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Abstract

Are narratives as influential in gaining the attention of policymakers as expert in-
formation? This pre-registered study uses a field experiment to evaluate legislator
responsiveness to policy entrepreneur outreach. In partnership with a leading AI think
tank, we send more than 7,300 U.S. state legislators emails about AI policy containing
an influence strategy (providing a narrative, expert information, or the organization’s
background), along with a prominent issue frame about AI (emphasizing technological
competition or ethical implications). To assess policymaker engagement, we measure
link clicks to further resources and webinar registration and attendance. Strikingly,
given the highly-technical policy domain, we find that narratives are just as effective
as expert information in engaging legislators. Further, higher legislative professionalism
and lower prior experience with AI are associated with greater legislator engagement
with both narratives and expert information. The findings advance efforts to bridge
scholarship on policy narratives, policy entrepreneurship, and agenda-setting.
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1 Introduction

The politics of influence play a central role in theories of agenda-setting. According to

the most prominent framework of agenda-setting (Jones et al. 2016), the Multiple Streams

Framework (MSF), policy problems and solutions to those problems are brought together by

skilled policy entrepreneurs through strategic problem definition, networking, and provision

of information to policymakers (Kingdon 1984). However, scholars have emphasized the need

to unpack the inner workings or ‘black box’ of such processes (Anderson, DeLeo, and Taylor

2020). For example, in the case of policy entrepreneurs, Petridou and Mintrom (2021) call

for research to more carefully measure the impact of and the specific strategies employed by

policy entrepreneurs.

In response, scholars have widened their attention to other theories of the policy process,

including the relatively-recent Narrative Policy Framework (NPF) (McBeth et al. 2007; Jones

et al. 2016). The NPF highlights policy persuasion through stories involving characters,

contexts, plots, and morals (McBeth, Jones, and Shanahan 2014). It has been increasingly

embraced as a promising explanatory framework bringing post-positivist elements into policy

change theory (McBeth, Jones, and Shanahan 2014; Weible and Schlager 2016). For example,

Birkland and Warnement (2016) suggest the utility of the NPF in explaining focusing events,

McBeth and Lybecker (2018) argue that narratives can better explain the role of policy

entrepreneurs in problem definition and coupling problems and solutions, and Petridou and

Mintrom (2021) argue that policy entrepreneurs can serve as “policy marketers” who promote

narratives to streamline complex policy issues.

We embrace this direction by incorporating a focus on narratives into a study of agenda-

setting and policy entrepreneur influence. In particular, we consider whether policy en-

trepreneurs can effectively use narratives to influence policymakers, even in highly-technical,

complex policy domains where the provision of technical information is traditionally consid-

ered essential. The context for this work is the emerging and understudied technical policy
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domain surrounding artificial intelligence (AI). AI policy is a valuable testbed for policy

process and agenda-setting research due to its sweeping social, ethical, and economic impli-

cations across policy domains, and because numerous policy entrepreneurs are now drawing

on a variety of strategies to set the terms of debate (Cave et al. 2018; Minkkinen, Zimmer,

and Mäntymäki 2022).

This study examines agenda-setting influence in AI policy by observing the behavior of

United States (U.S.) state legislators in response to differing policy entrepreneur outreach

strategies. In partnership with a leading AI policy think tank, we conduct a pre-registered

information-provision field experiment1. We randomly assign more than 7,300 state legis-

lators to different email communications about AI policy containing 1) expert technical in-

formation, 2) a persuasive narrative, or 3) information about the organization’s background

(the control message). The emails also emphasize a prominent issue frame about AI, either

related to technological competition or social and ethical implications. To measure policy-

maker engagement with these messages as an indication of policy entrepreneur influence, we

measure link clicks to further resources and registration and attendance at a webinar on AI

policy developed as part of the study. These outcome measures capture authentic responses

to common policy entrepreneur outreach and provide valuable insight into a critical step in

the agenda-setting process.

We find that both narratives and technical information are statistically more engaging than

more generic policy entrepreneur outreach. Facts and stories both increase legislator engage-

ment with AI policy by about 30 percent. Strikingly, despite AI’s noted technical complexity,

narratives are just as effective as expert information in engaging policymakers. This result

holds whether policymakers receive a frame emphasizing social and ethical issues or the eco-

nomic and geopolitical dimensions of AI. Moreover, despite significant attention to AI’s role

for innovation and competition, we find that, overall, policymakers are at least as drawn to

1. An anonymized version of the pre-analysis plan is available at https://bit.ly/3aUCGlU
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the ethics frame. Finally, we find that legislators in states with little prior experience in

AI policymaking are especially interested in engaging not only with expert information, but

also with narratives. The results suggest that ‘passion’ can be just as important as ‘reason’

in policy influence efforts, even for highly technical domains.

2 Theory

2.1 The Role of Narratives in Agenda-Setting

Following the post-positivist turn in policy process theory (Fischer 1998), scholars have de-

voted attention to interpretive elements such as policy images, beliefs, social constructions,

and recently, narratives (McBeth, Jones, and Shanahan 2014). Narratives arguably play a

role in shaping policy images and social constructions, as well as beliefs, by helping to estab-

lish a relevant policy ‘story’ with a context, heroes, villains, and a moral. Successful narra-

tives can influence agenda-setting by shaping perceptions of target populations, expanding

or containing issues, and reducing uncertainty or perceived risk (McBeth et al. 2007).

While narratives are often discussed in the context of shaping public opinion, the meso-level

of analysis in the NPF recognizes that “groups use policy narratives to try and influence

public policy” and policymakers more specifically (McBeth and Lybecker 2018, 170). Narra-

tives may be influential for policymakers for a variety of reasons: Not only can they provide

a valuable tool for a policymaker’s own messaging efforts, they may also directly persuade

a policymaker of the legitimacy and feasibility of a proposed policy (Anderson, DeLeo, and

Taylor 2020). With respect to the former, especially at the outset of a new policy question or

domain, policymakers may be in need of messages, images, and narratives used to craft their

own political identity, persuasive messaging, and public and constituent communications. In

terms of their direct persuasive impacts, a body of research (Small and Loewenstein 2003;

Brysk 1994) shows that ‘personal’ narratives, particularly those discussing the plight of in-
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dividuals, may be “very effective at eliciting an emotional reaction, personalizing the issue,

making it more salient, and making people feel a greater need to act” (Mcentire, Leiby, and

Krain 2015, 14).

In the context of agenda-setting, it is policy entrepreneurs—in part functioning as policy

marketers—who play a key role as the crafters and promoters of narratives through the

act of problem definition, or elevating public conditions to the status of policy problems

through careful and strategic shaping of indicators and focusing events (Mintrom and Nor-

man 2009; Mcbeth and Shanahan 2004). Given the central role that problem (and indeed

solution) definition plays in the activities of policy entrepreneurs and in frameworks like

the MSF, narratives arguably help to make sense of influence dynamics in agenda-setting.

As McBeth and Lybecker (2018) argue, public policy may in fact be increasingly driven by

narratives.

2.2 Policy Entrepreneurship and Expertise in Technical Policy Domains

Policy entrepreneurs also exert influence through building coalitions and, importantly, pro-

viding expertise (Frisch Aviram, Cohen, and Beeri 2020; Capano and Galanti 2018; Mintrom

and Norman 2009). Indeed, in recent and closely-related research, Anderson, DeLeo, and

Taylor (2020) demonstrate empirically that state legislators are especially reliant on the

provision of information and evidence, exceeding even the importance of traditional policy

entrepreneurship activities like coalition-building. Policy entrepreneurs may provide criti-

cal information about policy problems and solutions that are poorly understood (serving

as ‘information entrepreneurs’ or ‘expert entrepreneurs’ (Crow 2010) or ‘knowledge brokers’

(Knagg̊ard 2014)) by demonstrating the severity of problems or the feasibility of solutions

(Knagg̊ard 2015). This expertise provision may reduce the perceived risks of policymaking

under uncertainty (Dewulf and Biesbroek 2018; Knagg̊ard 2014), and can be used to justify

decisions when policymakers desire scientific or technical credibility.
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In particular, the provision of expertise should be especially important in policy areas that

are technically complex or ‘hard’ issues (Gormley 1986; Carmines and Stimson 1980), such

as environmental policy (Knagg̊ard 2014) and AI. Given the difficulty of understanding the

underlying issues (Zito 2001), policymakers are in need of ‘hard’ evidence to inform decision-

making. Furthermore, in the case of these highly complex and technical issues, policymaking

is typically dominated by powerful elites, expert bureaucrats and professionals, and associ-

ated business interests. When issues are also of low salience, this leads to ‘boardroom’

politics, where the public has little access (Gormley 1986). In these cases, public attention

is less critical for politicians (Eshbaugh-Soha 2006), reducing the need for narratives to be

used in stump speeches and credit-claiming.

Emerging technologies are especially clear examples of highly technical and complex do-

mains, and AI is a paradigmatic example. Notably, a major national concern is developing

government competence to understand and address AI issues and policies. For example, U.S.

Executive Order 13859 includes the launch of a government-wide AI community of practice,

and the National Security Commission on AI (NSCAI) emphasizes educating, recruiting, and

training “AI Talent” (National Security Commission on Artificial Intelligence 2021). These

concerns are persistent across state, national, and international AI policy discourse, demon-

strating the clear perceived importance of enhancing government expertise with respect to

this emerging policy domain.

2.3 Competing Influence Dynamics in Agenda-Setting

Therefore, there are competing expectations regarding which modes of policy entrepreneur-

ship are most influential to policymakers in the case of complex, emerging technologies. On

one hand, narratives may be more effective as policy entrepreneurs work to define problems

and couple them with solutions to persuade policymakers. McBeth and Lybecker (2018,

871) have argued that when evidence is used, it “will often be embedded within a narra-
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tive element.” Moreover, Zahariadis (2014) argues that while the provision of information

alone may reduce uncertainty, it will not dissolve the ambiguities that must be resolved for

agenda-setting to take place. Instead, carefully-crafted personal narratives may be effective

(Mcentire, Leiby, and Krain 2015), especially when AI issues are salient to the public.

