contains social norm 

information is also more positive. The media diet study aligns with prior findings that while 
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individuals do not endorse democratic norm violations, they think others do (Holliday et al., 2024). 

The norm prominence within participants’ media diets has asymmetric and partisan impacts on 

social norm perceptions. 

 Media is clearly a conduit of information that shapes partisan and, more broadly social, 

perceptions about democracy. This has been established across the social sciences. The findings 

extend this body of work by identifying and quantifying the social norm information within media 

coverage. Other researchers have investigated partisan bias (Muise et al., 2022) and ideological 

skew (Hassell et al., 2022), but this is the first effort, to my knowledge, to specifically study 

prominence of social norms. I do not claim that social norm information is necessarily the driver 

of misperceptions, but I take up the argument of Clark and colleagues (2023) that media coverage 

of a controversial or antidemocratic action is consequential in shaping how people understand what 

is permissible in a democracy. And I offer a first estimation of and scalable method to identify 

social norm information within media coverage. 

 By pairing the survey data with the transcripts from participants’ reported media diets, I 

can disentangle the effects of different features of media coverage on attitudes and norms. Social 

norm messaging, over and above pure information or news coverage, affects norm perceptions and 

attitudes. This underscores the importance of disentangling the type of social information people 

are exposed to. The results showed that exposure to social norm information about antidemocratic 

actions was associated with stronger opposition to norm violations but higher perceived 

Republican endorsement of those violations. While this partisan misperception finding is not new 

to the literature (Pasek et al., 2022), the association with quantified norm messaging is novel. 

 I leveraged channel-level analysis to investigate the sources of partisan asymmetry. 

Watching Fox News was more significant in shaping the attitudes and in-party perceptions of 
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Democrats and Independents. Drawing on learning theory, information on Fox News may be more 

impactful to Democrats and Independents because it is novel or “unconditioned” (Rescorla & 

Wagner, 1972). My findings suggest that the way Fox covers democracy is impactful to out-party 

members, perhaps because the information presented on the news interacts with what people 

experience in their personal lives. Further research is needed to disentangle the different effects 

that media and interpersonal signals have on partisan perceptions about democracy. The study 

offers preliminary evidence of partisan differences in the effect of social norm information on 

norms and attitudes about democracy. 

Limitations and future directions 

 As with most archival analyses, there are data limitations that I must address. Although my 

data is extensive, the Internet Archive hack resulted in missing transcripts during the critical 

window of analysis. I addressed this by performing robustness analyses that exclude full days 

when a single channel is missing data. It is also important to note that I did not validate the accuracy 

of the transcribed television programs although the data has been used in peer reviewed papers 

(Kim et al., 2022; Hong et al., 2021). A limitation to the archival analysis is that the results from 

the dictionary-based method I use to identify “topic coverage” is prone to Type II errors. Although 

this is a standard method in the literature (e.g., Zhelyazkova et al., 2024), I cannot confirm that 

each mention of the terms is true coverage of democracy norms. The size of the corpus necessitates 

the use of this method. Finally, a limitation of the survey is that media exposure and norm 

perceptions are not synchronized. Survey participants report their prior month of media 

consumption on November 6 and the linked transcript data is from the month of October. 

Additionally, media diet in this survey was self-reported which is subject to error and limited to 

the three main cable news channels.  
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 Future work should investigate the causal effect of social norm information in media 

coverage on attitudes and norm perceptions about democracy. The present study is correlational, 

relies on self-reported media diet, and does not use random assignment. While this study offers an 

important preliminary connection between the norm-coded television news corpus and norm 

perceptions, experimental work is needed to test the causality and direction of this relationship. 

Chapter 4 examines the effect of being exposed to social norm information on people’s cognitive 

mechanism during policy evaluation. 
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Chapter 4: A process theory of social norm information interventions.16 

People’s behaviors, attitudes, and beliefs are shaped by the observed actions and perceived 

expectations of others. Psychologists have long acknowledged the effects of social norms (e.g., 

Sherif, 1937) and in the last half-century, social norms have been the subject of extensive research 

across the social sciences (Cialdini & Jacobson, 2021; Miller & Prentice, 2016). The predominant 

questions in the literature have focused on why social norms affect behaviors and attitudes, which 

norms (i.e., injunctive versus descriptive) are effective, and when they are impactful. The present 

chapter endeavors to explain how norms work through the lens of cognitive process tracing. 

Effects of social norms 

Social norms are those attitudes or behaviors that are desirable (injunctive norms) or 

common (descriptive norms) among a group or in a context (Cialdini & Goldstein, 2004; Legros 

& Cislaghi, 2020). This definition of social norms is most aligned with the common definition in 

social psychology. Social norms are not individual preferences, attitudes, or habits; they are not 

instinctual or reactive behaviors; and they are not simply patterns in behavior (although some 

patterns are able to be attributed to social norms). Integrating the common definition in economics, 

social norms are those behaviors that are adopted because of a societal or communal expectation 

that this rule or practice should be followed (Bicchieri, 2006).  

Social norms affect consequential individual behaviors and attitudes as well as collective 

phenomena. It is broadly accepted that social norms shape individual-level risky behaviors, such 

as smoking (Nyborg & Rege, 2003) and alcohol consumption (Burchell et al., 2013; Miller & 

Prentice, 2016). They also shape pro-social behaviors such as resource conservation (Abrahamse 

 
16   This chapter was written with coauthors: Aya Salim (Princeton University), and Elke U. Weber 

(Princeton University). 



 124 

& Steg, 2013), and how individuals interact with each other, for example bullying (Paluck et al., 

2016) and beliefs about same-sex marriage (Tankard & Paluck, 2017). Social norms also inform 

what individuals expect from government such as the right to abortion (Clark et al., 2023), and 

civic engagement, like the motivation to vote (Gerber & Rogers, 2009).  

Social norms about policy sit at the intersection of individual and collective solutions to 

societal challenges. Signals from the public shape governance and technological strategy in the 

energy transition (Otto et al., 2020). The public can communicate policy preference directly 

through public discourse, i.e., signing a petition or contacting a representative, or indirectly by 

voting for candidates aligned with their policy preferences. Policies also affect norm perceptions 

as institutional signals, through media discourse that adjust expectations of the beliefs, attitudes, 

or behaviors of others (Nyborg et al., 2016). The present research focuses on perceived norms that 

affect policy support, particularly related to the energy transition. New policies, specifically the 

Inflation Reduction Act (H.R. 5376, 2022) and the Infrastructure Investment and Jobs Act (H.R. 

3684, 2021), have driven a rapid change in which new renewable energy technologies are 

economically feasible (Burgess et al., 2024), resulting in some uncertainty.  

When public knowledge about new technologies is limited, the logic of plausible reasoning 

suggests that inference patterns become activated (Collins & Michalski, 1989). This indicates that 

individuals with less certain knowledge about emerging technologies rely more heavily on 

reasoning mechanisms—inductions, deductions, and analogies—that activate social norm cues 

from memory. These dynamics highlight the reciprocal relationship between policy initiatives and 

social norms by detailing how evolving public perceptions and meta-perceptions shape support for 

critical social and environmental policies. Through cognitive process tracing, this chapter 



 125 

illuminates the mechanisms through which social norms operate to influence policy attitudes in 

contexts of technological and social change. 

Why social norms affect behaviors and attitudes 

Social norms affect behavior by shaping which behaviors and attitudes are considered 

acceptable or expected in a context. The focus theory of normative conduct (Cialdini et al., 1991) 

offers a meso-level explanation, arguing that norms guide behavior when they are made salient. 

From an evolutionary theory perspective, humans are born into cultures with complex systems of 

information that exceed individual capacity (Henrich, 2016). Humans have developed to learn 

social norms with a similar propensity as the learning of grammatical rules; such social learning 

has, therefore, emerged as an adaptive method to learn vast societal knowledge quickly and 

efficiently (Ostrom, 2000; Kendal et al., 2018). 

The literature offers a few mechanism explanations of why social norms influence 

behavior—cognitive constraints, accuracy or efficiency, internalization, and conformity to avoid 

social sanction. The benefits of coordination and using norms as heuristics reinforces collective 

patterns of behavior. While direct experience is valuable, referencing others’ experience or 

following their lead allows individuals to benefit from collective or dispersed knowledge. This is 

driven by the motivation to make “correct” or optimal decisions (Cialdini et al., 1990). Social 

norms can limit the range of behaviors that individuals consider, effectively excluding counter-

normative actions from evaluation. This cognitive constraint means that people are less likely to 

consider behaviors that violate norms, which reduces the likelihood of such behaviors occurring 

(Kalkstein et al., 2023). Kalkstein and colleagues argue that a normative constraint is more 

effective at curtailing negative behaviors than personal motivation because norms reduce the 
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behavioral options that participants evaluate. However, norms can also entrench a harmful or anti-

social habit (Andreoni et al., 2021), such as gendered discrimination (Becker, 2023).  

Norms are internalized through processes like self-categorization, where individuals align 

their behavior with group norms to maintain a positive self-image and social identity (Pryor et al., 

2019). This internalization makes norm-following part of one's self-concept, leading to adherence 

even in private settings where violations might not be detected (Gross & Vostroknutov, 2022). The 

focus theory of normative conduct proposes the last two mechanisms—social approval and 

accurate decision making (Cialdini et al., 1990). People follow norms to maintain a favorable 

social and self-image. The desire to be seen positively by others and oneself can drive adherence 

to norms, even when personal goals might conflict with them (Gross & Vostroknutov, 2022). The 

opposite is also true, namely people want to avoid being seen negatively and will adhere to a norm 

to avoid social sanction (Cialdini & Goldstein, 2004; Keizer & Schultz, 2012).  

Which social norms affect behaviors and attitudes 

 Much of the social norms literature distinguishes between injunctive and descriptive 

norms, introduced by Cialdini and colleagues (1990). The common definition draws a clear 

distinction between the two—that injunctive norms describe approval or disapproval, and 

descriptive norms describe commonness or uncommonness. These two types of norms activate 

different motivational mechanisms to conform (Jacobson et al., 2011). Descriptive norms motivate 

through the desire for accuracy or to make the right decision; injunctive norms motivate through 

the desire for social approval and reciprocity. A meta-analytic review of the literature suggests that 

injunctive norm manipulations more strongly influence behavior, whereas descriptive norm 

manipulations have a greater impact on norm perceptions (Rhodes et al., 2020). However, the two 

are deeply interconnected—descriptive norms communicate injunctive information and vice versa 
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(Miller & Prentice, 2016; Blanton et al., 2008), a fact that may offer some explanation for why 

both types of norm interventions affect behavior (i.e., Bergquist et al., 2019).  

Social norm information may also affect behaviors when a behavior is not currently a norm, 

through dynamic norm interventions (Sparkman & Walton 2017; Sparkman & Walton 2019; 

Mortensen et al., 2019). A dynamic norm describes the direction of change in others’ behaviors or 

beliefs over time. These norms (e.g., people are taking more and more steps to reduce their carbon 

footprint) focus on the temporal dynamic and draw attention to the increase in behavioral and 

belief commonness rather than the base rate, or current level of commonness. 

When social norms affect behaviors and attitudes 

 Across the behavioral sciences, researchers have run a large number of social norm 

interventions in just as many contexts. For example, in a meta-analysis of field experiments that 

use social norms to increase pro-environmental behavior the authors identified 74 studies with 91 

independent field experiments and 227,730 total participants (Bergquist et al., 2019). Across this 

and other meta-analyses, researchers find high heterogeneity in the effectiveness of social norm 

interventions (e.g., Bergquist et al., 2019, Rhodes et al., 2020). Much of the heterogeneity in the 

literature is attributed to differences in operationalizing interventions and measurement. 

Moderation analysis identified that implicit norm interventions were more effective than explicit 

ones, as they led less psychological reactance and were more likely to be automatized (Bergquist 

et al., 2019). 

 The context of a norm intervention, i.e., the physical environment, the difficulty of 

changing behavior, and pre-intervention behavior, matter greatly in social norm influence. 

Environmental cues that provide physical evidence of the norm have been shown to increase 

intervention effectiveness (Cialdini et al., 1991). When a target behavior is challenging or incurs 



 128 

discomfort, such as forgoing a plastic lid on one’s coffee to-go cup, norm interventions tend to be 

less effective compared to behaviors with easy alternatives or modifications, like using only one 

paper towel when drying one’s hands (Mundt et al., 2024). Furthermore, participants’ pre-

intervention behaviors are a significant determinant of intervention success, as evidenced by the 

OPOWER study, perhaps the most notable empirical example of social norm information affecting 

pro-environmental behavior (Allcott, 2011). In this field study, the average treatment effect of 

social norm information was near zero for the bottom two deciles of baseline household energy 

usage but exceeded 6% energy savings for those in the top decile.  

Additional evidence suggests that observed information (i.e., memory content) influences 

the effectiveness of norm communication. When individuals hear that others support contributing 

to public goods (like community projects) but then see contradictory behavior (people not actually 

contributing), they can become resistant to contributing themselves (Miller & Prentice, 2016). 

However, there is an important exception: if someone was already inclined to contribute, then 

knowing their peers approve of such actions (injunctive norm support) can eliminate their fear of 

social disapproval. This effect occurs even when few people are actually contributing (descriptive 

norm). A person's starting point matters - peer approval can override concerns about going against 

the crowd, but primarily for those who were already predisposed toward the action in question 

(Smith & Louis, 2008; Smith et al., 2012).  

 In the context of pro-climate and environmental behaviors, it is particularly important to 

consider the political context of the intervention. There is empirical evidence of a partisan trust 

gap in climate science, such that conservatives have lower trust in science and scientists, with 

political consequences (Cologna & Siegrist, 2020; Azevedo & Jost, 2021). This has been tied to 

high levels of skepticism about the motivation of scientists and data accuracy. The moderating role 



 129 

of skepticism on social norm interventions has not been empirically investigated, to my 

knowledge. The present chapter offers a first examination of whether and how social norm 

information activates climate science skepticism. 

A query theory explanation of how social norms affect behavior 

 As discussed, the literature has offered broad evidence of when and why social norms affect 

behavior with less focus on the underlying cognitive mechanism, i.e., the question of how norms 

affect behavior. Query theory offers a process explanation of framing effects in individual decision 

making (Johnson et al., 2007; Weber et al., 2007; Composto et al. under review). Query theory 

says that, when faced with a judgment or decision, the order in which a person evaluates available 

choice options shifts the balance of support and, ultimately, helps to explain which option is 

chosen. One premise of query theory is that valuation questions are deconstructed into individual 

self-queries (Collins & Michalski, 1989). The way in which a question is framed shapes the 

decider’s reasoning by influencing the order in which queries are posed and thus attended to 

(McKenzie & Nelson, 2003). Those queries activate memories that are related to the question topic 

and query (i.e., a query about reasons for choosing option A will activate memories about positive 

experiences with option A or negative experiences with other choice options). Finally, and 

importantly, the query that is posed first has a greater success in recall relevant memory content in 

the deliberation process, due to memory interference and inhibition where the attempt to recall one 

memory category temporarily suppresses access to other (competing) memory categories 

(Anderson et al., 1994).  

 The present chapter proposes a query theory explanation of social norm interventions. 

While norm interventions take many forms in the literature (Bergquist et al., 2019; Abrahamse & 

Steg, 2013; Miller & Prentice 2016; Rhodes et al., 2020), the present research focuses on norm 
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information interventions for their prevalence in the literature, similarity to framing effect 

interventions, and relevance to naturalistic information environments. The query theory 

explanation of social norm information interventions proposes that exposure to norm information 

affects the order and, thus, balance of participants’ self-queries as they think through a decision. 

Norm information is assumed to affect query order by acting as a frame or prime: hearing that 

most people support a policy suggests that participants should begin by evaluating reasons to 

support the policy. As verified by dozens of query theory studies (Composto et al., under review), 

query order affects the balance of support, such that the option attended to first typically retrieves 

more supporting memories. Norm information might also affect query content by entering the 

thought process as a thought or piece of evidence in its own right. The thought-listing paradigm 

employed by query theory studies allows me to investigate these two alternative mechanisms, 

which are not mutually exclusive. 

The present chapter explores how providing social norm information affects policy support 

by shaping the automatic thought process through which people evaluate evidence that supports 

or opposes that policy. Specifically, when norm information is presented, it draws attention to the 

normative option first (whether that be supporting or opposing the policy) by affecting the order 

and content of self-queries, which ultimately affects policy support. I present evidence that when 

social norm information supports (versus opposes) a policy, it increases policy support by making 

thoughts aligned with the norm information more accessible and prominent in people’s minds. 

 

Chapter Overview 

I leverage the naturalistic type-aloud procedure (Johnson et al., 2007; Weber et al., 2007), 

to identify which cognitive mechanism(s) explain the effect of norm information interventions in 
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five studies. Understanding the mechanism(s) that underpin these interventions is crucial to 

designing impactful and scalable interventions. In Study 1, I tested the query theory explanation 

of social norm interventions in a hypothetical policy context with both a positive and negative 

norm provision treatment group. In Studies 2a-c, I tested the hypotheses in the context of real 

existing policies and norm information. Each of these studies employed a different policy and the 

norm information provided accurate information; therefore, there was only a single norm 

intervention (describing the actual support) for each policy. Study 2a focused on an energy 

efficiency policy with a positive norm treatment, Study 2b focused on a labor organizing policy 

with a positive norm treatment, and Study 2c focused on an energy technology policy with a 

negative norm treatment. Using the same policy and norm context as Study 2c, Study 3 

manipulated query order to test the causality of the query process theory explanation. Next, Study 

4 extended the findings into a more naturalistic information environment by providing policy 

context and norm information through real television news clips. The policy topic for Study 4 was 

support for large-scale solar farms and there were three conditions: a support norm treatment, an 

oppose norm treatment, and a no-norm control. Finally, I conduct a validation study to determine 

whether the type-aloud procedure accurately captures the naturalistic thought processes people 

experience when deciding whether to support specific policies. 

I hypothesize that norm interventions will first direct attention to the status quo (as 

communicated through the norm), influencing the query order and content, and leading to policy 

support that is more aligned with the norm information (compared to a non-norm control 

condition). The following hypotheses are tested: 

- Hypothesis 1: Social norm information affects policy support—positive norm increases 

policy support and negative norm decreases policy support. (Studies 1, 2a-c, and 4). 
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- Hypothesis 2: Social norm information influences the query order (H2a) and query content 

(H2b) of participants' thought process—positive norms lead to early support thought 

clustering and a greater proportion of support thoughts; negative norms lead to earlier 

oppose thought clustering and a greater proportion of oppose thoughts. (Studies 1, 2a-c, 

and 4). 

- Hypothesis 3: Query order (H3a) and query content (H3b) mediate the effect of social norm 

information provision on policy support (Studies 1, 2a-c, and 4). 

- Hypothesis 4: When query order is explicitly manipulated (soliciting it in the “natural” 

order, which was hypothesized and identified in Studies 2a-c, versus the opposite or 

“unnatural” order), the effect of norm information on policy support (H4a) and query 

content (H4b) is attenuated (Study 3). 

 

Study 1: Effect of social norm information interventions on hypothetical policy decisions  

Method 

In this online study, I provided a first test of the cognitive mechanisms of social norm 

interventions on policy decisions in a hypothetical context. Participants were shown a hypothetical 

policy decision scenario and then were randomly assigned to a positive social norm treatment, a 

negative social norm treatment, or a no norm control condition. Participants were asked to type 

out the thoughts that went through their head as they evaluated the policy and then reported their 

support of the policy. Finally, participants were shown each thought they had listed previously and 

asked to categorize the thought as an argument that either increased or decreased policy support. 

Participants 
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To detect a small-to-medium effect size (f = 0.15) at 80% power as preregistered 

(AsPredicted #149978), our target was to recruit 440 participants. I collected a sample on Prolific 

Academic in November 2023 by advertising a survey experiment to respondents located in the 

United States. I stopped data collection once 486 responses had been completed. As preregistered, 

I excluded participants who failed one or more of the four attention checks (n = 30) and participants 

who spent more than 60 minutes on the survey (n = 1). Of the 486 responses that were collected, I 

excluded 31 and Prolific excluded 14 for missing IDs or demographic information. Exclusions did 

not differ by condition (control versus positive norm versus negative norm), 𝜒2(2) = 0.0012, p = 

0.99. After these exclusions, there were 441 US-based participants (40 % female, 74 % white, 57 

% four-year college degree or more; median age group = 45-55 years, median income group = 

$50,000-74,999, 47% Democrat, 27% Independent, and 22% Republican). 

Procedure 

After giving informed consent, participants underwent two training tasks to learn how to 

use the online platform and paradigm, followed by an attention check. All participants then read a 

realistic, hypothetical scenario about a decision being made by the local municipal planning 

committee in their community about whether to add a new crosswalk to a highly-trafficked road 

(Table A4.1). Participants in the positive norm condition then saw an infographic saying “80% of 

people in your neighborhood support adding a crosswalk” (n = 147), participants in the negative 

norm condition saw an infographic saying “80% of people in your neighborhood oppose adding a 

crosswalk” (n = 148), and control participants did not receive any information about the 

neighborhood’s opinion (n = 146; Table A4.1). The norm treatments were framed as survey 

findings reported by a local newspaper and were accompanied by a pie chart graphic to 

communicate the proportion of support versus opposition. Next, all participants were asked to “list 
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the thoughts that go through your mind as you evaluate if you support or oppose putting in a new 

crosswalk” (Table A4.1). Participants typed one thought at a time into a free-text entry box and 

could enter as many thoughts as they wanted; a new box would appear after hitting return. After 

they indicated that they were done with their thought listing, participants were asked if they 

supported or opposed building a new crosswalk (binary decision) and how much they supported 

or opposed building a new crosswalk on a 5-point Likert scale (strongly support, somewhat 

support, neither support nor oppose, somewhat oppose, strongly oppose). Participants answered a 

willingness to pay question on the same 5-point Likert scale: “The installation would cost you 

approximately [$50/$100/$130] and the maintenance would require [$25/$50/$65] annually. 

Would you approve of such a policy knowing what it would cost you personally?” The indicated 

pairs of cost values were randomly assigned. 

After answering the dependent variable questions, participants were shown each thought 

they had listed in the order in which they had entered them. For each thought, participants 

answered, “Was this thought in favor of increasing or decreasing support for the policy?” with 

options “it was in favor of increasing support”, “it was in favor of decreasing support”, “it was in 

favor of both increasing and decreasing support” or “it was in favor of neither”. For each thought, 

participants also answered, “Was this thought a reason to pay more or less for the policy?”, with 

options “it was a reason to pay more”, “it was a reason to pay less”, “it was both a reason to pay 

more and to pay less” or “it was a reason for neither”. After all thoughts were categorized, 

participants answered a second pair of attention checks and demographic questions. Participants 

reported their gender, age, race, education, income, and political party affiliation (see Table A4.2 

for detailed demographic questions). 



 135 

At the end of the survey, participants in the positive or negative norm treatment group were 

asked about their skepticism toward the norm information. Participants were re-shown the norm 

infographic and answered, “To what extent were you skeptical about the accuracy of this 

information?” with options, “not at all skeptical”, “slightly skeptical”, “somewhat skeptical”, and 

“very skeptical”. 

Results 

I replicated prior findings that social norm information affects policy support, in particular 

that positive norm information increases, and negative norm information decreases support for a 

policy (de Groot & Schuitema, 2012; Bolsen et al., 2014). As shown in the top panel of Figure 4.1, 

the supportive social norm information increased policy support compared to control (M support norm 

= 3.23, SD support norm =1.16 ; M control = 2.90, SD control = 1.35; t(284) = 2.23, p=0.027) and the 

opposing norm information decreased policy support (M oppose norm = 2.45, SD oppose norm = 1.47; 

t(290) = 2.74, p=0.0064). Policy support was significantly higher in the support norm condition 

than in the oppose norm condition (t(279) = 5.05, p<0.0001)17. This supports Hypothesis 1. 

On average, participants listed 4.00 thoughts (SD= 1.75). Participants in the control 

condition listed more thoughts than those in the two treatment conditions (M control = 4.29, SD control 

= 1.73; M support norm = 3.86, SD support norm = 1.61; M oppose norm = 3.86, SD oppose norm = 1.86). Using 

two-sample t-tests I compared the number of thoughts listed in the control condition to the support 

norm condition (t(289) = 2.17, p = 0.031) and the oppose norm condition (t(291) = 2.02, p = 0.045) 

and found both had significantly fewer thoughts, although the absolute difference was small. There 

 
17 Willingness to pay (WTP) also varied significantly across conditions, as indicated by a two-way 

ANOVA controlling for amount (F(2, 432) = 4.43, p = 0.013). WTP was significantly higher in the 

support norm condition than in the oppose norm condition (t(293) = 2.98, p = 0.003). 
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was no significant difference in the number of aspects listed between the two norm conditions 

(p=0.996). 

Next, I examined the query metrics, order and content. Query order, measured as 

standardized median rank difference (SMRD)18, was positive in all three conditions which 

indicates that reasons to support the policy were generated first. Positive support thoughts clustered 

earlier in the support norm condition than in the control condition; positive support thought also 

clustered earlier in the support norm and control conditions than the oppose norm condition 

(F(2,438)=5.03, p=0.0070). The SMRD difference between the support and oppose norm 

conditions was significant (t(283) = 3.68, p = 0.0017), shown in the middle panel of Figure 4.1. 

The negative norm weakened the initial focus on reasons to support the policy, supporting 

Hypothesis 2a. Evaluating the balance of support thoughts in the aspect list, the pattern was similar 

(F(2,438)=6.73, p=0.0013), shown in the bottom panel of Figure 4.1. The proportion of support 

thoughts was greater in the support norm condition than in the oppose norm condition (t(286) = 

3.67, p = 0.00030). This supports Hypothesis 2b. These results support the crucial QT prediction 

that changes in query order (SMRD) will result in a different frequency of support versus oppose 

thoughts and thence the balance of policy support. 

 
18 Order is measured as the standardized median rank differences (SMRD) between arguments to “support 

the policy” and arguments to “oppose the policy”. SMRD is defined as 2(MRi - MRp)/n, where MRi is 

the median rank of arguments to “support” in a respondent’s sequence of thought listing preceding the 

choice, MRp is the median rank of arguments to “oppose”, and n is the total number of thoughts listed 

(Johnson et al., 2007). SMRD takes the value of +1 if all arguments to “support” are recalled first, and -1 

if all arguments to “oppose” are recalled first, and 0 if the two types of arguments do not cluster but are 

randomly interspersed. 
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Figure 4.1. Results of Study 1: policy support (top panel), standardized median rank difference 

(SMRD; middle panel), and proportion of support thoughts (bottom panel) are reported by 

condition. Policy support is measured on a 5-point Likert scale where 5= strongly support, 3 = 

neither support nor oppose, and 1= strongly oppose. SMRD is measured on a scale from -1 to 1 

where positive values indicate support-thoughts clustered earlier than oppose-thoughts, negative 

values indicate the opposite, and a value of zero indicates randomly dispersed thoughts. Proportion 

of support thoughts is measured as the proportion of thoughts listed that are in support of the policy, 

out of the total number of thoughts. 

 

To examine the query theory mechanisms, I ran two mediation analyses. The analyses were 

conducted using the “mediation” package in R, with 10,000 bootstrap resamples to compute 

confidence intervals for the indirect effect (Tingley et al., 2014). First, I examined whether query 

order mediated the effect of norm treatment on policy support. The results suggested that SMRD 

was a partial mediator, as indicated by the significant indirect effect (β= 0.29, 95%CI [0.11,0.48], 

p =0.0012). The direct effect remained significant after accounting for the mediator (β= 0.49, 

95%CI [0.23,0.74], p =0.0002), suggesting partial mediation. SMRD mediated 37% of the effect 

of norm information on policy support (95%CI [0.17,0.61]; Table A4.3). Second, I examined 

whether query content mediated the effect of norm treatment (support versus oppose norm) on 

policy support. The results suggested that the effect of norm information on policy support was 

partially mediated by the proportion of support thoughts, as indicated by the significant indirect 

effect (β= 0.42, 95%CI [0.19,0.65], p=0.0002). The direct effect remained significant after 

accounting for the mediator (β= 0.36, 95%CI [0.14,0.58], p =0.0012), suggesting partial mediation. 

Proportion of support thoughts mediated 54% of the effect of norm information on policy support 
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(95%CI [0.32,0.77]; Table A4.4). As predicted by query theory, the two query mechanisms were 

correlated but not redundant (r =.79), so I ran a third mediation analysis on a combined query 

mechanism factor and found the combined query mechanism partially mediated the effect of norm 

information on policy support19. The query metrics also mediated the effect of social norm 

information on willingness to pay20. Taken together, the mediation analyses support Hypothesis 3. 

Discussion 

 Study 1 found preliminary support for the query theory process explanation of social norm 

interventions. In the hypothetical policy scenario, the effect of social norm information on policy 

support was mediated by both query order and content. Norm information in support of the policy 

led to earlier clustering of supporting thoughts, compared to norm information in opposition to the 

policy. The earlier clustering of support thoughts was associated with a greater proportion of policy 

supporting thoughts, which offers the first evidence of a query theory mechanism in the context of 

social cognition.  

 

Study 2 a-c: Effect of social norm information interventions on real policy decisions 

Method 

 
19 Query content (proportion of support thoughts) and order (SMRD) are combined into a single 

prominence-of-support-thoughts factor using a principal components factor analysis (Weber et al., 2007). 