Yet, science and technology policy typically rests at the bottom of public issue priorities

(Jones, Larsen-Price, and Wilkerson 2009). Given the established importance of expert

information for related domains like the environment (Knagg̊ard 2014; Michaels 2009), there

are reasons to expect that a potentially even more complex domain like AI will be just

as reliant on expert information from policy entrepreneurs, if not more so. For a highly

complex technological domain like AI, characterized by great uncertainty and little public

(or policymaker) understanding, we might expect the provision of expertise to be far more

valuable and influential to policymakers.

Given the ostensible strengths of both strategies, we expect that the provision of expertise

and narratives will engage legislators more than generic policy entrepreneur outreach:

Policy Entrepreneur Effectiveness Hypothesis: When policy entrepreneurs provide

narratives or expertise as part of their influence efforts, it will increase policymaker attention

to and engagement with the policy issue at hand.

However, for the reasons described above, it is less clear whether one strategy might be more

effective than the other. Therefore, we investigate competing expectations:

Dominance of Narratives Hypothesis: The provision of narratives will induce greater

policymaker engagement than the provision of expertise.

Dominance of Expertise Hypothesis: The provision of expertise will induce greater

policymaker engagement than the provision of narratives. This is simply the converse of the

hypothesis above.
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It is also possible that neither strategy is effective or that the strategies are equally effec-

tive. Even if equally effective, the strategies may operate through distinct mechanisms and

impact different subgroups of legislators differently. Of particular relevance, AI’s status as

a complex, technical policy area has raised significant concern about the lack of government

and policymaking expertise (White House 2019). Relatedly, research reveals large gaps in

the public’s understanding of the definition, applications, and impacts of AI (DeCario and

Etzioni 2021). While legislators in states that have previously worked on AI legislation

may have developed a better foundational understanding of AI and its policy implications,

legislators in states with limited legislative capacity and prior engagement with AI likely

have little more exposure to AI than the general public. Nonetheless, these legislators will

soon be expected to formulate policy in this complex domain, and as such, may perceive a

stronger need for expert information on AI as they formulate their initial policy preferences

and intentions around this urgent policy issue:

Prior Experience Hypothesis: Compared to legislators with greater prior experience in AI

policymaking, legislators with less experience with AI will respond with greater engagement

to the expertise treatment.

2.4 Issue Frames

Scholars of political communication and media have also examined how policy issues may be

framed in different ways to emphasize alternative sub-issues or dimensions involved (Iyengar

1990; Chong and Druckman 2007). For example, Neuman et al. (1992) identify human

impact, economics, and conflict as three common issue frames used in the news media.

These contrasting issue frames not only have the ability to influence public opinion, but they

may also influence policy entrepreneurs and policymakers (McBeth, Jones, and Shanahan

2014). Policy entrepreneurs can thus strategically take advantage of different available issue

(or policy) frames (Mintrom and Luetjens 2017; Mcbeth and Shanahan 2004) to expand or
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contain issues into favorable policy venues and to help construct a preferred policy image

(Baumgartner and Jones 1991).2

Indeed, there is ample evidence that key stakeholders in AI are already developing issue

frames. In terms of frames emphasizing human impact, a large number of organizations

have produced ethical codes, frameworks, and principles (Schiff et al. 2021) that have fil-

tered into national and international policy strategies and agreements, such as the OECD’s

(2019) Principles on Artificial Intelligence. Alternatively, policymakers have also paid sub-

stantial attention to the economic and technological competitiveness dimensions of AI, often

contrasting the success of U.S. AI policy and development against that of China (Castro

and McLaughlin 2021; Ulnicane 2022). In this case, the economic and conflict frames often

appear to be merged in practice, as in the U.S. Innovation and Competition Act.

We thus consider these commonly-used issue frames surrounding ethical implications of AI

or, alternatively, the economic and technological competitiveness implications of AI. How

policymakers respond to these distinct frames is important as frames can alter the key

categories, problems, and solutions that policymakers associate with AI policy. Given the

under-valuing of ethics in policy and the influence of greater constituent attention to eco-

nomic and security issues, especially in the context of technology policy (Jones, Larsen-Price,

and Wilkerson 2009), we expect greater policymaker engagement with a competition framing

than an ethical framing of AI:

Issue Framing Hypothesis: Policymakers will exhibit greater average levels of engagement

in response to issue frames emphasizing economic and technological competition around AI,

as compared to issue frames emphasizing AI’s ethical and social impacts.

2. A possible source of confusion is the distinction between a narrative and a frame. Simply,

narratives can contain or promote one of many possible issue frames, while issue frames need

not be accompanied by a narrative, as the experimental design in this study makes clear.
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There are additional benefits of using issue frames as a dimension of our experimental design.

First, as there is arguably no way (and certainly no authentic way) for policy entrepreneurs

to present a ‘neutral’ frame of AI policy (Elder and Cobb 1984), it is important to identify

prominent and realistic frames to build knowledge about issue framing as well as support

external validity in the AI policy domain. Second, the use of multiple frames helps ensure

that findings about policy entrepreneur influence strategies aren’t limited to a single appli-

cation of AI or way of making sense of AI as a policy issue. Finally, the use of contrasting

frames also allows us to examine the interactions between framing and policy entrepreneur

influence efforts (Petridou and Mintrom 2021), that is whether certain influence strategies

are more or less effective when used in tandem with particular issue frames. As a start-

ing point, we hypothesize that the use of elements like characters and morals in narratives

may be especially conducive to communicating ethics frames, which often highlight human

impacts:

Strategies by Issue Framing Hypothesis: Policymakers will respond with greater en-

gagement to narratives when they are provided issue frames emphasizing the ethical and social

dimensions of AI as compared to issue frames emphasizing the economic and technological

competitiveness dimensions of AI.

3 Experimental Design

We use an email-based field experiment to evaluate our hypotheses.3 We conduct the experi-

ment in partnership with a leading AI think tank (McGann 2020), The Future Society, which

is especially beneficial as we seek to measure authentic engagement with policy entrepreneur

strategies in the context of policymakers’ everyday job activities. The Future Society is a

nonprofit think-and-do tank focused on AI policy that consults with and provides resources

3. For additional information about the benefits of an experiment in this context, see SI

Section A1.1.
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for policymakers, amongst other activities.4 Coordination with this organization not only

aids in the creation of authentic treatments, but also enhances the utility of the study for

policymakers and their staffs by providing access to a leading organization with which they

can connect further in the future. Email communication in the study came from one of the

organization’s email accounts and used the organization’s branding. Additionally, as part of

the study, the organization hosted resources on their website and co-developed and hosted

a webinar on AI policy targeted at informing state policymakers.

3.1 Study Sample

The study sample includes 7,355 U.S. state legislators, or approximately all legislators5

with email addresses that were available through official state legislative websites as of May

2021.6 We focus on state legislators for a couple of reasons. First, state legislatures offer

more variation in regards to prior experience in AI policymaking and legislative capacity

(Squire 1992). Additionally, the large sample of state legislators contributes more power

to evaluate our hypotheses. Table A1 in SI Section A1.2 presents key descriptive statistics

about the sample.

4. One potential source of concern in evaluating the treatment effects identified in the study

is that state legislators could have perceived a certain political leaning of the organization

in general or with respect to some of the treatments. See SI Section A1.4 for a discussion of

this issue.

5. Note that by sending email communications to state legislators’ email addresses, we are

effectively treating the legislators’ offices, as it is possible that staff members rather than the

legislators themselves would receive the treatment. We consider this to be a feature of the

normal environment in which policy entrepreneurs attempt to influence legislators (rather

than a bug), and consider engagement by members of a legislative office to be indicative of

the policymaker’s activities and priorities.

6. See SI Section A1.2 for more details on the sample.

10



3.2 Randomization and Treatment Assignment

We randomly assign state legislators within blocks to email treatments, following the proce-

dure of Butler and Broockman (2011). Specifically, we block randomize by state, legislative

chamber, and political party (198 blocks total, as Nebraska has a unicameral legislature).7

Policymakers within blocks are then randomly assigned to one of six treatment or control

groups. They receive an email communication that draws on either the 1) expertise strategy

or 2) narrative strategy or 3) a more generic control message employing neither strategy.

The messages also incorporate one of two issue frames, emphasizing either the a) social

and ethical or b) economic and technological leadership dimensions of AI. This produces an

overall 3x2 factorial design with six total treatment/control groups.

The wording of the email treatments is designed to emulate the issue frames and language

used in real news media stories and policy entrepreneur communications with policymakers.

In particular, the emails discuss either ethical and social harms associated with facial recogni-

tion, or economic and technological leadership implications of U.S. competition with China,

prominent topics discussed for the respective issue frames. Moreover, when constructing the

narrative strategy treatments, we adopt a personal narrative approach (Mcentire, Leiby, and

Krain 2015) and include the core elements of narrative structure according to the NPF: a

setting, characters (a victim and a villain), a plot, and a policy moral (McBeth, Jones, and

Shanahan 2014).

Of particular importance, in order to evaluate the effectiveness of these treatments, our ex-

perimental design necessitates measuring email engagement for the control group as well.

While it is not possible to create a control message that completely avoids priming while

also appearing authentic, we designed our control message to be as neutral as possible and

7. Given the small number of independents (67 of the total 7,355), we randomly assign

these to either a Democratic or Republican block.
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to represent a baseline of typical policy entrepreneur outreach. In particular, the control

group received a generic message which solely emphasized the partner organization’s name

and core activities, but was otherwise structurally symmetric to the treatment messages.

We crafted the language for the control emails based on language that the partner orga-

nization uses when presenting itself, similar to messaging employed by other lobbying and

advocacy organizations, and similar to the design strategy employed by other researchers

engaging in field experiment research on state legislator lobbying (Wiener 2020). All emails

are also designed to emulate the aesthetics and style of newsletters sent out by the partner

organization, and all were vetted by several members of the staff. Figure 1 presents a draft

example with additional formatting elements. For more information about the construction

and sources of inspiration for the treatment and control messages, including the full text and

email template, see SI Section A6.

The email messages contain links to extended versions of information presented in the form

of fact sheets (for the expertise conditions), stories (for the narrative conditions),8 or the

organization’s background (for the control conditions). The fact sheets and stories are crafted

based on the materials mentioned and additional research and reporting on these topics,

and were also vetted by several members of the partner organization. The email messages

additionally contain an encouragement to reply to the email and a link to RSVP for a

webinar on AI for state legislators, planned and conducted in conjunction with the partner

organization in December 2021 to benefit study participants.

3.3 Outcome Measures

We evaluate policymaker engagement with the emails by measuring willingness to partake

in a series of actions that demand increasing levels of effort, time, and attention: clicking on

8. The full fact sheets and stories are hosted on the organization website and available by

request. See SI Section A6.5.
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Figure 1: Sample legislator email: Narrative + ethics treatment condition

links to additional information discussed in the email (a fact sheet, story, or the organization’s

website), clicking on a link to sign up for a webinar, replying to the email, and attending

the webinar,9 all behaviors that are reflective of real-world policymaker-policy entrepreneur

influence dynamics. As the primary outcome measure, we construct a binary variable which

9. Measuring both intent to participate and participation is a strategy also employed by

McClendon (2014).
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indicates whether legislators participated in at least one of these activities.10 Table 1 presents

the average rate of engagement for each outcome of interest in the control group, as a baseline

for understanding legislator behavior and the effectiveness of the various treatments.

Outcome Rate
Resource Click Rate 10.0%
Webinar Click Rate 9.7%
Email Reply Rate 0.1%
Webinar Attendance Rate 0.2%
Combined Engagement (Binary) 10.9%

Table 1: Average legislator engagement in control group

While these actions taken by policymakers are relatively low effort and short term, we argue

that they constitute meaningful initial indications of interest and engagement, important

in the process of policy entrepreneur influence that leads towards eventual policy change.

Policymaker time and attention is scarce, so policy entrepreneurs must act strategically and

compete to gain their attention in order to influence the policy agenda. Indeed, the fact that

advocacy organizations invest enormous sums of money and effort to gain policymaker at-

tention demonstrates that they perceive significant benefit from these modes of engagement,

such as sending emails, sharing resources, and hosting informational webinars. Recent work

on policy entrepreneur influence has also shown important downstream effects, for example

that contact with state legislators is associated with the consideration and introduction of

new legislation (Anderson, DeLeo, and Taylor 2020) and that email-based contact is associ-

ated with legislator voting behavior (Bergan 2009). Therefore, this study views measures of

legislator engagement with email contact as valuable in informing our understanding of the

effectiveness of policy entrepreneur influence efforts.

10. This measurement approach deviates slightly from the pre-registration, which proposed

using a count measure. We chose to make this alteration because the binary outcome is easier

to interpret and is very highly correlated with the count measure. We present additional

results for different outcomes separately in SI Section A3.

14



3.4 Ethical Considerations

Given the ethical implications of the research design and the potential to impact political

processes, we took care to follow best practices from other correspondence studies in politi-

cal science, policy, and public administration. In particular, we aimed to satisfy three main

ethical principles: reducing deception, minimizing harm, and minimizing burden (Butler and

Broockman 2011). We reduced deception involved in the study by partnering with a real

organization that has expertise and a vested interest in this policy domain and the study’s

research questions. Policymakers received accurate information about the issue frames and

topics, representative of typical AI policy discourse, through the email messages, links, and

during the webinar. While policymakers did not know that they were participating in a

research study11, they received emails from a real organization genuinely interested in con-

necting with them. Moreover, individuals who started the followup survey described in SI

Section A7 were provided with information about the study. Next, because the information

provided in the emails was carefully-researched and designed to be an accurate depiction of

key problems and solutions in AI policy, we expect that the study benefited many policy-

makers by providing useful information, potential contacts, and followup resources curated

specifically for legislators. Finally, the time burden on legislators and their staffs resulting

from opening or reading the initial email was minimal and a standard part of work activities.

Beyond this, participants voluntarily opted into additional activities, such as the webinar,

likely due to genuine interest and a desire to learn more about this increasingly important

policy domain.

11. We did not obtain consent from participants, as it would have limited our ability to

identify how policymakers interact with policy entrepreneurs in an authentic context.
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4 Analysis Strategy

As the study seeks to evaluate the effectiveness of influence strategies that actually reach

policymakers, we prefer complier average causal effects (CACEs) as the estimands of inter-

est. CACEs represent average treatment effects among the compliers, where the compliers

are those who took up treatment (opened and read the treatment emails) when assigned

to treatment. As the control group, by design, does not and cannot receive the treatment

emails, this context involves the potential for only one-sided non-compliance.12 To iden-

tify the CACEs, the study employs an instrumental variable (IV) approach with two-stage

least squares (2SLS) regression, where random assignment to treatment is an instrument for

opening and reading the treatment email (Angrist, Imbens, and Rubin 1996).13

For the Policy Entrepreneur Effectiveness Hypothesis, we compare legislator engagement for

legislators in the narrative and expertise treatment conditions (both pooled and individually)

12. In SI Section A3, we also report key intent-to-treat effects (ITTs) as a measure of

whether policy entrepreneur messages are influential in a broader sense, given that non-

compliance is common in real-world settings. CACEs are defined as the ITT effects of

treatment assignment on the outcomes of interest divided by the proportion of compliers.

13. For all associated regression specifications, we use two-tailed t-tests and Huber-White

heteroskedasticity-robust standard errors, with statistical significance assessed primarily at

the 5% level. This is a minor deviation from the pre-registration in which we registered

some one-tailed and some two-tailed t-tests. We opt for all two-tailed t-tests to both be

more conservative and preserve easy comparability. Additional information about covariates

and power can be found in SI Section A2 and SI Section A5.
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to those in the control groups. We use regression specifications of the following form:

CACE 1st stage: Read narrative = β0 + β1narrative+ γX+ ϵ

CACE 2nd stage: Engagement = β0 + β1 ̂read narrative+ γX+ ϵ

CACE 1st stage: Read expertise = β0 + β1expertise+ γX+ ϵ

CACE 2nd stage: Engagement = β0 + β1 ̂read expertise+ γX+ ϵ

where Engagement refers to the outcome measure of interest, X refers to a vector of the

covariates, and ϵ refers to the error.14 The covariates included are legislator party, chamber,

gender, and tenure, as well as state-level prior experience with AI policy and legislature

professionalism.15 Read narrative and Read expertise represent whether legislators opened

and read the respective treatment emails (were treated)16, and the predicted values of those

variables from the first stage are then used to estimate policymaker engagement in the second

stage, where the β1 coefficients are the CACEs of interest. We expect the β1 estimates from

the second stage 2SLS regressions to be positive, indicating that the treatments increased

policymaker engagement. To assess the relative effectiveness of strategies invoking narratives

or expertise, we use a z -test to evaluate whether the CACE estimates for the narrative and

expertise treatments are equivalent.

We use a similar approach for our additional hypotheses. For the Issue Framing Hypothesis,

14. Note that much of this analysis involves pooling across the issue frames.

15. As blocks vary by size, the probability of treatment assignment varies slightly by block,

which must be accounted for in the analysis strategy. Our approach is described in SI Section

A2.

16. Similar to McClendon (2014), we consider opening the email to be a proxy for reading

the email.
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we isolate the treatment effects of the issue frames rather than the influence strategies. For

the exploratory Strategies by Issue Framing Hypothesis, we use interactive model specifi-

cations to estimate ITTs for each unique treatment17 and use z -tests to assess treatment

effect differences. Finally, for the exploratory Prior Experience Hypothesis, we interact the

expertise and narrative treatments with legislature prior experience with AI policy to esti-

mate CACEs for legislators in states with high and low prior AI experience. As a related

but distinct (and not pre-registered) extension of this line of inquiry, we follow Anderson,

DeLeo, and Taylor (2020) and also evaluate whether legislative capacity (or professionalism)

moderates policy entrepreneur influence. However, we note that a limitation of these ex-

ploratory analyses is that the measures that we use are coarsely measured, at the level of

states rather than individuals.

5 Results

5.1 Does the Provision of Expertise or Narratives Influence Legislators?

We first consider whether the Policy Entrepreneur Effectiveness Hypothesis holds. In short,

does the use of narrative or expert information by policy entrepreneurs successfully engage

policymakers as compared to more generic outreach? Table 2 presents the results for the main

legislator sample18 based on use of either strategy (pooled) or each strategy separately.19 The

17. It is more complicated to define compliance for both issue frames and strategies simulta-

neously when using a 2SLS approach, and ITT estimates generally have the same significance

as CACE estimates.

18. We exclude legislators from Indiana, as the unusual click behavior (100% click rate on

resources, and 0% click rate on webinar registration page) that we observed suggests that

an automated email system (perhaps for security reasons) was in use.

19. For all three model specifications, p-values for the weak instrument and Wu-Hausman

tests are all less than 0.001, confirming strong instruments and the suitability of an IV
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outcome of interest is the CACE based on a binary indicator of whether legislators engaged

in at least one of the possible activities: opening a fact sheet provided in the email, clicking

to register for the webinar, etc.20 A corresponding table of ITT results is presented in SI

Section A3.

Legislator Engagement

(1) (2) (3)

Either Strategy 0.096∗∗∗

(0.016)
Expertise 0.092∗∗∗

(0.019)
Narrative 0.100∗∗∗

(0.019)
N 7,205 7,205 7,205
Robust SEs Yes Yes Yes
Covariates Yes Yes Yes

Note: ∗p < 0.1; ∗∗p < 0.05; ∗∗∗p < 0.01
Full covariate information included as Table A5 in SI Section A4

Table 2: Impact of policy entrepreneur strategies on legislator engagement

We find that the use of both strategies by policy entrepreneurs is effective, supporting the Pol-

icy Entrepreneur Effectiveness Hypothesis. When compared to a control message of a similar

style and length that provides more general information about the organization—including

the same invitation to join a webinar and reply to the email—both expert information and

narratives significantly increase policymaker interest. Those who opened either treatment

approach.