Mediation analysis found that prominence-of-support-thoughts partially mediates the effect of norm 

information on policy support, as indicated by the significant indirect effect (β= 0.39, 95%CI [0.18,0.62], 

p <0.0001). The direct effect remained significant after accounting for the mediator (β= 0.39, 95%CI 

[0.16,0.62], p =0.0012), suggesting partial mediation. Prominence-of-support-thoughts mediated 50% of 

the effect of norm information on policy support (95%CI [0.28,0.74]; Table A4.5). 
20 SMRD fully mediated the relationship between social norm information and WTP, as indicated by the 

significant indirect effect (β= 0.25, 95%CI [0.09,0.43], p =0.002) and the non-significant direct effect 

after accounting for the mediator (β= 0.27, 95%CI [-0.05,0.58], p =0.10). Proportion of support thoughts 

also fully mediated the relationship between social norm information and WTP, as indicated by the 

significant indirect effect (β= 0.37, 95%CI [0.17,0.59], p =0.0002) and the non-significant direct effect 

after accounting for the mediator (β= 0.15, 95%CI [-0.14,0.44], p =0.33). 
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To examine the cognitive mechanism of social norm interventions for non-hypothetical 

policy decisions, U.S.-based participants were recruited to deliberate on three existing policies. 

Building on the design of Study 1, I designed three policy stimuli based on policies in place or 

proposed in the U.S. and corresponding social norm information from nationally representative 

polls. As in Study 1, participants first read information about a policy topic before being shown 

either current social norm information (treatment) or neutral information (control). They then listed 

their thoughts, reported policy support, and categorized their thoughts. The three policy topics are: 

national energy efficiency standards on major appliances and consumer products (Study 2a), 

national protections for employees to engage in collective bargaining and wage negotiations (Study 

2b), and national investment in carbon capture and storage (CCS) programs (Study 2c). The 

corresponding social norm treatments in Study 2a-b (i.e., existing levels of support for each policy) 

were positive norms and the treatment in Study 2c was a negative norm. The specific policy context 

and associated treatment stimuli are shown in Table A4.6. 

Participants 

The samples for Study 2a and 2b were collected together in October 2023 via Prolific 

Academic. To detect a small effect size of norm information on policy support (d = 0.25) at 80% 

power as preregistered, the target sample size was 450 participants, solicited by advertising a 

survey experiment to respondents located in the United States (AsPredicted #146450). Participants 

were excluded if they failed one or more of the four attention checks or if their completion time 

was greater or less than 3 SD above/below the sample mean completion time. Of the 468 responses 

that were collected, 31 were excluded. Exclusions did not differ by condition (treatment versus 

control x policy topic, 𝜒2(3) = 0.029, p = 0.99). After these preregistered exclusions, I achieved 

437 US-based participants (45% female, 55% four-year college degree or more; mean age group 
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was 35-44 years). The distribution of political affiliation was 48% Democrat, 32% Independent, 

13% Republican, and 7% other.  

The Study 2c sample was collected in July 2024 via Prolific Academic. To detect a small-

to-medium effect size of norm information on policy support (d = 0.30) at 80% power as 

preregistered, the target sample size was 350 participants, solicited by advertising a survey 

experiment to respondents located in the United States (AsPredicted #183536). Participants were 

excluded if they failed one or more of the four attention checks or their completion time exceeded 

60 minutes. Of the 366 responses that were collected, 11 were excluded. Exclusions did not differ 

by condition (treatment versus control, 𝜒2(1) = 0.0028, p = 0.96). After these preregistered 

exclusions, I achieved 355 US-based participants (50% female, 54% four-year college degree or 

more; mean age group was 45-54 years). The distribution of political affiliation was 34% 

Democrat, 37% Independent, 28% Republican, and 1% other.  

Procedure 

Studies 2a-c followed the same procedure as Study 1. Participants read a policy scenario, 

then treatment participants (but not controls) were shown social norm information, then all 

participants listed their thoughts, answered the policy support and willingness-to-pay dependent 

variable questions, categorized their thoughts, and answered demographic and skepticism 

questions. The norm information for participants in Study 2a was, “A strong majority of registered 

voters in the United States think that global warming should be a high priority for the president 

and Congress. … A strong majority of Americans support setting stronger energy efficiency 

standards for new buildings, appliances, and cars/trucks/SUVs.” The norm information for 

participants in Study 2b was, “A strong majority of Americans support labor unions and most 

support workers going on strike to negotiate for better wages, benefits, and working conditions. A 
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strong majority of Americans think it is bad for the United States that labor unions have gotten 

smaller.” The text norm interventions in Studies 2a and 2b were accompanied by a graphic that 

summarized real survey findings about the norm described. Study 2c used a short animation to 

illustrate the norm information. The norm information text in Study 2c was, “… you will view a 

short animation that visualizes distrust in the local governments that are responsible for regulating 

and permitting new CCS projects. 10,000 people answered: do you trust or distrust the local 

governments that are responsible for regulating and permitting new CCS projects? Each box 

represents the opinion of 100 individuals that were surveyed— green means trust and red means 

distrust. 61% of Americans distrust the local governments that are responsible for regulating and 

permitting new CCS projects.”  

The only difference from the Study 1 procedure was the use of new stimuli (shown in Table 

A4.6) and different cost amounts in the willingness-to-pay question. In the CCS study (Study 2c), 

a new policy skepticism question was also added. The willingness-to-pay question (if “passing this 

policy would cost you approximately [$50/$10/$1] per month (equivalent to a [$600/$120/$12] 

increase in what you owe on your annual income taxes, would you approve of such a policy 

knowing what it would cost you personally?”) was answered on the same 5-point Likert scale. The 

pairs of values were randomly assigned; this question was asked in Studies 2a-b and not in Study 

2c. In addition to the norm skepticism question, I asked participants in the CCS policy condition, 

“to what extent are you skeptical about the accuracy of [the policy context] information?” with 

options, “not at all skeptical”, “slightly skeptical”, “somewhat skeptical”, and “very skeptical”. 

Results 

I replicated the typical effect of norm information on policy support for all participants in 

the CCS policy scenario (Study 2c) and for those participants who were not skeptical of the 
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provided norm information in the energy efficiency and labor protections policy scenarios (Studies 

2a-b). To test for the effect of norm information on policy support, one-way ANOVAs were run 

separately for each study. There was not a significant effect of positive norm information on policy 

support in Study 2a (F(1,216) = 0.27, p = 0.60) nor in Study 2b (F(1,217) = 0.33, p = 0.57). When 

skeptics, i.e., participants who were ‘skeptical’ or ‘very skeptical’ of the norm information 

provided in the treatment conditions, were removed, however, there was a significant effect on 

climate policy support, Study 2a, (F(1,172) = 4.20, p = 0.042; Figure 4.2a) but not on union policy 

support, Study 2b (F(1,199) = 1.15, p = 0.29; Figure 4.2b). There were 44 skeptics in the climate 

policy scenario and 18 in the union policy scenario; a test of the equality of two proportions 

indicated that the proportion of skeptics was significantly higher in the climate conditions than in 

the union condition (𝜒2(1) = 13.41, p = 0.0025). A three-proportion test of equality indicated that 

the number of skeptics in the climate policy condition varied by political party, with independents 

being the least skeptical (𝜒2(2) = 7.65, p = 0.022). The proportion of skeptics did not vary by 

political party in the union policy condition (𝜒2(2) = 1.75, p = 0.42).The thoughts listed by skeptical 

participants suggested participants came in with strong negative prior opinions about the policy 

and immediately rejected the norm information and disputed the accuracy of the stimuli. For non-

skeptics, positive norm information increased climate policy compared to control (t(159) = 2.14, 

p = 0.034, Figure 4.2a). 

In Study 2c, negative norm information reduced CCS policy support compared to the no 

information control (t(348) = -3.13, p = 0.0019, Figure 4.2c). This result was robust to skepticism, 

subgroup analyses of skeptics and non-skeptics both showed significant treatment effects on policy 

support. Taken together, there is asymmetric evidence to support Hypothesis 1, such that the effect 
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of negative norm information about CCS was larger and more homogeneous than the positive norm 

intervention on energy-efficiency standards. 

 

Figure 4.2a-c. Results of Study 2a-2c: policy support is reported by condition for each study. The 

treatment condition for Studies 2a and 2b was a policy-supporting norm information and the 

treatment condition for Study 2c was a policy-opposing norm information. For Studies 2a and 2b, 

only non-skeptics are plotted for the treatment condition. Policy support is measured on a 5-point 

Likert scale where 5= strongly support, 3 = neither support nor oppose, and 1= strongly oppose.  

 

Participants listed an average of 4.20 thoughts (SD = 1.78) during the policy deliberation 

phase. The number of thoughts listed does not vary by treatment in Study 2a (F(1, 216) = 1.30, p 

= 0.26), Study 2b (F(1,217) = 0.12, p = 0.73), nor Study 2c (F(1, 353) = 1.75, p = 0.19). To examine 

variation in number of thoughts listed by policy across Studies 2a-c, a two-way ANOVA was run 

on the number of thoughts with policy and treatment interacted (F(2,786) = 3.83, p =0.022). 

Participants listed significantly fewer thoughts in the energy-efficiency scenario (M = 3.93, 

SD=1.63) than in the unions (M = 4.24, SD = 1.90) or CCS (M = 4.34, SD = 1.79) scenarios (b = -

0.42, SE =0.15, t = -2.74, p = 0.0063).  
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Studies 2a-2b: Query theory metrics 

Examining the query theory mechanisms, thoughts listed during policy consideration were 

affected by social norm information, as predicted in Hypothesis 2, but the specific mechanism 

differed between the positive and negative norm treatments. For non-skeptics in the positive norm 

conditions (Studies 2a-b) SMRD was significantly more positive for the treatment than control 

condition, as indicated by a two-way ANOVA controlling for policy (F(1,371) = 4.20, p = 0.041). 

SMRD was significantly higher for the labor union policy than for the energy efficiency policy 

(F(1,371) = 7.50, p = 0.0065) and there was no significant interaction between treatment and 

policy21. However, SMRD was positive for both conditions across both policies, suggesting that 

searching for reasons to support the policy was the default predisposition even in the control group. 

Next, I examined the effect of positive norm information on balance of support using a two-way 

ANOVA with policy topic and treatment. The balance of support thoughts listed by non-skeptics 

only differed marginally, though in the predicted direction (F(1,371) = 2.84, p = 0.093; EMM support 

norm = 0.73, SE support norm = 0.033; EMM control = 0.66, SE control = 0.028; t(349) = 1.51, p = 0.13).  

As in Study 1, a mediation analysis was run to investigate the effect of the query theory 

mechanisms. For non-skeptics, I examined whether query order mediated the effect of positive 

norm information (versus control) on policy support in the energy efficiency and labor protections 

scenarios. The analysis controlled for political party, policy topic, and the interaction between 

treatment and policy topic. The effect of positive norm information was partially mediated by 

SMRD. There was a significant indirect effect of treatment on SMRD (β= 0.13, 95%CI [0.0045, 

0.26], p =0.041). The direct effect remained marginally significant after accounting for the 

 
21 Post-hoc comparison of the estimated marginal means (EMMs) revealed that the EMM for the positive 

norm treatment group was marginally significantly higher than the EMM for the control group (t(371) = 

1.86, p = 0.064). This indicated that support thoughts were listed earlier in the positive norm condition 

than in control. 
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mediator and the bootstrapped 95% confidence interval included 0, suggesting partial mediation 

(β= 0.18, 95%CI [-0.00064, 0.37], p =0.051): SMRD mediated 41% of the positive norm 

information intervention on policy support (Table A4.8). 

Study 2c: Query theory metrics 

In the CCS policy scenario, the negative norm information had only a marginal effect on 

query order (Figure 4.3a). Using a one-way ANOVA, I found a marginally significant effect of 

condition on SMRD (F(1,353) = 2.77, p = 0.097; EMM oppose norm = -0.15, SE oppose norm = 0.068; 

EMM control = 0.016, SE control = 0.071; t(342) = 1.66, p = 0.097). Notably, SMRD was near zero in 

both conditions, indicating thoughts were randomly interspersed, likely due to participants' 

unfamiliarity with the policy topic22. The negative norm condition did have a significant effect on 

the balance of support thoughts compared to control (F(1,353) = 6.85, p = 0.0092). Post-hoc 

comparison of the estimated marginal means (EMMs) revealed a large decrease in balance of 

support thoughts in the oppose norm condition compared to the no information control (EMM oppose 

norm = 0.39, SE oppose norm = 0.031; EMM control = 0.032; t(353) = -2.62, p = 0.0092; Figure 4.3b). 

 A mediation analysis was conducted to examine whether query content mediates the effect 

of negative norm information (versus control) on policy support in the CCS context. The results 

suggested that the effect of negative norm information on CCS policy support was mediated by 

balance of support thoughts, as indicated by the significant indirect effect (β= -0.31, 95%CI [-

0.53,-0.08], p =0.0086). The direct effect was not significant after accounting for the mediator (β= 

-0.16, 95%CI [-0.34,0.02], p =0.087), suggesting full mediation. Proportion of support thoughts 

 
22 Chapter 2, Study 1 of the present dissertation surveyed a nationally representative sample (n = 1,935) 

about carbon capture and storage technologies, finding only 30% of respondents had heard of these 

technologies. 
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mediated 66% of the effect of negative norm information on policy support (95%CI [0.29,1.08]; 

Table A4.7).  

 

 

Figure 4.3. Results of Study 2c: standardized median rank difference (SMRD; left panel), and 

balance of support thoughts (right panel) are reported by condition. SMRD is measured on a scale 

from -1 to 1 where positive values indicate support-thoughts clustered earlier than oppose-

thoughts, negative values indicate the opposite, and zero indicates randomly dispersed thoughts. 

Proportion of support thoughts is measured as the proportion of thoughts listed that are in support 

of the policy, out of the total number of thoughts. 

 

Discussion 

Taken together, Studies 2a-2c support the broad hypothesis that the queries automatically 

issued to evaluate policy support are affected by the provision of norm information. The 

asymmetric effect of positive vs. negative social norm information on query theory metrics and 
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subsequent mediated policy support aligns with prior literature that finds negative norm 

information to be more impactful than positive norm information (Bolsen et al., 2014). In Studies 

2a-b, I found that query order partially mediated the effect of positive norm information on policy 

support for participants who were not skeptical of the norm information. In Study 2c, I found that 

query content fully mediated the effect of negative norm information on policy support in the full 

sample. One notable difference between the policies is that the policy topics in Studies 2a-b were 

more familiar to participants than the Study 2c policy topic. CCS is a largely unknown energy 

technology (Pianta et al., 2021), which may explain why the query order was close to zero, 

suggesting randomly interspersed thoughts. Query order for the control conditions of Study 2a and 

2b were significantly greater than zero, which suggests that the natural query order for considering 

these policies even without any norm information is to first consider arguments for supporting 

them. Since these studies used actual policies and actual norm information, I cannot disentangle 

whether it is the norm direction (positive versus negative norm information) that affects the relative 

strength of differences in query order versus content and/or whether it is the content of the policies, 

perhaps their familiarity, that is the driver. I address this in Study 4 where I designed positive and 

negative norm treatments for the same actual policy context. 

 

Study 3: Causal investigation of query order mechanism 

Method 

The first two sets of studies provide evidence for a query theory explanation for the effect 

of social norms on policy decisions through cognitive process tracing, with correlational evidence 

utilized in the mediation analyses described for these studies. In Study 3 I tested the causal nature 

of query order in the mediation of the effect of social norm interventions on policy decisions. Using 
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the CCS policy stimuli introduced in Study 2c (Table A4.6), I manipulated query order during the 

thought listing phase. In Study 2c, I found that the natural query order for the CCS policy is mildly 

positive in the control condition (support thoughts come first in the thought list) and negative in 

the negative social norm treatment condition (oppose thoughts come first in the thought list). Study 

3 employs a 2x2 between-subjects design, where participants are randomly assigned to either the 

negative norm treatment or the no-norm control condition (the same stimuli as used in Study 2c), 

crossed with a different prompted and explicit order in which support and oppose thoughts are 

elicited, either in the “natural” order (as observed in Study 2c for the norm treatment or control 

condition) or in the opposite “unnatural” order.  

 

Participants 

To detect a medium-to-small effect size (d = 0.30) of norm condition on policy support 

within each order condition, at 80% power as preregistered (AsPredicted #183536), our target was 

to recruit 700 participants. We collected our sample on Prolific Academic in July 2024 by 

advertising a survey experiment to respondents located in the United States. I excluded participants 

who failed one or more of the attention checks (n = 91) and participants who spent more than 60 

minutes on the survey (n = 2). Participants were also excluded for failing to follow order 

instructions (n = 79), i.e., if participants in the support first condition listed all oppose thoughts 

before listing any support thoughts or vice versa. Exclusions did not differ by condition (treatment 

versus control, 𝜒2(1) = 0.0029, p = 0.86; by thought listing condition, , 𝜒2(1) = 1.98, p = 0.16). 

After these exclusions, I achieved 522 US-based participants (53% female, 80% white, 58% four-

year college degree or more; mean age group = 45-55 years, median income group = $50,000-

74,999, 30% Democrats, 37% Independents, 29% Republicans). Given the high number of 
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exclusions, I ran a sensitivity analysis and found there was 80% power to detect a medium-to-

small effect size of a two-sized t-test in both order conditions (d unnatural = 0.36, d natural = 0.34). 

 

Procedure 

This study follows the procedure used for Study 2c, the CCS policy scenario, except for 

the thought-listing task. In Study 3, participants were prompted separately to list (a) reasons to 

support the policy and (b) reasons to oppose the policy. Half of the participants received the two 

queries in the order hypothesized to be natural for their condition as indicated by the results of 

Study 2c. The natural order in the negative norm condition was to list reasons to oppose the policy 

before listing reasons to support the policy; the natural order in the no-norm control condition was 

the reverse. The other half of participants received the two query prompts in the opposite, unnatural 

order. 

 

Results 

Figure 4.4a shows that when support and oppose thoughts were explicitly prompted in their 

natural order, the effect of norm information on policy support in Study 2c was replicated. Policy 

support is lower in the negative norm information condition than in the control condition (t(272) 

= -3.99, p < 0.0001)23. When the two types of thoughts were prompted in the opposite, unnatural 

order, there was no significant difference in policy support between the treatment and control 

conditions (t(239) = -0.71, p = 0.48). 

 
23 As predicted by query theory, the effect of the negative norm information was larger in Study 3, where 

order was explicitly manipulated, than in Study 2c, where it was not (t(348) = 3.13, p = 0.0019). The 

same was true of the effect of condition on proportion of support thoughts. 
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Figure 4.4b shows that the query-order manipulation also affected the balance of support 

thoughts participants listed24. Consistent with the observed policy support and as predicted in 

Hypothesis 4, the proportion of support thoughts differed significantly by norm information 

condition when queries were in the natural order, (t(272) = -4.74, p < 0.0001), but not when they 

were in the unnatural order, (t(244) = -0.89, p = 0.38). 

 

 

 
24 The number of thoughts listed did not vary by treatment, query order, or the interaction of the two 

(F(1,517) = 1.30, p = 0.26; F(1,517) = 0.035, p = 0.85; F(1,517) = 0.20, p = 0.66, respectively). 
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Figure 4.4. Results of Study 3: policy support (top panel) and proportion of support thoughts 

(bottom panel) are reported by condition and query order. Condition is noted by color: purple 

indicates control and green indicates treatment. Policy support is measured on a 5-point Likert 

scale where 5= strongly support, 3 = neither support nor oppose, and 1= strongly oppose. 

Proportion of support thoughts is measured as the proportion of thoughts listed that are in support 

of the policy, out of the total number of thoughts. 

 

Discussion 

 The results of Study 3 support the causal claim that social norm information affects policy 

support by changing query order. This supports Hypothesis 4. As predicted, social norm 

information affects policy support when queried order is aligned with the condition (i.e., when 

support thoughts cluster earlier for the control condition and when support thoughts cluster later 

for the oppose norm treatment condition) and the effect is mitigated when query order is reversed. 

Query order was established by instruction to be +1 or -1; the effect of this query order 
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manipulation on query content support the query theory prediction that query order affects query 

content through retrieval-induced forgetting. 

 

Study 4: Effect of social norm information interventions on real policy decisions in 

naturalistic information environment 

Method 

To establish ecological validity and generalize the findings to a new policy domain, Study 

4 used a naturalistic information source, television news, to communicate the policy context and 

norm information. I sought to replicate the query theory mediation of the effects of norm 

information of Studies 1 and 2 by examining the effect of norm information (support norm versus 

oppose norm versus a no norm information control) on policy support for large scale solar farms, 

using the same cognitive process tracing measures. The norm information stimuli were video clips 

from actual television news segments about large scale solar farms. The main policy support 

question was, “do you support or oppose a new state policy that would increase the number of 

large-scale solar farms in your area by lowering taxes for those companies?”. This was answered 

on the same 5-point Likert scales used in prior studies, from “strongly support” to “strongly 

oppose”. Videos stimuli can be viewed on OSF25. This study was preregistered (AsPredicted # 

204826). 

Participants 

To detect a small effect size (f = 0.13) at 80% power as preregistered (AsPredicted 

#204826), our target was to recruit 540 participants. We collected our sample on Prolific Academic 

in December 2024 by advertising a survey experiment to respondents located in the United States. 

 
25 https://osf.io/zdmj2/?view_only=d885d9ff45364a5991514b8bb75c804d 

https://osf.io/zdmj2/?view_only=d885d9ff45364a5991514b8bb75c804d
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We excluded participants who failed one or more of the four attention checks and participants who 

spent more than 60 minutes on the survey. Of the 586 responses that were collected, we excluded 

19. After these preregistered exclusions, we achieved 567 US-based participants (50% female, 

75% white, 53% four-year college degree or more; mean age group = 45-55 years, median income 

group = $50,000-74,999, 30% Democrats, 38% Independents, 30% Republicans). 

Procedure 

Study 4 followed the same experimental procedure as Study 1, the only differences were 

the policy scenario, the fact that the policy and norm stimuli were provided as video information 

rather than text, and willingness-to-pay questions were not included. There were two additional 

questions. The first was a manipulation check for the provided norm information, with the 

following question asked after respondents had answered the policy-support dependent measures: 

“What proportion of people in the United States do you think support this policy that increases 

large scale solar farms?,” answered on a scale from 0 to 100. The second was a question about 

general skepticism: “Overall, to what extent were you skeptical about the accuracy of the 

information you saw in the video clips?”, on a 4-point Likert scale from “not at all skeptical” to 

“very skeptical”. This took the place of the question about skepticism toward the norm information 

in Studies 1 and 2. 

Video stimuli were developed by editing and combining television news clips about large-

scale solar energy. Video clips were sourced from the Television News Analyzer, hosted by the 

Internet Archive (Hong et al., 2021). All participants (in control and two treatment conditions) 

were shown a 51-second clip introducing the policy topic. Next, participants in the support norm 

condition were shown a clip that is 1 minute and 15 seconds long that communicated social norm 

information in support of large-scale solar farms; participants in the oppose norm condition were 



 155 

shown a clip that is 1 minute and 17 seconds long that communicated the social norm information 

that opposed large-scale solar farms. The abbreviated support norm transcript reads: “Clip 1: Solar 

is the fastest growing renewable energy source, up nearly eight-fold in the last decade…. In the 

two years since the new rebates, Georgia Interfaith Power and Light says it has seen a 50% increase 

in faith communities enrolling in their solar-wise program. Clip 2: Solar is one of the most popular 

things in America right now. You know, 89% of Americans support solar. That's about 85% of 

Republicans, 95% of Democrats.… Clip 3: … according to the Yale program on Climate Change 

Communication at George Mason University, 78% of registered voters support providing tax 

rebates for folks who produce energy efficient vehicles or solar panels…” The abbreviated support 

norm transcript reads: “Clip 1: A new report from Pew Research Center finds that although many 

Americans do want to reduce their carbon footprint, they're actually taking fewer steps to do so. 

The main part of this study focused on renewable energy, specifically solar and wind. …Clip 2: 

Well, a brand-new NBC News poll finds that only 5% of voters out of 100 think climate change is 

the most important issue facing this country right now. Clip 3: [a farmer] owns 40 acres of property 

in southwest Johnson County, Kansas. Now he's facing a massive solar field about 150 feet from 

his property line, taking away from its rural beauty.… One project in the works in Kansas would 

be massive, and residents are looking at two years of construction in a populated area and plenty 

of noise and dust. Clip 4: Fewer people are buying rooftop solar panels for their homes. The 

industry is shrinking, hit by high interest rates, tight credit and cuts to solar incentives. More than 

100 solar contractors have already gone out of business during the past year, as demand has dried 

up.” The full video transcripts are available in Table A4.9 and the videos are available on OSF.  
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These stimuli were validated in a separate, within-subjects study (n = 20) conducted on 

Prolific Academic26. In this study, the shared policy context video was rated as “neutral” toward 

solar energy (M = 3.6 on a 1 to 7 Likert-scale where 4 = “neutral”), the support norm video was 

rated as “positive” toward solar energy (M = 6.3), and the oppose norm video was rated as 

“negative” (M=2.4). Using mixed-effects linear regression analysis with fixed effects for the 

stimuli and random effects for participant, we confirmed that, compared to the policy context video 

(β= 3.60, SE = 0.28, p < 0.001), participants perceived that the video’s sentiment toward solar 

energy was significantly higher in the positive norm video (β= 2.65, SE = 0.36, p < 0.001) and 

significantly lower in the negative norm video (β= -1.18, SE = 0.36, p = 0.002) (full regression 

table in Table A4.10). 

Results 

First, I evaluated the manipulation check and found that the stimuli appropriately 

manipulated norm perceptions of the percentage of Americans supporting the proposed large scale 

solar policy. The average norm perception in the control group was 53.6%, indicating that 

participants who saw only the policy context video thought that about half of Americans support 

the described large scale solar policy. Using linear regression analysis, I found that, compared to 

the no information control (β= 53.62, SE = 1.32, p < 0.001), the positive norm condition increased 

the perceived norm to 69.4% (β= 15.79, SE = 1.87, p < 0.001) and the negative norm condition 

decreased the perceived norm to 41.5% (β= -12.14, SE = 1.87, p < 0.001). Notably, the magnitude 

of the effect of the two video stimuli on perceived norms was similar. 

 
26 Participants in this stimulus validation study watched each of the three stimuli videos (policy context, 

support norm information, and oppose norm information) in a randomized order and after each video, 

answered, “What is the video's sentiment toward solar energy?”, on a 7-point Likert scale from “very 

negative toward solar energy” to “very positive toward solar energy”. 
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Replicating results from Studies 1, (positive versus negative) social norm information 

affected policy support (F(2,564) = 5.11, p = 0.0063), supporting Hypothesis 1. Figure 4.5a shows 

that the supporting norm information treatment increased policy support compared to the opposing 

norm information treatment (t(375) = 3.17, p = 0.0016). The number of thoughts listed was not 

significantly different between the two norm conditions (F(1,376) = 0.023, p = .88) and 

participants did list fewer thoughts in the control condition than in the two treatment conditions 

(M support norm = 4.81, M oppose norm = 4.85, M control= 4.18; F(2,564) = 6.59, p = 0.0015).  

As predicted by query theory and Hypothesis 2, we found that norm information affected 

query order and balance of support. Query order, measured as SMRD, was significantly higher in 

the support norm condition (M support norm = 0.33, SD support norm = 0.88) than in the oppose norm 

condition (M oppose norm = 0.12, SD oppose norm = 0.94; t(375) = 2.27, p = 0.024). Higher SMRD 

indicates that support thoughts clustered earlier in the thought list in the support norm condition 

than in the oppose norm condition. Balance of policy support, measured as the proportion of 

support-thoughts, was also significantly higher in the support norm condition (M support norm = 0.54, 

SD support norm = 0.39) than in the oppose norm condition (M oppose norm = 0.43, SD oppose norm = 0.40; 

t(376) = 2.53, p = 0.012).  
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Figure 4.5. Results of Study 4: policy support (top panel), standardized median rank difference 

(SMRD; middle panel), and proportion of support thoughts (bottom panel) are reported by 

condition. Policy support is measured on a 5-point Likert scale where 5= strongly support, 3 = 

neither support nor oppose, and 1= strongly oppose. SMRD is measured on a scale from -1 to 1 

where positive values indicate support-thoughts clustered earlier than oppose-thoughts, negative 

values indicate the opposite, and zero indicates randomly dispersed thoughts. Proportion of support 

thoughts is measured as the proportion of thoughts listed that are in support of the policy, out of 

the total number of thoughts. 

 

 Skepticism about the policy information moderated the effect of norm information on 

policy support. This was pre-registered as an exploratory analysis for the present study. Using 
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linear regression, we regress policy support on treatment (support versus oppose norm 

information) interacted with level of skepticism. The interaction was significant (β= 0.94, SE = 

0.15, p < 0.0001), such that higher skepticism attenuated some of the effect of norm treatment on 

policy support (Figure A4.11). Neither query metric varied by policy skepticism (SMRD: F(1,565) 

= 0.50, p = 0.48; Balance of support: F(1,565) = 0.98, p =0.32).  

A moderated mediation analysis was conducted to examine Hypothesis 3—whether the 

query mechanisms explain the effect of norm information on policy support while accounting for 

skepticism. The analysis showed that the effect of positive norm information, compared to negative 

norm information, on policy support was mediated by both query order and balance of support27. 

The two query variables were correlated and non-overlapping in this study (r = .75). Therefore, a 

principal-components factor analysis was conducted to calculate a ‘prominence-of-support-

thoughts’ factor, following the methodology of prior query theory studies (i.e., Weber et al., 2007). 