20. In practice, almost all legislators who engaged did so through one of these two lower-

effort activities, such that the binary outcome essentially reflects engagement with the fact

sheet (or story) or interest in the webinar. In line with expectations, relatively few legislators

replied to the email or attended the webinar. Inclusion or exclusion of those more costly

activities thus has essentially no effect on study results, as shown in Table A4 in SI Section

A3.
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email exhibited increased engagement by 9.6 percentage points (p < 0.01) compared to

control, with effects slightly larger in the narrative group (10 percentage points) versus in

the expertise group (9.2 percentage points). These are substantively large effects in light

of comparable recent studies.21 Figure 2 presents these results using a coefficient plot with

95% confidence intervals, and includes alternative model specifications as robustness checks.

Namely, in addition to the 1) primary specification, we present results 2) without covariate

adjustment, 3) when including Indiana, and 4) when excluding states for which we observed

identical click rates for the resource and webinar.22 Across specifications, results are nearly

identical.23

More concretely, subsetting to individuals who opened their assigned emails, approximately

24.3% of legislators in the control groups took at least one action upon receiving the emails

compared to 31.2% of legislators in the expertise treatment group and 32.6% of legislators in

the narrative treatment group.24 This corresponds to a 28.3 percent increase in engagement

21. For comparison, recent studies of legislator engagement focusing on email click rates have

found effects of varying significance and size, ranging from 0.4 percentage points to 4.1 per-

centage points (Pereira 2022; Butler, De Vries, and Solaz 2019; Purtle et al. 2022; Senninger

and Seeberg 2022). Our ITT results (about 4-5 percentage points, as shown in SI Section

A3) are similar in magnitude to the 3.8 and 4.1 percentage point ITT results in Senninger

and Seeberg (2022) and Pereira (2022), respectively. Overall then, the influence strategies

studied here are as or more effective than treatments such as manipulating co-partisanship,

co-nationality, policy issue, and the amount and specificity of expert information provided.

22. Similar to the logic for excluding Indiana, it is possible that these states employ auto-

mated email systems to screen links for security reasons. This select sample retains about

two-thirds of the full sample, with n = 5, 268 total legislators.

23. We also find the same results when using the alternative count outcome measure as

when using the binary outcome measure. See Table A4 in SI Section A3.

24. Note these metrics for the control group differ from those reported in Table 1, which
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Figure 2: Impact of policy entrepreneur strategies on legislator engagement

Full covariate information included as Tables A5, A6, A7, and A8 in SI Section A4

for those who received expert information, and a 34.2 percent increase in engagement for

those who received narratives.25

presents engagement rates for individuals regardless of whether they actually opened their

assigned emails (akin to ITTs). The metrics here are amongst those individuals who opened

either their assigned control or treatment emails (akin to CACEs), and are thus arguably

more meaningful representations of differential behavior.

25. When including the entire sample, not just those who opened their emails, 10.9% of

individuals in the control group engaged in at least one action, compared to 15.4% in the

expertise treatment group and 15.7% in the narrative group, translating to engagement
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While both influence strategies employed by policy entrepreneurs are statistically effective,

they are not statistically distinct. Though the narrative treatment leads to a larger mag-

nitude increase in legislator engagement as compared to the expertise treatment, a z -test

indicates these two strategies are not statistically distinguishable (p = 0.77). Thus, while

there are theoretical reasons to expect either narratives or expertise to be more influential

strategies (as per the Dominance of Expertise and Narrative Hypotheses), we instead find

that these strategies are similarly, and meaningfully, impactful. Nevertheless, it is most

striking overall that for a highly technical policy domain that has been inundated with calls

for expertise-building, such as massive efforts to promote training of STEM workers and

PhD researchers, narratives are at least as critical in engaging policymakers vis-à-vis the

emerging AI policy agenda.

5.2 How do Issue Frames Impact Legislator Engagement?

Next, we turn to the question of whether use of distinct issue frames by policy entrepreneurs

affects engagement by policymakers. We anticipated as per the Issue Framing Hypothesis

that an issue frame (or policy frame) emphasizing economic and technological leadership

dimensions would be more influential for policymakers, given substantial focus on AI’s in-

novative potential in policy discourse, and because policymakers may already be inclined to

emphasize economic-type issues over ethical ones.

To our surprise, results point in the opposite direction, if anything. Specifically, according

to the covariate-adjusted IV regression results, legislators receiving the ethics frame via

email were about 2 percentage points more likely to take at least one action than legislators

receiving the economic frame, though this difference is not statistically significant (p =

0.24). To put this into context, the covariate-unadjusted group differences indicate that

around 29.0% of legislators who opened the email in the competition group took at least one

increases of 40.7% and 43.7%, respectively.
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action as compared to around 30.0% of legislators in the ethics group. Thus, despite ample

and arguably growing pressure to emphasize AI’s economic, competitive, and geopolitical

dimensions in policy discourse, legislators were at least as likely, if not marginally more

likely, to express interest in AI’s ethical implications.

We also considered whether specific issue frames interacted differently with various policy

entrepreneur strategies. Table 3 displays the engagement rates for combinations of strate-

gies and frames, along with corresponding p-values of differences across these combinations.

While we hypothesized that narratives would be differentially engaging based on the issue

frames employed, we find that narratives are equally engaging across the ethics and competi-

tion issue frames (p = 0.91). Moreover, we find no clear evidence of differences between issue

frames for the control (p = 0.56) and expertise (p = 0.16) policy entrepreneur strategies as

well. Instead, the greatest visible differences are between each influence strategy and the

control group.

Ethics Competition p-value of diff.
Control 0.11 0.11 0.56
Narrative 0.16 0.16 0.90
Expertise 0.16 0.14 0.16
p-value (Narr. vs. Control) 0.00 0.00
p-value (Exp. vs. Control) 0.00 0.01
p-value (Narr. vs. Exp.) 0.60 0.31

Table 3: Engagement rates for distinct strategy and issue frame combinations

To evaluate the stability of this pattern, we draw on an additional source of data. Through

the use of tracking links tied to each individual strategy x issue frame combination, we

were able to track through the registration platform for the webinar, Eventbrite, how many

individuals in each treatment group sought out information about the webinar.26 The data

in Table 4 reveal a very similar pattern. There were minimal differences in page views

26. The data captured by EventBrite on the number of individuals visiting the registration

page differ from those captured through SalesHandy based on direct link clicks from the

emails. Eventbrite is able to track any use of these links to visit the site, accounting for
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across issue frames, but distinct differences for both narratives and expertise relative to

control within each issue frame. For example, for the control group, a very similar number

of individuals visited from the ethics frame group (376) as from the competition frame group

(366). In the expertise group, a larger number of individuals visited overall, with a highly

similar number of visitors from the ethics group (421) and competition group (433). The

narrative group acted similarly, with the highest number of visitors overall and a nearly

identical number from the ethics group (465) and competition group (466).

Ethics Competition
Control 376 366
Narrative 465 466
Expertise 421 433

Table 4: Webinar registration views by treatment group

That these patterns are highly stable regardless of the use of quite distinct types of issue

frames suggests that it is the strategies themselves that are most salient in policy entrepreneur

influence efforts. Moreover, that the number of visitors from the narrative group was sub-

stantially larger than the control group (90-100 more views) as well as larger than the

number of visitors from the expertise group (30-40 more views), provides further evidence

about the relative effectiveness of the influence strategies compared to control. It even pro-

vides suggestive evidence about the potentially heightened effectiveness of narratives versus

expertise. However, given more limited data about the source of these numbers (e.g., uncer-

tainty around how many of these views are repeat visitors), and because the pre-registration

did not emphasize this data source, we cannot safely conclude that narratives are more

effective.

the larger overall number of visits to the registration page. We rely on the SalesHandy data

for the primary results, given the pre-registered plan, but present the Eventbrite data as a

helpful addition.
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5.3 Engagement by Legislative Prior Experience and Capacity

Finally, we consider whether certain legislative characteristics moderate the effectiveness

of policy entrepreneur influence strategies. We hypothesized as per the Prior Experience

Hypothesis that legislators with less prior experience in AI policy would be especially in need

of expert information to advance their ability to work effectively in this policy domain. As

a proxy for legislator experience with AI policy, we use data from the National Conference

of State Legislatures (NCSL) indicating the number of proposed and/or passed pieces of

legislation in each state between 2019 and 2021.27 We binarize these count data such that

the top 50% of states are considered to have high prior experience with AI policy, and

the rest low experience. This essentially divides states into those who have considered or

passed at least one piece of AI legislation, and those who have not. Note that this means

the experience variable is measured at the state level, and is thus only a rough proxy for

individual legislator experience.

Table 5 reports the results of interacting the expertise treatment with legislator prior AI

policymaking experience. The coefficient on the interaction term is positive and significant

(p < 0.01), indicating that policymakers in states with low AI experience are indeed more

likely to pursue expert information than policymakers in states with greater AI experience.

While these results comport with expectations, further exploration revealed an additional

surprising finding. Low-experience legislators were not only more likely to engage with

expertise; they were also more likely to engage with narratives (p < 0.01). Figure 3 displays

the heterogeneous effects of both policy entrepreneur strategies for low versus high experience

legislators. Compared to high experience legislators, low experience legislators were 10.3

percentage points more likely to take action in response to expert information, but also 12.1

percentage points more likely to take action upon receipt of a narrative about AI policy.