I ran a moderated mediation analysis to examine whether prominence-of-support-thoughts 

mediated the effect of norm treatment on policy support. Given the moderating role of skepticism 

on the effect of norm information on policy support, policy skepticism was included as a moderator 

of the direct and indirect effects. The results suggested partial mediation; there was a significant 

indirect effect of norm treatment on the mediator (β= 0.27, 95%CI [0.07,0.48], p =0.0070). The 

direct effect was marginally significant when accounting for the mediator (β= 0.18, 95%CI [-

0.03,0.38], p =0.093), suggesting partial mediation. Prominence-of-support-thoughts mediated 

 
27 The moderated mediation analysis was also run individually for the two query metrics. In the SMRD 

analysis, there was a significant indirect effect (β= 0.18, 95%CI [0.02,0.35], p =0.028) and the direct 

effect was still significant after accounting for the mediator (β= 0.28, 95%CI [0.04,0.52], p =0.019), 

suggesting partial mediation. SMRD mediated 39% of the effect (Table A4.12). In the balance of support 

thoughts mediation analysis, there was a significant indirect effect (β= 0.27, 95%CI [0.05,0.48], p = 

0.013) and the direct effect was still significant after accounting for the mediator (β= 0.20, 95%CI [0.002, 

0.39], p =0.047), suggesting partial mediation. Proportion of support thoughts mediated 57% of the effect 

(Table A4.13). 
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61% of the effect of norm information on policy support (Figure 4.6). To examine the moderating 

effect, I tested whether the average causal mediation effects and direct effects were significantly 

different between high and low skepticism participants. Both were significant, such that the 

indirect effect was significantly higher for non-skeptics (Diff = 0.91, p < 0.001) and the direct 

effect after accounting for the mediator was significantly higher for non-skeptics (Diff = 0.50, p = 

0.018). Taken together, the mediation analysis support Hypothesis 3 in the naturalistic stimuli 

context when participants were not skeptical of the policy context and information. 

 

 

Figure 4.6. Moderated mediation results of Study 4: prominence of support thoughts is 

investigated as a mediator of and skepticism as a moderator on the effect of treatment group on 

policy support. The 95% confidence intervals are calculated using 10,000 bootstrap resamples. 

ACME = 0.27 [.07, .48], p = .007; ADE = 0.18 [-.03,.38], p = .09; Total Effect = 0.45 [.17, .74], p 

= .002. 

 

Discussion 

 Study 4 successfully replicated the conceptual findings from Study 1 in a real policy 

context using a naturalistic information medium. While Studies 2a-c showed asymmetric effects 
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that varied by policy topic, Study 4 found symmetric effects of both positive and negative norm 

information regarding large-scale solar developments. Specifically, norm information supporting 

large-scale solar policy increased policy support compared to opposing norm information by 

enhancing the prominence of policy-supporting thoughts for non-skeptics. These consistent results 

across different contexts provide compelling evidence for the query theory explanation of norm 

information interventions and highlight the moderating role of skepticism, strengthening the 

validity and generalizability of our findings. 

 

Study 5: Process paradigm validation 

Method 

To evaluate whether the thought-listing paradigm of the previous studies captured a 

naturalistic thought process, a validation study was conducted. In Studies 1-4, individuals’ 

thoughts were captured through thought-listing, where participants type out the thoughts that go 

through their mind as they make a policy decision. This study investigated whether this paradigm 

affected the policy support outcome. All participants were exposed to the same policy scenario 

context and norm information stimuli before being randomly assigned to one of four process 

conditions: think-only, list thoughts, dictate thoughts, and dictate thoughts with explicit separation, 

as described below. Study 5 utilized the policy context and negative norm information stimuli 

about CCS of Study 2c. This study was preregistered (AsPredicted #207593). 

 Participants 

To detect a medium-to-small effect size (d = 0.18) at 80% power I targeted a sample size 

of 400 participants. The sample was collected through Prolific Academic in January 2025 by 

advertising a survey experiment to respondents located in the United States. Participants were 
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excluded if they failed one or more of the attention checks (n = 10) or if they spent more than 60 

minutes on the survey (n = 5). 2 participants that were not assigned to any condition due to a 

technical error by the survey platform were also excluded. The full sample analyzed included 401 

participants (52% female, 64% white, 55% four-year college degree or more; mean age group = 

45-54 years old, median income group = $50,000-$74,999, 33% Democrats, 38% Independents, 

27% Republicans). 

 Procedure 

The validation study utilized the policy scenario from Study 2c, and all participants were 

shown the CCS negative norm information (Table 2A). Participants were randomly assigned to 

one of four conditions: think-only, list thoughts, dictate thoughts, and dictate thoughts with explicit 

separation. First, participants received a training on the mechanism used in their condition (i.e., 

participants in the thought-listing condition practiced the type-aloud method and participants in 

the two dictation conditions practiced recording themselves with the corresponding instructions). 

Second, all participants read the CCS policy scenario and were shown the negative social norm 

information. Third, participants received condition-specific process instructions. In the think-only 

condition, participants were instructed to “carefully consider the question and policy, and the 

different arguments for and against the policy”. In the thought-listing condition, participants 

received the same instructions used in Studies 1-4: “list the thoughts that go through your mind as 

you evaluate whether you support or oppose the policy above”. In the thought dictation condition, 

participants received the thought-listing instructions by being asked to record themselves when 

speaking their thoughts aloud: “now record your audio and begin speaking the thoughts that go 

through your mind as you evaluate whether you support or oppose the policy above”. In the thought 

dictation condition with explicit separation, participants received the same instructions as the 
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dictation condition with the added instruction to “Between each separate thought that you have, 

please clearly say ‘next’”. Fourth, all participants answered the policy support question (as in 

Study 2c). And finally, participants answered the demographic and skepticism questions. 

Participants did not categorize their thoughts. 

 Results 

The results confirmed that the thought-listing paradigm used in the present chapter did not 

significantly affect policy support compared to the other paradigms. Using a one-way ANOVA, I 

found that policy support did not vary significantly by process paradigm condition (F(3, 397)= 

0.58, p = 0.63). Figure A4.14 shows average policy support for each condition. The average policy 

support across conditions was 3.01 (SE Study 5 = 0.069), which was not significantly different from 

the average policy support in the negative norm group in Study 2c (M Study 2c = 2.80, SE Study 2c = 

0.10; t(586) = 1.74, p = 0.083). Skepticism about the policy context did not vary across conditions 

(F(3, 397)= 1.98, p = 0.12). Skepticism about the norm information was significantly different 

across conditions (F(3, 397)= 2.64, p = 0.049), but post-hoc pairwise comparisons with Bonferroni 

adjustments reveal that the only significant difference was between the thought listing and thought 

dictation with explicit separation (p = 0.049), with norm skepticism higher in thought listing 

condition. Finally, the number of thoughts listed in the thought listing and dictate thoughts with 

explicit separation conditions were compared using a two-sample t-test28. The number of thoughts 

listed did not vary significantly between the two conditions (M thought listing = 4.19, SE thought listing = 

0.21, M dictate with separation = 4.29, SE dictate with separation = 0.26; t(136) = 0.28, p = 0.78). 

Discussion 

 
28 These two conditions were the only ones with explicit separation between thoughts, so they are the only 

two where “number of thoughts” could be calculated. 
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 Study 5 offers evidence that the thought listing paradigm used in Studies 1 through 4 in 

this chapter captures a naturalistic thought process. The results of Study 5 showed that typing 

thoughts did not significantly affect policy support compared to verbal thought-listing or no 

thought listing with only internal reflection. By comparing the number of thoughts listed in the 

typing and verbal thought listing conditions, this study also suggested that the extent of the 

deliberation was not affected by typing compared to verbalizing, which might be more natural. 

Query theory assumes that queries are issued and executed in an automatic and implicit fashion 

(Johnson et al., 2007; Weber et al., 2007). The thought listing procedure, which is more 

cumbersome than natural thought, is merely a way to make the implicit explicit. Study 5 shows 

that this is a plausible assumption in the domain of social cognition. 

General Discussion 

 The five studies reported here examined one cognitive mechanism for the effect of social 

norm information interventions on policy support. These studies support the extension of query 

theory into the social cognition domain by examining the premises of query theory (Johnson et al., 

2007). Policy decisions were deconstructed into component queries (policy-supporting arguments 

and policy-opposing arguments) and social norm information interventions were examined for 

their effect on the order and clustering of those two queries (Study 1; Studies 2a-c; Study 4). 

Despite the overall popularity of the hypothetical policy in Study 1, thoughts favoring the policy 

occurred earlier in the positive norm information condition than in the negative norm information 

condition, where later and less clustered consideration of policy support also reduced the balance 

of support for the policy. Both query order and balance of thoughts mediated the effect of social 

norm information on policy support in this hypothetical context. Study 4 extended these findings 

to a real-world policy context, focusing on large-scale solar farms, with a naturalistic norm 



 165 

information intervention medium. Across the studies, I found that participants who were skeptical 

of the policy domain or norm information were not affected by norm information interventions. 

 Study 3 tested the causal role of query order by manipulating the order of these queries, 

such that half of the participants in each norm condition first listed policy-supporting thoughts and 

the other half first listed policy-opposing thoughts. When participants listed thoughts in the ‘natural 

order’, listing thoughts first that aligned with the norm condition, we replicated the effects of norm 

information on policy support. When we reversed the query order, i.e., having participants list 

thoughts first that misaligned with their norm condition, the effect of norm information on policy 

support was attenuated, with corresponding effects on the balance of support process variable. 

Study 3 provides evidence for the causal effect of natural query order but also for the fact that 

policy support is partially malleable by the decision environment, in particular by the way in which 

it primes the order in which supporting or opposing arguments are solicited. 

 The results of the real policy contexts in Studies 2a-c, where we analyzed the effect of 

providing norm information to a no-information control condition, suggests limitations to these 

norm effects as well as potentially asymmetrical effects. In Studies 2a and 2b, when participants 

were skeptical of the norm information that was presented, there was no measured effect on policy 

support or the query metrics. This aligns with the literature which suggests the current levels of 

partisanship in the United States associated with climate and social policies has reduced trust in 

science (Azevedo & Jost, 2021). And, that exposure to partisan news sources can decrease trust in 

the media (Guess et al., 2021). The norm information in these studies was framed as a survey 

finding communicated through a common media source. These two features, along with the 

familiarity of the policy domains (i.e., energy efficient appliances and labor organizing protections) 

may explain this boundary condition. The policy context in Study 2c, carbon capture and storage 
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technology, is much less familiar to the public (Pianta et al., 2021; Composto et al., under review), 

which might explain why for this study, skeptics like non-skeptics were affected by the norm 

intervention. Skepticism across the three policy domains was significantly lower in the labor 

organizing policy condition than in either of the climate-related policies (X2(2) = 14.51, p = 

0.00071). This suggests levels of skepticism were related to how politically polarized the policy 

domain was and the effect of skepticism on norm intervention effectiveness was related to domain 

familiarity.  

 I argue that query theory is a process-model to explain social norm information 

interventions and does not crowd out other norm theories. In particular, the query theory process 

findings of this chapter offer a process explanation of the focus theory of normative conduct 

(Cialdini et al., 1991). Social norms give people decisional shortcuts, as proposed in the focus 

theory of normative conduct, by directing attention, measured as initial queries, to the normative 

option first, which subsequently affects balance of support. The present studies show the effects to 

the cognitive process of making the norm salience, through an information intervention. Study 4 

exemplifies this process by comparing between positive and negative norm information, 

suggesting that the norm that is made salient activates memories that are in alignment. 

The memory-retrieval theory that I propose is not mutually exclusive with other 

hypotheses. I investigated whether the social norm information functioned as a typical memory 

item that appeared in thought lists. To do this, the aspects that were listed in Study 1 and Studies 

2a-2c were coded for whether or not a social norm was referenced29. Across the studies that were 

coded, 17% of participants made a clear reference to social norm information. In Study 1, the 

 
29 This coding was conducted post-hoc by the second author of this chapter (AS) after training and 

creating a code book. 
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mentions of norm information did not differ between the support and oppose norm conditions30. 

Comparing the support norm conditions in Studies 2a and 2b, norm mentions also did not vary by 

policy topic31. The highest rate of norm mentions by far was in the CCS (Study 2c) norm 

condition—38% of people mentioned the norm information. This suggests that people rely more 

on, or at least give more attention to, norm information when they hold less certain knowledge, as 

is the case with policies related to new energy technologies (Collins & Michalski, 1989; Pianta et 

al., 2021).  

Future work should investigate the possible differences between the cognitive processes 

that underpin descriptive and injunctive norm interventions. As discussed, the theoretical and 

empirical literature on social norms often examines the motivational mechanisms and intervention 

effects of these two as distinct. The results here should be interpreted as primarily applicable to 

descriptive norm interventions; the memory-retrieval process presented here aligns with the 

accuracy motivation (Jacobson et al., 2011). It is an open question if injunctive norm interventions 

activate a similar cognitive process and whether social approval or reciprocity may come into play 

more. Similarly, dynamic norms may have stronger effects on query order because they direct 

focus to a precise pattern of behavior (Sparkman & Walton, 2017). In summary, this memory-

retrieval process theory of social norm interventions can expand and deepen our understanding of 

how social norms shape collective behaviors. 

 

  

 
30 The results of a two-sample test of equality of proportions find a non-significant difference (X2(1) = 

0.63, p = 0.43).  
31 X2(1) = 0.064, p = 0.80 
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Dissertation General Discussion 

An accurate understanding of the social world is a critical part of societal transitions and 

coordinated collective action. In the context of the energy transition and threats to democracy, 

there is evidence of systematic misperceptions that lead to systematic failures in coordination and 

exacerbate threats to society. This dissertation explored the cognitive processes underlying these 

social phenomena. The organizing question was, how do people come to understand or form 

impressions of the social world? 

The first aim of this dissertation was to explore the extent to which query theory's memory-

retrieval process theory explains social cognition, specifically social norm perceptions. Chapter 1 

offered a comprehensive meta-analysis of a process theory for individual-level decision making. 

By bringing together the existing literature on query theory, I offered strong evidence of the 

memory-retrieval explanation for frame effects. In short, query theory shows that individual 

preference is constructed, rather than pre-stored; therefore, decisions or judgments shape the 

construction process, which, in turn, affects choice. In Chapter 2, I drew on norm theory to argue 

that a similar memory-retrieval process may inform social cognition. I provided evidence that 

social norm perceptions, like individual preference, are constructed ad hoc, and I provided 

preliminary evidence for the memory-retrieval mechanisms. If indeed social norm perceptions are 

constructed through such processes, this may explain why such misperceptions of others' mental 

states persist and why these perceptions are affected by one's information environment. This 

underscores the importance of accurate scientific and policy reporting, particularly when there is 

expert consensus, as is the case with climate change. 

An important distinction between social norm construction and individual preference is 

that context, or the strength of the existing norm, matters. Thought clustering patterns differed 
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between normative and counter-normative conditions in Chapter 2. More normative topics showed 

stronger thought clustering, while counter-normative conditions displayed minimal clustering—a 

pattern that differed from individual choice contexts. Psychological distance appears to have 

played a crucial role in norm perception malleability. Norms related to psychologically distant 

topics (corporate environmental practices) were more malleable and more influenced by framing 

conditions than psychologically proximate topics (meal choices). Similarly, policy support on 

familiar topics (Chapter 4), was less affected by social norm information. This suggests that people 

relied more on other’s opinions when they were less familiar with a topic, i.e., new energy 

technologies. 

The second aim of this dissertation was to leverage the process tracing paradigm to 

understand the cognitive mechanisms of social norm information. This investigation built on the 

idea that social perceptions are, in part, constructed ad hoc. Chapter 4 presented evidence that 

policy decisions are deconstructed into component queries (supporting and opposing arguments), 

and social norm information affects both the order and content of these queries. When positive 

norm information was presented, policy-supporting thoughts occurred earlier, whereas negative 

norm information delayed these supportive considerations, reducing overall policy support. I also 

found that the query order mechanism was causal. Together, this process theory explanation 

suggests that social norm information directs attention and consideration to the normative option 

first during policy consideration. These results offer a cognitive explanation for social and system-

level phenomena, such as social tipping. This process explanation also illustrates how false social 

realities can form—a negative norm about a policy (e.g. that most people oppose large-scale solar 

farms) changed the evaluation process, even when that norm was not true. Such information can 
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decrease policy support, building opposition based on inaccurate norm perceptions by changing 

peoples’ implicit cognitive evaluation process.  

A critical boundary of my findings in Chapter 4 was that participants who were skeptical 

of the policy context or norm information were not affected by the intervention. This brings me to 

the third and final aim of this dissertation—to understand how people process complex and 

information-dense environments to learn social information. The skepticism finding in Chapter 4 

was unsurprising—if someone does not believe or trust information, they are less likely to integrate 

it into their mental models. Therefore, Chapter 3 turned to the real information sources that people 

engage with every day—cable news. Cable news is a reasonably reliable source of information 

about the world to those who watch it regularly (i.e., participants in my media diet sample). I 

leveraged recent advancements in LLMs and big data text analysis to uncover the amount and type 

of social information that people are exposed to through the news. The results of Chapter 3 suggest 

that cable news coverage, especially when discussing democracy, communicates a high volume of 

social norm information (e.g., that most people do not approve of actions that violate democratic 

norms). The study I reported in Chapter 3 offered preliminary, correlational evidence that people’s 

mental models of the social world are associated with the norm information communicated on their 

televisions. I am planning future work to probe the causality of this relationship. 

This dissertation presented a process theory for accurate and inaccurate social perceptions. 

This work highlighted the role of attention and memory-retrieval underlying social cognition of 

diverse information sources in contexts of complex societal change. In short, people construct 

mental models of the social world from direct and indirect experiences. When policy topics are 

less familiar, there is a greater reliance on the evaluation of others and inaccurate norm perceptions 

can have outsized consequences for societal resilience and transitions. The work I presented in this 
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dissertation explains how norm information directs attention and memory-retrieval to construct 

models that align with the presented information. 
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Appendix 

 

Chapter 1 

Study  

(Author, Year, Study ID) 

Topic of 

Choice 

Mediator Sample 

Size 

Proportion 

Mediated 

p-value or  

p-value level 

Absolute 

Indirect 

Effect 

Publication  

Status 

Appelt et al. (2011) Study 1-gains Intertemporal Combined 227 0.67 0.004 0.10 1 

Lerner et al. (2012) Study 2 Intertemporal SMRD 189 0.56 0.01 0.14 1 

Nichols et al. (2022) Study 1 Intertemporal SMRD 143 0.29 0.05 0.03 0 

Hardisty et al. (2013) Study 1-gains Intertemporal Proportion 96 0.18 0.02 0.05 1 

Appelt et al. (2011) Study 1-losses Intertemporal Combined 380 0.16 0.03 0.05 1 

Hardisty et al. (2013) Study 1-losses Intertemporal Proportion 96 0.13 0.03 0.05 1 

Hardisty et al. (2010) Study 2c Multi-attribute Proportion 69 0.46 0.032 0.23 1 

Shang et al. (2022) Study 5 Multi-attribute SMRD 123 0.24 0.05 0.07 1 

Spälti et al. (2019) Study 1 Multi-attribute SMRD 203 0.22 0.000001 6.00 0 

Majd et al. (2017) Multi-attribute SMRD 102 0.21 0.286 0.05 1 

Hardisty et al. (2010) Study 2c Multi-attribute SMRD 69 0.18 0.388 0.23 1 

Poon et al. (2023) Study 1b Multi-attribute SMRD 127 0.10 0.22 0.03 1 

Johnson et al. (2007) Study 1 Multi-attribute SMRD 80 0.02 0.62 0.07 1 

Payne et al. (2013) Study 3 Multi-attribute SMRD 390 0.01 0.51 0.24 1 

Wall et al. (2020) Study 3 Risky Choice Combined 241 0.53 0.05 0.15 1 

Table A1.1. Studies included in Meta-Analysis 2. 

 

 
Figure A1.1. Funnel Plot for Meta-Analysis 3a. 
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Figure A1.2. Funnel Plot for Meta-Analysis 3b. 

 

 
Figure A1.3. Trim & Fill Funnel Plot for Meta-Analysis 3a. 
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Figure A1.4. Trim & Fill Funnel Plot for Meta-Analysis 3b. 

 

 

Method specification Meta-regression results 

REML (no moderators)* d = 0.34, CI95 = [0.27, 0.41], p < .001, I2 = 59.63 % 

REML with choice type as moderators  d = 0.30, CI95 = [0.22, 0.39], p < .001, I2 = 52.61 % 

Fixed effects d = 0.34, CI95 = [0.27, 0.35], p < .001, I2 = 61.21 % 

REML + robust variance estimation & 

small sample correction 

d = 0.34, CI95 = [0.27, 0.41], t = 9.45, p < .001. 

Table A1.2. Alternative model specifications for Meta-Analysis 1. The asterisk (*) indicates the 

model used in the paper. 

 

 

Method specification Meta-regression results 

REML (moderator for mediator 

variable) * 

d = 0.55, CI95 = [0.31, 0.98], p = .043, I2 = 25.20% 

REML with additional moderator for 

choice type 

d = 0.52, CI95 = [0.21, 1.27], p = .15, I2 = 23.54% 

Fixed effects d = 0.64, CI95 = [0.48, 0.87], p = .0036, I2 = 0% 

REML + robust variance estimation & 

small sample correction 

d = 0.55, CI95 = [0.53, 0.58], p = .022 

 Table A1.3. Alternative model specifications for Meta-Analysis 2. The asterisk (*) indicates the 

model used in the paper. 

 

Method specification Natural order meta-

regression results 

Unnatural order meta-

regression results 
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Table A1.4. Alternative model specifications for Meta-Analysis 3. The asterisk (*) indicates the 

model used in the paper. 

 

Effect Pooled Effect Size 95% Confidence Interval I2 (%) 

None (full) 0.55 [0.31, 0.98] 25.2% 

Effect size 1 0.41 [0.15, 1.08] 25.4% 

Effect size 2 0.62 [0.35, 1.10] 23.5% 

Effect size 3 0.53 [0.23, 1.22] 27.8% 

Effect size 4 0.56 [0.32, 0.97] 23.8% 

Effect size 5 0.55 [0.31, 0.98] 26.9% 

Effect size 6 0.55 [0.31, 0.98] 25.9% 

Effect size 7 0.55 [0.31, 0.98] 25.6% 

Effect size 8 0.55 [0.31, 0.98] 26.8% 

Effect size 9 0.63 [0.48, 0.83] 0% 

Effect size 10 0.55 [0.31, 0.98] 27.0% 

Effect size 11 0.55 [0.31, 0.98] 26.9% 

Effect size 12 0.55 [0.30, 1.00] 28.7% 

Effect size 13 0.55 [0.30, 0.99] 27.8% 

Effect size 14 0.63 [0.48, 0.83] 0% 

Effect size 15 0.55 [0.31, 0.98] 26.8% 

Table A1.5. Leave-one-out sensitivity analysis for Meta-Analysis 2. Each row represents a meta-

regression with one study missing. 

 

  

REML (no moderators)* d = 0.92, CI95 = [0.74, 1.09], 

p < .001, I2 = 49.24 % 

d = 0.39, CI95 = [0.25, 0.53], 

p < .001, I2 = 27.18 % 

REML with frame type as 

moderators 

d = 0.85, CI95 = [0.22, 0.39], 

p < .001, I2 = 34.19 % 

d = 0.39, CI95 = [0.09, 0.69], 

p < .001, I2 = 15.74 % 

Fixed effect d = 0.96, CI95 = [0.85, 1.08], 

p < .001, I2 = 49.51 % 

d = 0.40, CI95 = [0.29, 0.52], 

p < .001, I2 = 25.68 % 

REML + robust variance 

estimation & small sample 

correction 

d = 0.92, CI95 = [0.75, 1.08], 

t = 11.03, p < .001 

d = 0.39, CI95 = [0.25, 0.52], 

t = 5.64, p < .001 
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Chapter 2 

 

 

Table A2.1. Demographic description of Study 1 sample. 

 

Demographic Question Response Options 

Age How old are you? Answer with 

the number of years. 

Text entry 
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Household 

income 

During 2023, what was your 

approximate yearly household 

income before tax? 

None, Less than $20,000, $20,000 - 

$40,000, $40,000 - $80,000, $80,000 - 

$120,000, $120,000 - $200,000,  

More than $200,000 

Level of 

education 

What is the highest level of 

education you have attained? 

Some schooling, but no diploma or degree, 

High school diploma or GED, Some 

college, College degree, Some graduate 

school, Graduate degree 

Gender What is your gender? Male, Female, Non-binary / third gender,  

Prefer not to say  

Political 

Orientation 

Which best describes your 

political orientation? 

Very conservative, Conservative, Somewhat 

conservative, Moderate, Somewhat liberal, 

Liberal, Very liberal 

Political 

Affiliation 

What best describes your political 

affiliation? 

 

Republican, Democrat, Independent, Other 

Race What is your race/ethnicity? 

(check all that apply) 

American Indian, East Asian, Pacific 

Islander, Black or African American, White 

or Caucasian, Hispanic or Latinx, South 

Asian, Middle Eastern, Other [self-describe] 

Table A2.2. Demographic questions in Study 1 & Study 2. 

 

https://docs.google.com/document/d/1SirNLVN0fFSlDS9fMdy1zr13qCcAOIX6ZoLX2dFKpFM/e

dit?tab=t.gh6do8te8glz 

Table A2.3. Coding manual for Study 1. 

 

    Neutral control Agree frame Disagree frame 

Topic Norm Type Mean SE n Mean SE n Mean SE n 

Economic priorities Descriptive 4.33 0.040 910 4.48 0.072 249 3.92 0.090 237 

Economic priorities Injunctive 3.04 0.053 865 2.72 0.099 254 2.61 0.092 250 

Environmental practices Descriptive 3.87 0.038 905 3.79 0.081 245 3.02 0.073 249 

Environmental practices Injunctive 4.49 0.036 894 4.36 0.072 239 3.66 0.086 241 

Table A2.4. Descriptive statistics for norm perceptions of the four statements (topic x norm 

type). The mean, standard error, and number of responses are shown for each frame (neutral 

control, agree frame, and disagree frame). 1= almost everyone disagrees, 3= some people 

disagree, 4=some people agree, 6 = almost everyone agrees. 

 

 

    Neutral vs. Agree Neutral vs. Disagree Agree vs. Disagree 

Norm Topic Norm Type U p U p U p 

Economic priorities Descriptive 121312 0.075 124588 0.00013 36030 <0.0001 

Economic priorities  Injunctive 96573 0.0028 125147 0.00011 32641 0.58 

https://docs.google.com/document/d/1SirNLVN0fFSlDS9fMdy1zr13qCcAOIX6ZoLX2dFKpFM/edit?tab=t.gh6do8te8glz
https://docs.google.com/document/d/1SirNLVN0fFSlDS9fMdy1zr13qCcAOIX6ZoLX2dFKpFM/edit?tab=t.gh6do8te8glz
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Environmental practices Descriptive 106880 0.36 159084 <0.0001 41278 <0.0001 

Environmental practices Injunctive 99434 0.084 146122 <0.0001 37322 <0.0001 

Table A2.5. Summary table showing the results of a series of Mann-Whitney tests. The 

conditions being compared are noted in the column title, and U- and p-statistics are reported. 

 

 
Table A2.6. Demographics for Study 2. 



 204 

 

Figure A2.1. Practice task for Study 2.  
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Chapter 3 

Appendix I: Pilot analysis investigating whether GPT can identify social norm information in 

text 

Prior to testing GPT models on the main text corpus, I ran a pilot on an earlier set of data from 

the same corpus to (1) examine feasibility of the testing pipeline, (2) test the prompts and 

parameters used in the main analysis, and (3) leverage a time-frozen model of GPT. 

 

Methods 

Expert Coding. Expert raters are considered those with formal and extended training on social 

norms, both their definition and the behavioral science literature associated. Two research 

assistants (RAs) coded all 3,903 segments in the evaluation set. The RAs received training on 

social norms by reading academic papers, participating in a series of discussions with the lead 

authors, and practicing coding. The RAs tested their knowledge by independently coding X 

segments and discussing their characterization of each segment with lead authors. During the 

education process, inter-rater reliability increased from ICC = 0.66 to ICC = 0.80. The inter-rater 

reliability is lower than acceptable for text categorization tasks. This is expected for the reasons 

discussed in the introduction—norms in real-world communication are often implied or 

contextual. For this reason, each segment was coded by at least two RAs and all disagreements 

were resolved through discussion and consultation with a lead author. 

  

Each segment in the evaluation set was coded by two RAs and the segments were viewed in a 

randomized order. The two RAs first rated each batch of ~300 segments independently from 

each other. Segments were coded for whether “the sentence contains or communicates a social 

norm”, 1= no norm present, 2 = a descriptive norm is present, 3 = an injunctive norm is present, 

4 = both a descriptive and injunctive norm are present, 5 = there is not enough information to 

determine whether there is a norm present. After each set of 300 segments was coded, the RAs 

compared codes and reconciled any disagreement in coding through discussion. Next, each set of 

segments was passed to one of the lead authors. Before viewing the RA codes, one of the two 

lead authors coded a random 20% of all segments. Then, an author (JC or KN) reviewed every 

segment that the RAs disagreed on in their original coding and assigned a final code based on the 

author’s evaluation of the segment and the RAs reconciled code. The authors also compared all 

segments in the random 20% that were coded to the RA codes to assess RA accuracy. When 

there was disagreement, the author reviewed the segment and made a final decision; when there 

were patterns of disagreement, the author communicated directly with the RAs to update their 

training. 