27. This time period is appropriate given the relative recency of AI policy efforts at the

state level.
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Legislator Engagement

Expertise 0.040
(0.029)

Low AI Experience −0.052∗∗∗

(0.014)
Expertise x Low AI Experience 0.103∗∗∗

(0.038)

Note ∗p < 0.1; ∗∗p < 0.05; ∗∗∗p < 0.01
With robust SEs, including covariates
Full covariate information included as Table A9 in SI Section A4

Table 5: Impact of prior AI experience on engagement with expertise

Figure 3: Impacts of prior AI experience on engagement with expertise and narratives

Full covariate information included as Tables A9 and A10 in SI Section A4

Relatedly, we explored whether legislative professionalism (or capacity), measured using

the adjusted Squire Index, moderates the effectiveness of policy entrepreneur strategies.
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Figure 4 displays the heterogeneous effects as ITTs and suggests that legislative capacity

is also associated with increased engagement with AI policy. Yet, while capacity seems to

drive increased engagement with narratives (10.5 percentage point increase) and expertise

(12.1 percentage point increase), the effects are not statistically distinguishable from control

(p-value for expertise = 0.17; p-value for narratives = 0.24).28

Figure 4: Relationship between legislative capacity and influence strategy effectiveness

Full covariate information included as Table A11 in SI Section A4

The additional exploratory findings provide helpful context for evaluating potential policy en-

trepreneur influence efforts. Higher-capacity legislatures are unsurprisingly better positioned

to engage with policy entrepreneurs and to be responsive to information about critical policy

issues (though we cannot conclude statistically that the expertise and narrative strategies

28. The power analyses in SI Section A5 suggest reduced power to estimate interactive

treatment effects such as these.
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are differentially effective for these policymakers compared to more generic outreach). More

strikingly, legislators in states with little prior AI policy work are especially likely to engage

with policy entrepreneurs, and they are receptive to both expert information and narrative

strategies. In sum, the results support a surprising and consistent pattern: Narratives appear

at least as influential as expert information, even for an especially complex and technical

policy domain.

6 Discussion and Conclusion

Highly technical, complex policy domains have typically been expert-dominated spaces. This

is true nowhere if not with respect to AI policy. Actors in the public, private, and non-

governmental sectors — in the United States and globally — have urgently called for expert

information, training of more STEM researchers and PhDs, and capacity-building in gov-

ernment. Yet despite the seeming ubiquity of the expert orientation in AI policy, we find

that persuasive narratives are at least as effective in engaging state legislators as they work

to formulate the early AI agenda.

The findings demonstrate that, while the provision of expert information by policy en-

trepreneurs remains influential, the provision of narratives was at least as likely to gain

policymaker attention. Legislators were about 30 percent more likely to seek out additional

information when they received either expert information or a persuasive narrative. More-

over, this pattern of influence does not appear to be isolated to narrow aspects of AI, such

as only applying to issue frames that emphasize social and ethical harms. Indeed, whether

policy entrepreneurs emphasized social and ethical dimensions of AI, or implications related

to economic and technological competitiveness, narratives remained equally influential. Fur-

ther and surprisingly, despite the traditional association of science and technology policy with

high-level concerns surrounding economic growth and innovation, an issue frame promoting

ethical consideration was at least as engaging as an economic-style frame.
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A limitation of the study and common challenge with domain-specific research is the extent to

which these results might extend to other policy domains. The findings could in part reflect

esoteric aspects of AI policy and the specific advocacy activities examined here, or they could

reflect general features of policymaker attention to facts, stories, and contending issue frames.

Relatedly, as the partner organization is relatively new and small, whether treatment effects

differ for other types of policy entrepreneurs, such as larger or more established organizations

or those with an actual or perceived ideological slant, should be a topic of future study.

Furthermore, an important open question concerns the extent to which initial policymaker

engagement translates to long-term agenda-setting influence and policy change. That ap-

proximately a thousand legislators took the costly action of clicking on links to additional

resources suggests the potential for influence is more than minimal, and more than 75% of

webinar attendees were legislators rather than staffers. An additional, if anecdotal, indi-

cation of more lasting influence is that the study resulted in the authors being contacted

by legislators in more than one state to advise on the adoption of AI systems within state

government and to assist with writing AI legislation. Moreover, we administered a survey

to all state legislators approximately two months after the experiment, asking about their

attitudes on AI policy. While the sample size is modest, we found that legislators assigned

to the expertise and narrative treatment groups, compared to control, were more likely to

express alignment with their treatment issue frames, indicating that the treatment effects

may have persisted and impacted policy preferences and anticipated regulatory behavior.29

Along these lines, further research should be devoted to exploring the pathways through

which initial contact between policy entrepreneurs and policymakers leads to downstream

legislative consequences (e.g., bill introduction and voting).

One ambition of policy scholarship is to provide actionable insights to guide policy actors

(Anderson, DeLeo, and Taylor 2020). We find here that policy entrepreneurs, in this case

29. See SI Section A7 for some results.
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a non-partisan civil society organization, can make effective use of both expert information

and narratives in their influence and advocacy efforts. Further, the results suggest that

legislators in states without much prior policy experience are especially inclined to seek

out expert information and narratives. Future work is needed to better understand why

policymakers seek out these narratives, and which features of the narratives are appealing.

It may be that policymakers are drawn to narratives as a way of developing their own

messaging for political deliberation and constituent communications. It may also be that

policymakers are directly persuaded by narratives much in the way that members of the

public are. The results do caution that legislators in less professionalized legislatures may

struggle with limited capacity to engage with policy entrepreneurs, meaning that expanded

efforts are needed to reach, and understand the needs of, these legislative bodies, an ongoing

problem in state-level policymaking (Fortunato and Parinandi 2022).

More broadly, this study helps to realize ambitions in policy scholarship to unpack the

‘black box’ common in complex policy processes, to integrate NPF theory with agenda-

setting dynamics, and to rigorously measure and compare the effectiveness of different policy

entrepreneur influence strategies (McBeth and Lybecker 2018; Petridou and Mintrom 2021).

In particular, this study demonstrates that narratives can be successfully applied to better

understand policy entrepreneurship in the context of agenda-setting, and play a meaningful

role even for the highly technical and complex domain of AI policy. Indeed, the complexity,

uncertainty, and ambiguity associated with AI policy may help to explain why policymakers

appear susceptible to diverse influence strategies and framing efforts despite an ostensible

need for ‘hard’ evidence. Finally, while much of the literature on narratives focuses on their

use in media or to influence the public, this study demonstrates that narratives can also be

used by policy entrepreneurs to influence policymakers. Just as narratives can support the

translation of policy conditions into problems in the eye of the public, so too can they shape

the perspectives of policymakers who are wrestling with contested visions around policy

agendas.
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Knagg̊ard, Åsa. 2014. “What do policy-makers do with scientific uncertainty? The incre-

mental character of Swedish climate change policy-making.” Policy Studies 35, no. 1

(January 2, 2014): 22–39. https://doi.org/10.1080/01442872.2013.804175.

. 2015. “The Multiple Streams Framework and the problem broker.” European Journal

of Political Research 54 (3): 450–465. https://doi.org/10.1111/1475-6765.12097.

McBeth, Mark K., Michael D. Jones, and Elizabeth A. Shanahan. 2014. “The narrative

policy framework.” In Theories of the policy process, 3rd ed., edited by Paul A. Sabatier

and Christopher M. Weible, 225–266. Boulder, CO: Westview Press. https://doi.org/

10.4324/9780429494284-14.

McBeth, Mark K., and Donna L. Lybecker. 2018. “The narrative policy framework, agendas,

and sanctuary cities: the construction of a public problem.” Policy Studies Journal 46

(4): 868–893. https://doi.org/10.1111/psj.12274.

Mcbeth, Mark K., and Elizabeth A. Shanahan. 2004. “Public opinion for sale: the role

of policy marketers in greater yellowstone policy conflict.” Policy Sciences 37, no. 3

(December 1, 2004): 319–338. https://doi.org/10.1007/s11077-005-8876-4.

34

https://doi.org/10.1017/S002238160809018X
https://doi.org/10.1111/psj.12115
https://doi.org/10.1111/psj.12115
https://doi.org/10.1080/01442872.2013.804175
https://doi.org/10.1111/1475-6765.12097
https://doi.org/10.4324/9780429494284-14
https://doi.org/10.4324/9780429494284-14
https://doi.org/10.1111/psj.12274
https://doi.org/10.1007/s11077-005-8876-4


McBeth, Mark K., Elizabeth A. Shanahan, Ruth J. Arnell, and Paul L. Hathaway. 2007.

“The intersection of narrative policy analysis and policy change theory.” Policy Studies

Journal 35 (1): 87–108. https://doi.org/10.1111/j.1541-0072.2007.00208.x.

McClendon, Gwyneth H. 2014. “Social esteem and participation in contentious politics: a

field experiment at an LGBT pride rally.” American Journal of Political Science 58 (2):

279–290. https://doi.org/10.1111/ajps.12076.

Mcentire, Kyla Jo, Michele Leiby, and Matthew Krain. 2015. “Human rights organizations

as agents of change: an experimental examination of framing and micromobilization.”

American Political Science Review 109, no. 3 (August): 407–426. https://doi.org/10.

1017/S0003055415000295.

McGann, James. 2020. 2019 Global Go To Think Tank Index report. Philadelphia, PA: Think

Tanks and Civil Societies Program, June 18, 2020. https : // repository .upenn . edu/

think tanks/17.

Michaels, Sarah. 2009. “Matching knowledge brokering strategies to environmental policy

problems and settings.” Environmental Science & Policy 12, no. 7 (November 1, 2009):

994–1011. https://doi.org/10.1016/j.envsci.2009.05.002.

Minkkinen, Matti, Markus Philipp Zimmer, and Matti Mäntymäki. 2022. “Co-shaping an
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A1 Additional Information about Sample and Study Design

A1.1 Benefits of an Experiment

An experiment offers several advantages over other methods used for studying policy entrepreneur-

policymaker relationships. First, policy entrepreneur-policymaker engagement patterns, in-

cluding the kinds of influence strategies and issue frames deployed and their subsequent

effectiveness, may be endogenously determined. That is, policymakers may actively solicit

information from, and be targeted by, certain policy entrepreneurs because of a policymaker’s

prior expertise and engagement with a policy issue.30 As such, policymaker responsiveness

to policy entrepreneur influence efforts may reflect self-selection (as a function of prior expe-

riences, ideology, and institutional roles) rather than solely the effectiveness of the influence

strategy itself (Bennett and Iyengar 2010), making causal identification difficult. An experi-

mental design helps to avoid this problem (Druckman, Fein, and Leeper 2012) by randomly

assigning policymakers to different influence strategies, enabling valid comparisons of the

effects of different influence strategies across groups of policymakers who are, on average,

similar across both observable and unobservable characteristics (and thus equally likely to

self-select into different messages).

Second, policy entrepreneurs may employ multiple influence methods concurrently (e.g., in-

person meetings versus public persuasion efforts), making it difficult to distinguish which

if any are effective in a broader influence campaign. Identifying a particular type of policy

entrepreneur contact (i.e., email communication) allows us to isolate effects for this channel

with confidence. Third, and importantly, while previous studies have used online surveys of

state legislators to study agenda-setting influence, a field experiment also offers the bene-

30. For example, while it may be possible to examine observationally and descriptively

which policy entrepreneurs submit comments in response to government requests, testify

at hearings, or meet with policymakers, it is difficult to disentangle why these influence

pathways were opened and whether they are effective.
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fit of heightened external validity by ensuring that the treatments, context, and outcomes

accurately reflect real-world dynamics of interest (Gerber and Green 2012). Finally, the

use of narratives juxtaposed with facts in the experimental design may itself constitute an

innovation, and one necessary for empirically measuring and comparing the effectiveness of

key policy entrepreneur influence strategies as called for by Petridou and Mintrom (2021).

As Haaland, Roth, and Wohlfart (2021, 17) argue in a recent review, “experiments system-

atically studying the role of stories, anecdotal evidence and narratives are still very scarce,

and...a fruitful area for future research.”

A1.2 Study Sample

Table A1 presents key descriptive statistics about the full sample, including all legislators

contacted through the experiment.

Gender
Male 0.69 (0.46)
Female 0.31 (0.46)

Party
Democrat 0.45 (0.50)
Independent 0.01 (0.10)
Republican 0.54 (0.50)

Tenure
0-1 year 0.21 (0.41)
2-5 years 0.39 (0.49)
6-10 years 0.25 (0.43)
11-20 years 0.10 (0.30)
20+ years 0.05 (0.23)

Chamber
Lower Chamber 0.73 (0.44)
Upper Chamber 0.27 (0.44)

Note: n = 7, 355. Proportions with standard deviations in parentheses.

Table A1: Descriptive statistics for state legislator sample

Of the total of 7,383 state legislative seats, according to the National Conference on State

Legislators, we are able to identify 7,358 individuals with associated email addresses (99.7%).

For the 25 remaining legislators, approximately 15 of the seats were vacant at the time of
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data collection, while around 10 did not have publicly-available email addresses. In addition,

we exclude two Oklahoma legislators who were mistakenly associated with the same email

address and one Illinois legislator who was mistakenly associated with a colleague’s email

address. Note that regular resignations, retirements, and special elections mean the sample

was likely not fully up-to-date at the time of administration.

A1.3 Study Administration and Ethics

Emails were sent through the partner organization’s email service (Google Suite) using a

third party platform, Saleshandy, to track email open rates and link clicks. Given daily

email rate limits and to successfully deliver more emails to primary inboxes, we sent out

emails over several weeks. After block randomizing state legislators into treatment groups,

we further randomized the state legislators within blocks to receive their treatment emails on

specific days and at specific times. We sent out two follow-up emails (one 10 days after the

initial email and another 5 days after the first follow-up email) to individuals that had not

opened the email, in order to increase response rates. After all reminders were sent, 48.4%

of the 7,355 legislators emailed opened the email (increasing to 50.0% amongst legislators

for whom the email did not bounce), exceeding typical open rates of around 29% for email

campaigns in the government sector.31

In addition to the ethical considerations discussed in the main paper, we also devoted atten-

tion to the ethical implications of the study’s use of a frame invoking technological competi-

tion between the United States and China. While this frame undoubtedly accurately reflects

prominent policymaker AI discourse, we worked with the partner organization to minimize

possible harms related to the promotion of an ‘AI arms race’ (Zwetsloot et al. 2018; Ulnicane

2022), including by modifying language and presenting balanced content in the additional

31. Source: 2019 Mailchimp email benchmarks available at

https://mailchimp.com/resources/email-marketing-benchmarks.
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resources and webinar.

A1.4 Partner Organization

One potential source of concern in evaluating the treatment effects identified in the study

is that state legislators could have perceived a certain political leaning of the organization

in general or with respect to some of the treatments. However, the partner organization

is only a few years old and not yet familiar to state-level legislators (e.g., at the initiation

of our study, the organization followed no U.S. state legislators on Twitter and vice versa).

Further the organization works on issues related to diverse aspects of AI (e.g., both ethics-

related and innovation-related concerns), and this nonpartisan approach to AI policy is also

reflective of common bipartisan priorities in federal and state legislative discourse. Of note,

we find that Democrats and Republicans are equally likely to engage with emails from the

partner organization across issue frames, suggesting they don’t perceive the organization to

be especially partisan.

A2 Covariates, Block Randomization, and Balance

A2.1 Covariates

We make use of the following demographic covariates as part of the covariate-adjusted re-

gression strategy: legislator gender, party, tenure, and chamber, as well as each state’s prior

experience with AI policy and legislature professionalism. The covariates are coded as fol-

lows:

• Legislator party is coded as a factor variable with three levels: Democrat, Independent,
and Republican.

• Legislator chamber is coded as a binary variable with two levels: upper and lower (e.g.,
Senate and House).

• Legislator gender is coded as a binary variable with male and female as the two levels.

• Legislator tenure is coded as a count variable based on the number of years served
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consecutively in the current role.

• Prior experience of legislators with AI policy is coded as a state-level count variable.
This variable is constructed by counting the number of proposed and/or passed pieces
of legislation in the state since 2019 that address AI according to the NCSL.32

• State legislator professionalism is coded as a numeric variable based on the adjusted
Squire Index (Squire 1992).

A2.2 Block Randomization Strategy

Block randomization has several benefits. It ensures balance across key covariates, avoiding

the possibility of aberrant randomizations and allowing for simple estimation of subgroup

effects. More importantly, to the extent that the blocking variables are correlated with

outcomes, blocking decreases variance, effectively increasing power.

However, as blocks vary by size, the probability of treatment assignment varies slightly by

block, which must be accounted for in the analysis strategy. Our approach, following the

recommendations of the Green Lab SOP, is to control for the covariates used to make the

blocks. (However, in a deviation from our pre-analysis plan, we do not include state as a

covariate, as it is highly colinear with other state-level variables of interest.) This is preferable

to controlling for blocks directly, as doing so would lead to dropping observations for small

blocks (e.g., n < 6), potentially inducing bias and removing many degrees of freedom without

improving precision significantly. Importantly, we nonetheless find consistent results when

we include states and/or blocks directly as covariates in the regression models and when we

instead calculate block-weighted average treatment effects

32. For the analysis related to prior AI policy experience, we binarize this variable so that

the top 50% of states by this count are identified as having high prior experience and the

rest as low experience. This roughly divides states into those who have considered at least

one piece of AI legislation and those that have not.
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A2.3 Covariate Balance

To assess covariate balance, we perform F -tests of global significance by regressing binary

treatment group indicator variables for the components of the factorial design on the specified

covariates and extract the F-statistic and associated p-value from each regression. With p-

values of 0.18 (control vs. not), 0.91 (narrative vs. not), 0.88 (expertise vs. not), and 0.97

(ethics vs. competition), we find that none of the covariates predict treatment. Results

in Table A2 indicate that there is very strong covariate balance across all six treatment

groups.

Variable Control Comp. Control Ethics Exp. Comp Exp. Ethics Narr. Comp Narr. Ethics
Democrat 0.46 0.45 0.45 0.46 0.45 0.45
Independent 0.01 0.01 0.01 0.01 0.01 0.01
Republican 0.53 0.54 0.54 0.53 0.54 0.54
Lower 0.73 0.74 0.74 0.74 0.74 0.73
Upper 0.27 0.26 0.26 0.26 0.26 0.27
Female 0.33 0.33 0.32 0.28 0.29 0.30
Male 0.67 0.67 0.68 0.72 0.71 0.70
Tenure 6.26 6.05 6.06 5.94 6.06 6.05
Prior Legislation 2.36 2.35 2.35 2.36 2.29 2.31
Squire 0.23 0.23 0.23 0.23 0.22 0.23

Table A2: Balance Table

A3 ITT Results for Policy Entrepreneur Effectiveness Hypothesis

Table A3 reproduces main Table 2 but using ITTs instead of CACEs. Table A4 presents

ITT results for additional outcomes evaluated in the study. The outcomes include: clicked

on resource, clicked on webinar link, replied to email, attended webinar, binary engagement

measure, and count engagement measure.

A4 Complete Tables with Covariates

Appendix A4 provides full tables with covariate information corresponding to the figures

and tables in the main paper body.

Table A5 provides complete covariate data corresponding to Table 2 in the main paper.
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Legislator Engagement (Binary Measure)

(1) (2)

Either Strategy 0.047∗∗∗

(0.008)
Expertise 0.045∗∗∗

(0.010)
Narrative 0.048∗∗∗

(0.010)
N 7,205 7,205
R2 0.036 0.036
F Statistic 33.561∗∗∗ (df = 8; 7196) 29.838∗∗∗ (df = 9; 7195)

Note: ∗p < 0.1; ∗∗p < 0.05; ∗∗∗p < 0.01. With robust SEs, including covariates.

Table A3: ITT results: Impact of policy entrepreneur strategies on legislator engagement

Resource Webinar Replied Attended Binary Count

(1) (2) (3) (4) (5) (6)

Expertise 0.046∗∗∗ 0.007 0.001 0.001 0.045∗∗∗ 0.055∗∗∗

(0.009) (0.009) (0.001) (0.001) (0.010) (0.017)
Narrative 0.049∗∗∗ 0.005 0.00004 0.001 0.048∗∗∗ 0.056∗∗∗

(0.009) (0.009) (0.001) (0.001) (0.010) (0.017)
N 7,205 7,205 7,205 7,205 7,205 7,205
R2 0.037 0.019 0.001 0.002 0.036 0.029
F Statistic (df = 9; 7195) 30.896∗∗∗ 15.274∗∗∗ 0.757 1.805∗ 29.838∗∗∗ 23.996∗∗∗

Note: ∗p < 0.1; ∗∗p < 0.05; ∗∗∗p < 0.01. With robust SEs, including covariates.