  

Novice Rater Comparison Set. 900 segments were additionally coded by MTurk workers. Each 

worker passed a qualification task similar to the one administered in the Prolific survey. The 

qualification survey gave participants a brief introduction into social norms and the different 

types of norms that can be communicated before giving them the same three segments to code as 

were given to Prolific participants. After qualifying–by answering two out of three norm 

categorization questions–workers were given access to up to ten sets of ten norms each. Workers 

were asked to categorize each text segment for whether “the sentence contains or communicates 

a social norm”, 1= no norm present, 2 = a descriptive norm is present, 3 = an injunctive norm is 

present, 4 = both a descriptive and injunctive norm are present, 5 = there is not enough 
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information to determine whether there is a norm present. The instructions are identical to what 

was shown to expert raters and GPT-4.  

 

GPT Coding (untuned): The full evaluation set (n = 3,903) was coded by the untuned GPT-4 

(model ID: gpt-4-0613) model using the OpenAI API. The model I selected had time-frozen 

input data, which guaranteed that none of the text I were coding was in the model’s training data. 

The code for this query was written in R and run from a Lenovo ThinkStation P620 ThinkStation 

Threadripper PRO 3945WX. I used a temperature of 0 to ensure the highest predictability, 

meaning if the model were run multiple times variation in response would be minimal (Rathje et 

al., 2024). The classification tasks were run in August 2024.  

  

GPT Coding (fine-tuning). The guidelines from OpenAI require a minimum of ten examples to 

fine tune and recommend 50 to 100 examples because there are improvements in fine-tuning 

performance. I created a training set with 100 randomly-selected segments from the expert-coded 

set and a prompt that matches what was used in the untuned model, see above. The model was 

validated against a different set of 100 randomly-selected segments from the expert-coded set. 

The OpenAI fine-tuning UI was used to fine-tune the gpt-4o-2024-08-06 model. I use OpenAI’s 

recommended number of epochs, 3, and batch size,1, for the training data. Two checkpoints are 

captured to evaluate over-fitting–after 100 steps and after 200 steps. The gpt-4-0613 model, the 

un-tuned model version that I used, is not available for fine-tuning (it is listed as available on the 

OpenAI website, but it is not accessible; some forums list it as ‘experimental’). The fine-tuning 

process results in 0.0004 training loss, 0.0004 validation loss, and 0.2019 full validation loss. All 

metrics decrease from the first checkpoint to the second checkpoint to the final model.  

 

After evaluating the first fine-tuned model, I ran another round of tuning on that fine-tuned 

model to improve accuracy in identifying injunctive norms and sentences that contain both 

injunctive and descriptive. The original training set was randomly selected, but did not include 

text coded as a 3 or 4, due to very low rates of occurrence in the expert-coded data. Therefore, 

the second step of fine-tuning included a balanced and smaller sample–10 segments per code (1, 

2, 3, 4, 5) and the validation set was half the size with the same distribution. All segments are 

unique, which means no segment is used in multiple training or validation sets. 

 

Results 

How accurate was GPT-4 when identifying norm information? 

Compared to expert raters, GPT-4 untuned was 64% accurate when identifying whether a 

segment contains norm information. Using a one-sample t-test, I found that GPT-4 performed 

significantly better than chance (t(3902) = 17.609, p < .00001). Using a signal detection theory 

framework, GPT-4’s hit rate was 71% and the false alarm rate was 39%—indicating that GPT-4 

accurately identified 71% of the true norms as norms and identified 39% of the not-norms, 

falsely, as norms (Table A1). To contextualize these findings, I compared GPT-4 untuned to 

naive human raters and found that GPT-4 untuned was significantly more accurate overall 

(t(899) = 5.06, p < .0001). The bias of the two classifiers, which describes how conservative or 

liberal each classifier is, indicated that GPT-4 untuned was a slightly more conservative classifier 

than naive human raters. Examining the hit and false alarm rates, I saw that increased accuracy 

and higher conservatism was associated with a small decrease in hit rate and moderate decrease 
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in false alarm rate. This comparison suggested that GPT-4 untuned was better than naive human 

raters at surfacing norms from naturalistic text. 

  

Classifier Overall 

Accuracy 

Hit 

Rate 

False 

Alarm 

Rate 

Sensitivity  (A) Bias (beta) 

High = more 

conservative 

GPT-4 untuned 64% *** 71% 39% 0.72 0.84 

GPT4o fine-

tuned 

71% *** 51% 22% 0.71 1.57 

Novice human 

raters (MTurk) 

56% *** 77%  

(SD = 

.14) 

48% 

(SD = .22) 

0.74 

(SD = .05) 

0.77 

(SD = .45) 

Table A3.1. Summary of norm surfacing classifier accuracy. Three classifiers are evaluated 

for their accuracy compared to expert human raters—GPT-4 untuned, GPT4o fine-tuned, and 

novice human raters. Overall accuracy is the percentage of accurate classifications, regardless of 

type, and  is compared to chance (50% accuracy) using a one sample t-test, significance levels 

are shown as: *** p <.0001, ** p <.001, * p <.01. Full t-test results are shown in Table A3. Hit 

rate is calculated as the percentage of true signals that are accurately detected; false alarm rate is 

calculated as the percentage of noise that is inaccurately classified as a signal. Sensitivity is 

calculated as Zhang & Mueller’s non-parametric sensitivity (A) and bias is calculated as Zhang 

& Mueller’s non-parametric bias (b) (http://shanetmueller.info:3838/aprime/). Sensitivity 

describes the standardized mean difference between the signal and noise distributions; bias 

describes how conservative or liberal the classifier is with higher values indicating a more 

conservative criterion. 

 

How accurate was GPT-4 when identifying specific types of norm information? 

The overall accuracy of GPT-4 untuned is lower, 53%, when evaluating the type of norms 

classification (descriptive, injunctive, or both). GPT-4 untuned is more accurate when identifying 

injunctive norms than descriptive norms (t(176) = -3.94, p = .0001; Table A2). The sensitivity of 

identifying injunctive norms is higher than for injunctive norms, suggesting there is more overlap 

between the signal and noise distributions in the descriptive norm task than in the injunctive one. 

The descriptive norm classifier task is also more conservative than the injunctive one. 

 

Classification 

task: 

        Type of norm 

Overall 

Accuracy 

Hit 

Rate 

False Alarm 

Rate 

Sensitivity 

(A) 

Bias 

(beta) 

Descriptive norm 73% 44% 19% 0.70 1.65 

Injunctive norm 77% 62% 22% 0.77 1.34 

Table A3.2. Summary of norm surfacing GPT-4 untuned accuracy on different norm types. 

Signal detection theory metrics comparing GPT-4 untuned and expert classifications of 

descriptive and injunctive norms. Overall accuracy is the percentage of accurate classification of 

http://shanetmueller.info:3838/aprime/
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the norm type. Hit rate is calculated as the percentage of true signals that are accurately detected; 

false alarm rate is calculated as the percentage of noise that is inaccurately classified as a signal. 

Sensitivity is calculated as Zhang & Mueller’s non-parametric sensitivity (A) and bias is 

calculated as Zhang & Mueller’s non-parametric bias (b) 

(http://shanetmueller.info:3838/aprime/). Sensitivity describes the standardized mean difference 

between the signal and noise distributions; bias describes how conservative or liberal the 

classifier is with higher values indicating a more conservative criterion. 

 

Model Accuracy Compared to chance 

GPT-4 t(3902) = 17.609, p < .00001 

GPT4o fine-tuned t(999) = 14.712, p <.00001 

Novice human raters (MTurk) t(899) = 4.722, p < .00001 

Table A3.3. Results from three one sample t-tests comparing model accuracy to chance (50% 

accuracy, mu = .50) from the SDT analysis.  

 

Appendix II: Supplemental materials for main GPT evaluation 

 

Classification task:  

        Type of norm 

Overall 

Accuracy 

Hit 

Rate 

False Alarm 

Rate 

Sensitivity 

(A) 

Bias 

(b) 

GPT-4o Untuned: 54% overall accuracy 

Descriptive norm 74% 38% 20% 0.66 1.52 

Injunctive norm 85% 12% 4% 0.68 2.47 

Both descriptive & 

injunctive  

82% 39% 16% 0.70 1.74 

GPT-4o Fine-tuned: 74% overall accuracy 

Descriptive norm 86% 51% 8% 0.82 2.24 

Injunctive norm 86% 34% 6% 0.78 2.59 

Both descriptive & 

injunctive  

95% 0% 0% n/a n/a 

Table A3.4. Summary of norm surfacing GPT-4 untuned accuracy on different norm types. 

Signal detection theory metrics comparing untuned GPT-4o and fine-tuned GPT-4o to expert 

classifications of descriptive and injunctive norms. Overall accuracy is the percentage of 

accurate classification of the norm type. Hit rate is calculated as the percentage of true signals 

that are accurately detected; false alarm rate is calculated as the percentage of noise that is 

inaccurately classified as a signal. Sensitivity is calculated as Zhang & Mueller’s non-parametric 

sensitivity (A) and bias is calculated as Zhang & Mueller’s non-parametric bias (b). Sensitivity 

describes the standardized mean difference between the signal and noise distributions; bias 

http://shanetmueller.info:3838/aprime/
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describes how conservative or liberal the classifier is with higher values indicating a more 

conservative criterion. 

 

 
Table A3.5. Two binomial logistic regression predicting norm prominence in text segments for 

each of the classifiers. The fine-tuned GPT-4o model results are on the left and the untuned 

GPT-4o model results are on the right. The model regresses the binary norm indicator on 

channel, week, sentiment, the interaction between channel and week, and the interaction between 

channel and sentiment. The reference level for the channel factor is CNN. 

 

Appendix III: Extended results for descriptive analysis 

This section contains supplementary materials for the descriptive analysis presented in the main 

chapter. 

Topic Terms 

Ignoring 

Court 

Decisions 

Supreme Court, SCOTUS, superior court, county court, federal court, 

department of justice, court of appeals, court, courts, courtroom, judge, federal 

judge, jury, grand jury, prosecutor, prosecution, defendant, defendants, 

indictment, charges, overturn the ruling, investigate, investigation, attorney, 

ruling, court decision, rule of law, held accountable, independence of the 

judiciary, state court, judicial activism, judiciary, clear legal, clear law, checks 

and balances, independent judiciary 

Reducing 

Polling 

Stations 

vote, vote counting, voter ID. voter registration, voter suppression, voting, 

voting booth, polling station, polling place, stay in line, precinct, voting 

registration, register to vote, gerrymandering, early voting 
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Use of 

Executive 

Orders 

executive order, executive orders, executive power, presidential action, 

presidential actions, mandate, Federal Register 

Media 

Censorship 

censor, censorship, news coverage, media coverage, news attention, media 

attention, suppression of speech, public communication, freedom of speech, 

misinformation, disinformation, speech rights, government censorship, 

protected speech 

Party Loyalty stop the steal, January 6th, party loyalty, loyal to, insurrectionists, 

insurrection, presidential transition, transition of power, general services 

administration, republican loyalty, democratic loyalty 

Table A3.6. Topic dictionaries. List of keywords used to identify each of the democracy topics. 

 

 
Figure A3.1. The proportion of norm segments is plotted over time. Proportion of descriptive 

norms (solid line) and injunctive norms (dashed line) is calculated for each day on each channel. 

Channel is shown in color: CNN in purple, Fox in teal, and MSNBC in yellow. 

 

Descriptive and injunctive norm prevalence in television news 

 Descriptive norms were more common than injunctive norms in the television news 

corpus; descriptive norms appeared in 14.2% of text segments and injunctive norms appeared in 

10.2% (X2(1) = 1152.7, p <0.001). This pattern held for all three channels. On CNN 14.7% of 

segments contained descriptive norms and 8.8% contained injunctive norms (X2(1) = 1019.8, p 

<0.001). On Fox 10.4% of segments contained descriptive norms and 6.7% contained injunctive 

norms (X2(1) = 459.6, p <0.001). And on MSNBC 17.7% of segments contained descriptive 
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norms and 16.0% contained injunctive norms (X2(1) = 45.43, p <0.001). Using two binomial 

logistic regression analysis, I examined how descriptive and injunctive norm prominence 

changed over time and by sentiment for each channel. Table A6 shows the results of the two 

models predicting if a segment contains a descriptive norm (left) and if a segment contains an 

injunctive norm (right). In the descriptive norms model, channel interacted with week and 

sentiment (Figures A2a & A3a). As text sentiment increased (became more positive) on 

MSNBC, it was more likely to contain norm information, compared to CNN (OR = 2.05, p < 

0.001). The interaction between channel and week indicated that while all channels had a higher 

probability of containing a descriptive norm in later weeks, the rate of probability increase was 

greatest on MSNBC. Taken together, the way MSNBC communicated norms differed from CNN 

and Fox—sentiment predicted descriptive norms only on MSNBC. In the injunctive norms 

model, channel significantly interacted with week and sentiment (Figures A2b & A3b). The 

significant interaction between sentiment and channel indicated that, like in the ‘is norm’ model, 

more positive sentiment is associated with a higher likelihood of communicating an injunctive 

norm on MSNBC and CNN, but the probability increased more per unit for MSNBC than for 

CNN (OR = 1.78, p = 0.014). For Fox, increasing sentiment is associated with less change in 

norm probability than for CNN (OR = 0.23, p < 0.001). The norm probability increased slightly 

for CNN over time and decreased for FOX (OR = 0.97, p = 0.001) and MSNBC (OR = 0.97, p = 

0.001). 

 

 
Table A3.7. Two binomial logistic regression predicting descriptive norm prominence (left) and 

injunctive norm prominence (right) in text segments. The models regress the respective binary 

norm indicator on channel, week, sentiment, the interaction between channel and week, and the 

interaction between channel and sentiment. The reference level for the channel factor is CNN. 
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Figure A3.2a & A3.2b. Two interaction plots for the binomial logistic regression models in 

Table A7–descriptive norm on the left and injunctive norm on the right. The plot shows how the 

relationship between sentiment (x-axis) and probability of text containing a norm (y-axis) varies 

by channel (color; purple = CNN, teal = MSNBC, yellow = Fox). 

 



 213 

 
Figure A3.3a & A3.3b. Two interaction plots for the binomial logistic regression models in 

Table A7–descriptive norm on the left and injunctive norm on the right. The plot shows how the 

relationship between week (x-axis) and probability of text containing a norm (y-axis) varies by 

channel (color; purple = CNN, teal = MSNBC, yellow = Fox). 
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Table A3.8. Mixed effects logistic regression model where topic coverage of democratic norms 

was regressed on sentiment and channel, with an interaction and random effect for date. The 

reference group for channel was CNN. 
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Table A3.9. Results from five mixed effects logistic regression models where topic coverage of 

each democratic norm was regressed on sentiment and channel, with an interaction and random 

effect for date. The reference group for channel was CNN. 