Table A4: ITT results: Alternative outcome measures
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Legislator Engagement

(1) (2) (3)

Either Strategy 0.096∗∗∗

(0.016)
Expertise 0.092∗∗∗

(0.019)
Narrative 0.100∗∗∗

(0.019)
Party: Independent −0.168∗∗∗ −0.141∗∗∗ −0.155∗∗∗

(0.019) (0.025) (0.026)
Party: Republican −0.052∗∗∗ −0.041∗∗∗ −0.053∗∗∗

(0.009) (0.011) (0.011)
Upper Chamber 0.003 0.007 0.005

(0.009) (0.011) (0.011)
Male −0.001 −0.005 0.003

(0.009) (0.011) (0.011)
Tenure 0.002∗∗∗ 0.002∗∗ 0.001∗

(0.001) (0.001) (0.001)
Prior Legislation −0.008∗∗∗ −0.005∗∗∗ −0.007∗∗∗

(0.001) (0.002) (0.002)
Adjusted Squire Index 0.544∗∗∗ 0.478∗∗∗ 0.506∗∗∗

(0.048) (0.058) (0.057)
Constant 0.024∗ 0.029∗∗ 0.029∗∗

(0.012) (0.014) (0.014)
N 7,205 7,205 7,205
Robust SEs Yes Yes Yes

Note: ∗p < 0.1; ∗∗p < 0.05; ∗∗∗p < 0.01

Table A5: Impact of policy entrepreneur strategies on legislator engagement
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Along with Table A5, Tables A6 to A8 correspond to the four models presented in the

coefficient plot as main Figure 2.

Legislator Engagement

(1) (2) (3)

Either Strategy 0.095∗∗∗

(0.017)
Expertise 0.090∗∗∗

(0.019)
Narrative 0.100∗∗∗

(0.020)
Constant 0.109∗∗∗ 0.109∗∗∗ 0.109∗∗∗

(0.006) (0.006) (0.006)
N 7,205 7,205 7,205
Robust SEs Yes Yes Yes

Note: ∗p < 0.1; ∗∗p < 0.05; ∗∗∗p < 0.01

Table A6: Impact of PE strategies on legislator engagement: Covariate unadjusted
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Legislator Engagement

(1) (2) (3)

Either Strategy 0.091∗∗∗

(0.017)
Expertise 0.086∗∗∗

(0.020)
Narrative 0.097∗∗∗

(0.020)
Party: Independent −0.177∗∗∗ −0.152∗∗∗ −0.163∗∗∗

(0.019) (0.025) (0.026)
Party: Republican −0.039∗∗∗ −0.030∗∗∗ −0.039∗∗∗

(0.009) (0.011) (0.011)
Upper Chamber 0.009 0.012 0.011

(0.009) (0.011) (0.011)
Male −0.002 −0.005 0.0003

(0.009) (0.011) (0.011)
Tenure 0.003∗∗∗ 0.003∗∗∗ 0.003∗∗∗

(0.001) (0.001) (0.001)
Prior Legislation −0.008∗∗∗ −0.005∗∗∗ −0.006∗∗∗

(0.001) (0.002) (0.002)
Adjusted Squire Index 0.447∗∗∗ 0.380∗∗∗ 0.405∗∗∗

(0.049) (0.059) (0.058)
Constant 0.049∗∗∗ 0.056∗∗∗ 0.054∗∗∗

(0.013) (0.015) (0.015)
N 7,355 7,355 7,355
Robust SEs Yes Yes Yes

Note: ∗p < 0.1; ∗∗p < 0.05; ∗∗∗p < 0.01

Table A7: Impact of PE strategies on legislator engagement: Including Indiana
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Legislator Engagement

(1) (2) (3)

Either Strategy 0.114∗∗∗

(0.019)
Expertise 0.103∗∗∗

(0.022)
Narrative 0.125∗∗∗

(0.022)
Party: Independent −0.144∗∗∗ −0.127∗∗∗ −0.167∗∗∗

(0.019) (0.018) (0.024)
Party: Republican −0.040∗∗∗ −0.028∗∗ −0.044∗∗∗

(0.010) (0.012) (0.012)
Upper Chamber −0.015 −0.008 −0.017

(0.010) (0.013) (0.013)
Male 0.007 −0.003 0.015

(0.010) (0.012) (0.012)
Tenure 0.001∗ 0.001 0.0004

(0.001) (0.001) (0.001)
Prior Legislation −0.004∗∗∗ −0.001 −0.003∗

(0.001) (0.002) (0.002)
Adjusted Squire Index 0.711∗∗∗ 0.649∗∗∗ 0.672∗∗∗

(0.053) (0.064) (0.063)
Constant −0.037∗∗∗ −0.028∗ −0.029∗

(0.013) (0.015) (0.015)
N 5,267 5,267 5,267
Robust SEs Yes Yes Yes

Note: ∗p < 0.1; ∗∗p < 0.05; ∗∗∗p < 0.01

Table A8: Impact of PE strategies on legislator engagement: Excluding suspects
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Tables A9 and A10 provides complete covariate data corresponding to Table 5 and Figure 3

in the main paper.

Legislator Engagement

Expertise 0.040
(0.029)

Low AI Experience −0.052∗∗∗

(0.014)
Party: Independent −0.131∗∗∗

(0.027)
Party: Republican −0.033∗∗∗

(0.010)
Upper Chamber 0.006

(0.011)
Male −0.009

(0.011)
Tenure 0.001∗

(0.001)
Adjusted Squire Index 0.308∗∗∗

(0.046)
Expertise x Low AI Experience 0.103∗∗∗

(0.038)
Constant 0.083∗∗∗

N 7,205
Robust SEs Yes

Note ∗p < 0.1; ∗∗p < 0.05; ∗∗∗p < 0.01

Table A9: Impact of prior AI experience on engagement with expertise
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Legislator Engagement

Narrative 0.037
(0.031)

Low AI Experience −0.049∗∗∗

(0.014)
Party: Independent −0.145∗∗∗

(0.027)
Party: Republican −0.044∗∗∗

(0.010)
Upper Chamber 0.003

(0.011)
Male 0.0004

(0.011)
Tenure 0.001

(0.001)
Adjusted Squire Index 0.314∗∗∗

(0.046)
Narrative x Low AI Experience 0.121∗∗∗

(0.039)
Constant 0.083∗∗∗

(0.018)
N 7,205
Robust SEs Yes

Note ∗p < 0.1; ∗∗p < 0.05; ∗∗∗p < 0.01

Table A10: Impact of prior AI experience on engagement with narratives
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Table A11 provides complete covariate data corresponding to Figure 4 in the main pa-

per.

Legislator Engagement

Expertise 0.018
(0.019)

Narrative 0.024
(0.019)

Adjusted Squire Index 0.496∗∗∗

(0.063)
Party: Independent −0.164∗∗∗

(0.018)
Party: Republican −0.055∗∗∗

(0.009)
Upper Chamber 0.003

(0.009)
Male −0.002

(0.009)
Tenure 0.002∗∗∗

(0.001)
Prior Legislation −0.008∗∗∗

(0.001)
Expertise x Squire 0.121

(0.086)
Narrative x Squire 0.105

(0.086)
Constant 0.037∗∗

(0.015)
N 7,205
Robust SEs Yes

∗p < .1; ∗∗p < .05; ∗∗∗p < .01

Table A11: Relationship between legislative capacity and influence strategy effectiveness
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A5 Power Analysis

To assess whether the study is sufficiently powered to detect significant effects for the Policy

Entrepreneur Effectiveness Hypothesis, for which there are three treatment/control groups,

we performed simulations of the 2SLS IV analysis. To do this, we used hypothesized treat-

ment effects along a range of possible compliance rates, given a fixed original sample size of

7,355. The outcome of interest was any of the binary measures, such as clicking on a link.

Significance and power were determined at the standard 5% and 80% levels, using two-sided

p-values to be conservative. Compliance rates ranging from 5% to 75% were assessed. We

assumed that the proportion of individuals who clicked on a link (or registered for the webi-

nar and so on) would be 10% in the control group, and performed 250 simulations for four

scenarios each, assuming that the expertise or narrative treatments would lead to increased

click rates of 2.5, 5.0, 7.5, and 10 percentage points, respectively. (Note that these corre-

spond to standardized effect sizes of 0.08, 0.17, 0.25, and 0.33 standard deviations given the

standard deviation of the control group.)

According to industry-level metrics provided by Mailchimp, click-to-open rates (i.e., clicking

on a link conditional on opening an email) range from between 8.5% for retail to 22.4% for

government and politics, while email open rates range from around 12.6% for retail to 26.7%

for government and politics messages. Further, given that the population is state legislators

rather than the general public, compliance rates from prior studies are also instructive.

Fisher and Herrick (2013) found that 11.5% of state legislators responded to a survey, Butler,

Karpowitz, and Pope (2012) found that 19% of state legislators responded to a letter asking

about policy positions, and Anderson, DeLeo, and Taylor (2020) found that 6% of state

legislators started and 4% completed a survey. Given that the tasks involved in this study

include both low-effort tasks (clicking on a link) and high-effort tasks (attending a webinar),

click rates in the range of 5% to 20% were deemed reasonable. Thus, baseline click rates

of around 10-20%, and increases resulting from treatments on the order of a few percentage
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Figure A1: Power to detect treatment effects for main hypothesis by compliance rate

points to perhaps 10 percentage points, were deemed reasonable estimates.

Figure A1 indicates that the study is sufficiently powered if either the compliance rate (∼

35% email open rate or more) or effect size (∼ 5 percentage point increase or more) is

relatively high, but not if both are low. Further, the research design has more power for

estimands that involve only two treatment groups, such as the Issue Framing Hypothesis,

but likely lacks sufficient power for exploratory estimands that require additional subsetting,

such as the Strategies by Issue Framing Hypothesis.

To improve power through the research design, we designed the email messages to strengthen

treatment effects, e.g., using professional aesthetics and the partner organization logo to in-

crease credibility. We also strategically prepared and scheduled emails through the email

management platform to minimize the number of messages that go to spam folders (for
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example, by “warming up” the account, avoiding spam buzzwords, and associating the or-

ganization domain name with the emails).

A6 Email Template and Treatment Wordings

A6.1 Email Sent to State Legislators

From: [omitted]@thefuturesociety.org

To: [Legislator’s E-mail Address]

Subject: Artificial Intelligence - What to Know as a Legislator in [State]

Dear [Representative/Senator] [Last Name],

We at The Future Society are reaching out to you today [about / to share a compelling story about

/ to provide a useful fact sheet about] the important [social and ethical / economic and

technological leadership] implications of artificial intelligence (AI) and to invite you

to a webinar on what you need to know about AI as a state legislator. We believe that state

legislators such as yourself have an important role to play in shaping [state’s] response to these

critical [social and ethical / economic and technological leadership] issues.

[Control or Treatment paragraphs: See Table A12]

How can The Future Society support you?

• RSVP for our webinar on Monday, December 13 at 2PM ET / 11AM PT on what you
need to know about AI as a state legislator, with speakers from The Future Society, [omitted],
and the National Conference of State Legislatures.

• Share your thoughts: What is the top concern or hope you have about AI policy? Let us
know in a reply to this email and we’ll try to address your comments in our webinar!

Thank you for your time and consideration of these important issues,

The Future Society
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[Logo]

A6.2 Treatment and Control Group Wordings

Ethics Competition
Control The Future Society is an independent 501(c)(3)

nonprofit think-and-do tank. We’ve engaged over
6,000 senior decision-makers in over 100 coun-
tries. We build understanding of AI and its
impact, we build bridges between relevant con-
stituents, and we build innovative solutions to
help communities and people all over the world
enjoy the benefits of AI and avoid its risks. Incor-
porated since 2016 and funded through a diverse
community of donors, we provide an independent
and nuanced perspective on the governance of AI.
For more about our work, please visit our web-
site.

The Future Society is an independent 501(c)(3)
nonprofit think-and-do tank. We’ve engaged over
6,000 senior decision-makers in over 100 coun-
tries. We build understanding of AI and its
impact, we build bridges between relevant con-
stituents, and we build innovative solutions to
help communities and people all over the world
enjoy the benefits of AI and avoid its risks. Incor-
porated since 2016 and funded through a diverse
community of donors, we provide an independent
and nuanced perspective on the governance of AI.
For more about our work, please visit our web-
site.

Expertise As one of the most prominent applications of
AI, facial recognition systems depend on ma-
chine learning (ML) models that are often opaque
“black boxes” and may be trained on real-world
data that can reflect discriminatory biases. It is
critical to understand how different approaches
to bias and fairness in AI systems such as fa-
cial recognition technology can inform law and
regulation surrounding AI. To learn more about
current research and what policymakers can do
about the social and ethical implications of AI,
please see our fact sheet.

As one of the most powerful general purpose tech-
nologies of the 21st century, AI is a key strategic
factor in economic growth and innovation pol-
icy. Support for public and private sector R&D,
STEM education, and SMEs all contribute to
AI competitiveness. The United States currently
leads in private sector AI R&D, venture capital,
and talent, while China has more AI research
publications and supercomputers and generates
more data overall. To learn more about current
research and what policymakers can do about the
economic and technological leadership implica-
tions of AI, please see our fact sheet.

Narrative When Robert Julian-Borchak Williams went to
work in his office at an automotive supply com-
pany in Detroit, he had no idea he would be
handcuffed and arrested later that day in front
of his wife and two young daughters. That day,
Robert became one of the first Americans wrong-
fully arrested because of a false match of a facial
recognition algorithm, an example of how faulty
or misused AI algorithms can go awry. To hear
more about how AI went wrong in this case and
what policymakers can do about the social and
ethical implications of AI, please read more about
Robert’s story.

Few could have predicted that when Google’s AI
program AlphaGo defeated Chinese Go cham-
pion Ke Jie in 2017, it would spur a Sputnik-like
technological competition between the United
States and China. Soon after, Chinese Pres-
ident Xi Jinping stated that China must “en-
sure that critical and core AI technologies are
firmly grasped in our own hands.” In response,
U.S. President Joe Biden has said that “we’re
in competition with China and other countries
to win the 21st Century.” To hear more about
the AI race and what policymakers can do about
the economic and technological leadership impli-
cations of AI, please read more about the story
behind the AI race.

Table A12: Treatment wordings in second paragraph of email experiment
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A6.3 Construction of Control Wording

For the control group wordings, we drew inspiration from the following introductory components of

messages employed by a diverse group of advocacy/lobbying organizations as part of their federal

AI policy advocacy efforts:

American Medical Informatics Association (AMIA)

Health Informatics is the science of how to use data, information, and knowledge to improve hu-

man health, the delivery of health care services, and the execution of scientific research. AMIA is

the professional home for more than 5,500 informatics professionals, representing frontline clin-

icians, biomedical researchers, public health experts, and educators who bring meaning to data,

manage information, and generate new knowledge across the healthcare system and research en-

terprise. AMIA members advance health and wellness by implementing and evaluating informatics

interventions, innovations, and public policy across settings and patient populations, adding to our

collective understanding of health in the 21st century through peer-reviewed journals and scientific

meetings.

United States Council for International Business (USCIB)

USCIB is a U.S.-based business association composed of U.S. multinational companies, law firms,

and trade associations from every sector of the economy. Importantly, our membership includes a

cross-section of leading global companies in the information and communications technology (ICT)

sector as well as a diverse array of leader users of ICT technologies and emerging innovations,

such as Artificial Intelligence (AI). We appreciate the opportunity to offer both a cross-sectoral and

tech-informed perspective on proposed policies or regulations related to AI applications

The Trevor Project

The Trevor Project is the world’s largest suicide prevention and crisis intervention organization

for LGBTQ (lesbian, gay, bisexual, transgender, queer, and questioning) young people. We work

to save young lives by providing support through free and confidential suicide prevention and crisis
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intervention programs on platforms where young people spend their time: a 24/7 phone lifeline,

chat, text and soon-to-come integrations with social media platforms. In the last year alone, Trevor

has directly served over 100,000 calls/chats/texts from LGBTQ youth who’ve reached out for sup-

port.

The approach we take to our control group design, emphasizing the organization’s name and core

activities in the main paragraph, is similar the approach taken in another recent field experiment

of issue lobbying of state legislators. The vignette in the study by Wiener (2020) for the control

group begins as follows:

My name is [ORGANIZER NAME] and I am the Lead Organizer and Legislative Director with

Women Against Violence and Exploitation (WAVE) for [STATE]. WAVE works in communities

across [STATE] to promote increased protections for victims of sex trafficking in our state. We

would love the opportunity to meet with you to introduce our organization and share some of the

work we are doing locally.

A6.4 Construction of Treatment Wordings

For the expertise strategy employing the ethics frame, we adopt language from policy entrepreneur

comments about facial recognition (Saleh 2020) in response to a request for comments from the

Office of Management and Budget (2020) regarding key guidance for U.S. agencies about AI reg-

ulation, as well as language from advocacy statements in the U.S. and internationally put out by

Access Now (2021) and European Digital Rights (EDRi) (2021), collectively signed by a coalition of

over 175 civil society groups, also regarding facial recognition. For the expertise strategy employing

the competition frame, we adopt language from a report by the Center for Data Innovation about

international competition over AI (Castro and McLaughlin 2021).

For the narrative strategy employing the ethics frame, we rely on language in news articles (Hill

2020b, 2020a) and an advocacy statement by the ACLU (2021) and numerous other signatories

about the wrongful arrest of individuals because of facial recognition systems. For the narrative

strategy employing the competition frame, we rely on language in news articles (Vincent 2017)
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about how AlphaGo’s defeat of Chinese Go champion Ke Jie launched a “Sputnik-like” moment

for China.

Critically, the issue frames and arguments made in these documents are consistent with language

used by a wide range of policy entrepreneurs and other actors in different contexts.

A6.5 Fact Sheets and Stories

Fact sheets and stories used in treatments are available at the links below or by request [currently

anonymized for review purposes]:

• Expertise + Ethics: https://omitted.org/wp-content/uploads/2021/10/legislator-fact-sheet-
about-ai-ethics.pdf

• Narrative + Ethics: https://omitted.org/wp-content/uploads/2021/10/facial-recognition-
gone-awry.pdf

• Expertise + Competition: https://omitted.org/wp-content/uploads/2021/10/legislator-
fact-sheet-about-ai-innovation.pdf

• Narrative + Competition: https://omitted.org/wp-content/uploads/2021/10/race-for-
ai-leadership.pdf

A7 Follow-up Survey of Legislators

As part of related research, we administered a survey to all state legislators approximately

two months after the experiment, asking about their attitudes on AI policy. While the sample

size is modest, we found that legislators assigned to the expertise and narrative treatment

groups, compared to control, were more likely to express alignment with their treatment

issue frames, indicating that the treatment effects may have persisted and impacted policy

preferences and anticipated regulatory behavior.

For example, based on responses from around 100 surveytakers, legislators in the narrative

ethics and expertise ethics treatment groups, compared to those in the control ethics group,

were more likely to express agreement with the following statements: “Ensuring that the de-

velopment and use of AI respects key human rights and ethical values [is the higher priority]”
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(78-79% vs. 67%), that “AI’s social and ethical risks are a major concern; efforts to innovate

need to consider these issues more seriously” (73-89% vs. 72%), and that “Regulating the

development and use of AI is necessary to minimize social and ethical risks” (80-88% vs.

76%).
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