 

Specific topic coverage also varied across channels. Using logistic mixed effects 

regression, I regressed topic prominence on channel and sentiment, interacted, with a random 

intercept for date. The full model results are shown in Table A9. Four of the five models had 

significant interactions between sentiment and channel (Figure A4). Text was more likely to be 

about ignoring court decisions on CNN and Fox when there was negative sentiment. On 

MSNBC, text was more likely to be about reducing polling stations when there was higher 

sentiment. Use of executive orders was more likely to occur on CNN and Fox when sentiment 

was negative. On all channels, media censorship was more likely to be discussed when there was 

negative sentiment. Finally, the only significant predictor of party loyalty topic prominence was 

MSNBC. Generally, the democratic norm topics were more likely to be mentioned with negative 

sentiment, with the exception of reducing polling stations and channel-specific differences 

(Figure A4). 

 

 
Figure A3.4. Interaction plots for the five binomial logistic regression models predicting 

democratic topic prominence in text. The full model results are shown in Table A9. For each 

topic, the plots show the relationship between sentiment (x-axis) and probability of the 

democracy topic being discussed (y-axis) varies by channel (color; purple = CNN, teal = 

MSNBC, yellow = Fox). The model includes a random effect for date. 
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Table A3.10. Results from a mixed effects logistic regression where norm prominence was 

regressed on sentiment and channel with an interaction and a random effect for date. The 

reference group for channel was CNN. 

 

 
Table A3.11. Results from five mixed effects logistic regression where norm prominence within 

coverage for each of the five democratic norms was regressed on sentiment and channel with an 

interaction and a random effect for date. The reference group for channel was CNN. 

 

To further examine how norm information was used when discussing democratic norm topics, I 

used logistic mixed effects regressions. Norm presence was regressed on sentiment and channel, 

interacted, and a random intercept for date. Full regression results in Table A11. There was a 

significant interaction between channel and sentiment in all models except the executive orders 
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model. Norm prominence in the news coverages on the use of executive orders did not vary by 

sentiment or channel. The news coverage on ignoring court decisions was more likely to 

communicate a norm when sentiment was higher—the interaction between sentiment and 

channel indicated that the association between positive sentiment and norms was strongest on 

MSNBC (Figure A5). News coverage on reducing polling stations also had a positive association 

between sentiment and likelihood of communicating a norm; for this topic, the strongest 

association was on CNN and the channel most likely to communicate a norm on this topic, 

regardless of sentiment, was MSNBC (Figure A5). In the coverage of media censorship and 

party loyalty, the sentiment of the coverage did not have a consistent relationship with norm 

presence. On MSNBC, positive coverage of media censorship was more likely to communicate a 

norm than on the other channels (Figure A5). On CNN, positive coverage of party loyalty was 

more likely to communicate a norm than on the other two channels (Figure A5). 

 

 
Figure A3.5. Interaction plots for the five mixed effects logistic regressions in Table A11. The 

interaction between sentiment and channel is shown for each model. 

 

Appendix III: Supplementary material for media diet study 
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Table A3.12. Results from four linear regressions predicting attitudes and norm perceptions 

about democracy from features of media diet. The predictor variables are topic coverage (the 

proportion of a show that covers democracy topics), norm prominence (the proportion of 

democracy topic coverage that communicates social norm information), and sentiment (how 

positive or negative the norm information is). 

 

 
Figure A3.6.  Standardized regression coefficients and 95% confidence intervals from linear 

regression models predicting attitudes (top left), norm perceptions of Americans (top right), 

norm perceptions of Democrats (bottom left), and norm perceptions of Republicans (bottom 

right) toward each democratic norm violation (color). Attitudes and norm perceptions were 

regressed separately on political party, amount of Fox News watched regularly, amount of CNN 

watched regularly, amount of MSNBC watched regularly, and the interaction between political 

party and each media diet metric. Political parties are coded as binary variables. The specific 

norm text is shown in Figure 4.  
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Table A3.13. Linear regression models predicting attitudes and norm perceptions. Each DV is 

regressed on political party, watching Fox, watching CNN, watching MSNBC, and the 

interaction between political party and each media diet metric. Political party variables are coded 

as binary. 
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Table A3.14. Linear regression models predicting attitudes and norm perceptions for each of the 

five democratic norm topics. Each attitude and norm perception is regressed on political party, 

watching Fox, watching CNN, watching MSNBC, the interaction of political party and each 

media diet metric, and demographics. The reference group for political party is Democrat. 

Attitudes are measured on a 5-point Likert scale and norm perceptions are measured as the 

percentage of Americans who support the statement. The specific norm text is shown in Figure 7. 

Demographics include gender, age, income, education, and geography. 
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Chapter 4 

Stimuli Section Detail 

Policy Introduction The following is a policy proposal that could happen in most 

municipalities (i.e., a city or town with a government) across the 

country. Imagine the scenario below is happening in the place 

where you currently live. 

 

The municipal planning committee where you live is proposing 

to add a new crosswalk across a highly-trafficked road. There 

is one lane of traffic in each direction and a high volume of cars 

on the road. Some pedestrians cross the road where there is no 

crosswalk rather than going to the next intersection. The road is 

particularly busy during rush hour when people are driving or 

walking to work/school. This is a road that you drive on regularly 

to get to work, and the new crosswalk could increase your 

commute by 5 minutes. Installing this crosswalk requires a 

modest amount of public financial support—there is a one-time 

installation cost and a smaller annual maintenance cost. 

 

The planning committee has put this issue on the ballot in an 

upcoming municipal election. They will ask: Do you support or 

oppose putting a new crosswalk to cross this road? 

Positive Norm Treatment 

 
Negative Norm Treatment 

 
Thought lister prompt Please list the thoughts that go through your mind as you evaluate 

if you support or oppose putting in a new crosswalk. Carefully 

consider the pros and cons of this policy. 
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Support the new crosswalk:      Oppose the new crosswalk: 

  

Table A4.1. Stimuli text and images used for Study 1. 

 

Demographic Question Text Response Options 

Gender How do you describe yourself? Male; Female; Non-binary/third 

gender; Prefer to self-describe (enter 

text); Prefer not to say 

Age How old are you? Under 18; 18-24 years old; 25-34 

years old; 35-44 years old; 45-54 

years old; 55-64 years old; 65+ years 

old 

Race Choose one of more races that you 

consider yourself to be: 

(multi-select) White or Caucasian; 

Black or African American; American 

Indian/Native American or Alaska 

Native; Asian; Native Hawaiian or 

Other Pacific Islander; Other; Prefer 

not to say 

Education What is the highest level of 

education you have completed? 

Some high school or less; High school 

diploma or GED; Some college, but 

no degree; Associates or technical 

degree; bachelor’s degree; Graduate or 

professional degree; Prefer not to say 

Household 

income 

What was your total household 

income before taxes during the past 

12 months? 

Less than $25,000; $25,000 - $49,999; 

$50,000 - $74,999; $75,000 - $99,999; 

$100,000 - $149,999; $150,000 or 

more; Prefer not to say 

Political Party  Generally speaking, do you usually 

think of yourself as a Republic, 

Democrat, Independent, or 

something else? 

Republic; Democrat; Independent; 

Other (please describe); No preference 

Table A4.2. Text of demographic questions. 
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Table A4.3. Mediation results from Study 1: SMRD is investigated as a mediator of the effect of 

treatment group on policy support.  

 

 

Table A4.4. Mediation results from Study 1: proportion of support thoughts is investigated as a 

mediator of the effect of treatment group on policy support.  
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Table A4.5. Mediation results from Study 1: prominence of support thoughts is investigated as a 

mediator of the effect of treatment group on policy support. 

 

Stimuli Section Detail 

Energy efficiency 

policy context 

We would like to know what you think about a policy that raises 

energy efficiency standards. We will ask you how much you 

support the policy and how much money you would be willing to 

contribute to this policy. 

 
Energy efficiency 

norm treatment 

 
There is a policy proposal to set higher mandatory energy-efficiency 

standards for consumer products. 

Energy efficiency 

thought lister prompt  

Please carefully consider whether or not you support this policy. 

Before you indicate your level of support or non-support, please tell 

us what goes through your mind, one thought at a time, when 

evaluating this policy. List any thoughts that come to mind about this 

topic. Please enter your thoughts one at a time below. 
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Labor organizing 

policy context 

We would like to know what you think about a national policy to 

give all employees the right to collective bargaining and wage 

negotiations. We will ask you how much you support the policy and 

how much money you would be willing to contribute to this policy. 

 
Labor organizing 

norm treatment 

 
There is a policy proposed to implement a national law to give all 

employees the right to collective bargaining and wage negotiations. 

Labor organizing 

thought listing prompt  

Please carefully consider whether or not you support this policy. 

Before you indicate your level of support or non-support, please tell 

us what goes through your mind, one thought at a time, when 

evaluating this policy. List any thoughts that come to mind about this 

topic. Please enter your thoughts one at a time below. 

Carbon capture & 

storage policy context 

We would like to know what you think about a policy that 

increases annual federal funding to the Department of Energy 

(DOE) for carbon capture and storage (CCS) programs. We will 

ask you how much you support the policy after you read about this 

technology. 

 

In many local communities across the country, there are CCS 

projects planned and under construction - yours may very well be 
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one of them. Over 200 CCS projects are planned or under 

construction in the U.S.  

    

Carbon capture & 

storage norm 

treatment 

Next, you will view a short animation that visualizes distrust in the 

local governments that are responsible for regulating and permitting 

new CCS projects.  

  

10,000 people answered: do you trust or distrust the local 

governments that are responsible for regulating and permitting 

new CCS projects? Each box represents the opinion of 100 

individuals that were surveyed-- green means trust and red means 

distrust.  

 

Please note that this data is accurate and comes from researchers at 

Princeton University. 
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Still capture from video animation. 

Carbon capture & 

storage thought lister 

prompt 

Do YOU support or oppose a policy that increases annual federal 

funding to the Department of Energy (DOE) for CCS programs? 

Table A4.6. Text and images used in stimuli for Study 2a-c. 

 

 

Table A4.7. Study 2c mediation analysis. The mediating effect of proportion of support thoughts 

in CCS policy context is examined. 
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Table A4.8. Study 2a-b SMRD mediation analysis in energy efficiency and labor protections 

policy context. Treatment is interacted with policy topic and controlled for political party. 

 

Stimuli Section Detail 

Context/Control Stimuli  Speaker 1 0:00  

Green energy companies are spending big bucks on solar farms in 

rural areas. The building boom is raising concerns that short term 

profits for landowners could cause long term damage for 

communities. Mark Meredith is live in Richmond, Virginia with a 

closer look. Hi Mark.  

 

Speaker 2 0:15  

Dana, good morning to you. Well, there is a great debate 
underway here in Virginia and states all over the country about 
how much land should be devoted to these solar farms, and in 
some of the smaller communities, like the one we visited here in 
Virginia, the debate could be quite contentious. When we're 
talking about solar farms, we're essentially talking about large 
areas of land that have been cleared out to make way for 
hundreds, if not 1000s of different solar panels. For these farmers 
that lease the land, the power is then either transferred to nearby 
communities or sometimes added to the larger power grid. Energy 

companies offering a lot of money to these farmers, sometimes 

$1,000 an acre, to lease their land for these projects. 

Positive Norm Stimuli Speaker 1 0:00 

Solar is the fastest growing renewable energy source, up nearly 

eight-fold in the last decade. One forecast shows the Inflation 

Reduction Act will lead to a 48% boost in solar deployment in the 

next 10 years. In the two years since the new rebates, Georgia 

Interfaith Power and Light says it has seen a 50% increase in faith 

communities enrolling in their solar-wise program. 
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Speaker 2 0:23 

Solar is one of the most popular things in America right now. 

You know, 89% of Americans support solar. That's about 85% of 

Republicans, 95% of Democrats. Solar is creating jobs at 12 

times the pace of the rest of the economy. So, you know it's one 

of the few bright spots. Universally popular. 

 

Speaker 3 0:46 

Climate change. It's been a political lightning rod. But according 

to the Yale program on Climate Change Communication at 

George Mason University, 78% of registered voters support 

providing tax rebates for folks who produce energy efficient 

vehicles or solar panels, while 79% say they support funding 

more R&D into renewable energy sources like solar and wind. 

And again, remember, this is super majority support at a time 

when our politics seem hopelessly divided. 

Negative Norm Stimuli Speaker 1 0:00 

A new report from Pew Research Center finds that although 

many Americans do want to reduce their carbon footprint, they're 

actually taking fewer steps to do so. The main part of this study 

focused on renewable energy, specifically solar and wind. Why 

are people supporting that, investing into that less than before? 

 

Speaker 2 0:16 

Well, a brand-new NBC News poll finds that only 5% of voters 

out of 100 think climate change is the most important issue facing 

this country right now. 

 

Speaker 3 0:24 

Alan Anglyn owns 40 acres of property in southwest Johnson 

County, Kansas. Now he's facing a massive solar field about 150 

feet from his property line, taking away from its rural beauty. 

 

Speaker 4 0:38 

We bought out here, built out here, have our life savings invested 

in these places, and we see it as detrimental to, you know, 

character of the community. We see it as detrimental to our 

property values. 

 

Speaker 3 0:49 

One project in the works in Kansas would be massive, and 

residents are looking at two years of construction in a populated 

area and plenty of noise and dust. 

 

Speaker 5 0:59 
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Fewer people are buying rooftop solar panels for their homes. 

The industry is shrinking, hit by high interest rates, tight credit 

and cuts to solar incentives. More than 100 solar contractors have 

already gone out of business during the past year, as demand has 

dried up. 

Table A4.9. Transcripts from Study 4 video stimuli. 

 

 

Table A4.10. Study 4 pilot results to validate video stimuli. The table shows the results of a 

mixed effects linear regression; the perceived sentiment toward solar energy is regressed on the 

video type (policy context, positive norm information, negative norm information) with a 

random effect for participant ID. Sentiment toward solar energy is measured on a 7-point Likert 

scale from “very negative” to “very positive”. The reference category for video type is the 

neutral policy context video. 
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Table A4.11. Linear regression where policy support is regressed on treatment and skepticism.  

 

 

Figure A4.1. Interaction plot for regression shown in Table A4.11. 
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Table A4.12. Study 4 moderated mediation. This table shows the results of a moderated 

mediation analysis examining mediating effect of SMRD and moderating effect of skepticism on 

the relationship between norm treatment and policy support.  

 

 

Table A4.13. Study 4 moderated mediation. This table shows the results of a moderated 

mediation analysis examining mediating effect of SMRD and moderating effect of skepticism on 

the relationship between norm treatment and policy support. 
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Figure A4.14. Policy support measured in Study 5 across the four process conditions. Policy 

support is measured on a 5-point Likert scale, the conditions are noted on the x-axis. 

 

 

 


