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ABSTRACT 

This study had two primary objectives: (1) to identify effective persuasive message 

strategies that reduce audience resistance stemming from distrust and preexisting biases, 

and (2) to examine the persuasive influence of author attribution. A between-subjects 

experiment (N = 1,435) employing a 2 (evidence type: demonstrative vs. testimonial) × 2 

(author attribution: AI vs. human) plus a control condition design, evaluated persuasive 

effectiveness regarding climate change impacts in Miami. Drawing on the concept of 

evidence transparency, the research distinguishes demonstrative evidence, characterized 

by high transparency and detailed explanations of scientific processes, from testimonial 

evidence, characterized by lower transparency and reliance primarily on expert authority. 

Results indicated that demonstrative evidence significantly increased message acceptance 

compared to testimonial evidence, although it did not similarly enhance policy support. 

Author attribution (AI vs. human) alone showed no direct persuasive effects. However, 

mediation analyses revealed underlying mechanisms. Specifically, demonstrative 

evidence primarily enhanced persuasion by reducing perceptions of threat to freedom. 

Additionally, while author attribution had no direct impact, human-attributed articles 

indirectly improved persuasive outcomes by enhancing perceived message credibility. 

Overall, these findings highlight that demonstrative evidence, emphasizing transparent 

and detailed explanations of scientific methodology, is recommended as an effective 

strategy to improve persuasive outcomes, particularly among audiences characterized by 

distrust and skepticism. 
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Chapter 1: Introduction 

Communication has been integral in the development of society, shaping 

relationships and addressing fundamental societal needs. A central function of civic 

communication involves proposing new ideas and fostering healthy debate, integrating 

diverse perspectives to reach optimal outcomes. Persuasion, as a core component of these 

communicative exchanges, critically determines which ideas ultimately gain acceptance. 

Consequently, persuasion has captured the attention of scholars and politicians alike, 

spanning from ancient Greek rhetoric to contemporary society. 

While advancements in communication have expanded opportunities for civic 

discourse, they have also introduced significant challenges. A particularly concerning 

contemporary trend is the public's rejection of objective, evidence-based information 

related to historical, legal, and scientific issues. For instance, some individuals in the 

Southern United States deny the historical reality that the Civil War was fundamentally 

fought over slavery, instead attributing its causes primarily to states' rights (Duggan, 

2018). Similarly, a minority but notable group of Americans continues to doubt 

scientifically established facts, such as human activity being the primary driver behind 

rising global temperatures (Leiserowitz et al., 2020). Such examples indicate that general 

persuasive strategies may not always function effectively. 

Persuasion often backfires, resulting in audiences strengthening their existing 

beliefs rather than updating them in the intended direction. This observation contrasts 

with traditional views in science communication, which suggest that rejection of 

scientific facts primarily stems from insufficient knowledge or limited exposure to 

accurate information (Bauer et al., 1994; Bauer et al., 2007). 
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Although pinpointing the exact cause of this resistance to factual information is 

complex, one significant factor is the role of identity-based predispositions in information 

processing. People often interpret new information in a manner consistent with their 

preexisting beliefs and group identities rather than objectively evaluating evidence (Kraft 

et al., 2015; Taber & Lodge, 2006). Thus, distrust toward specific sources, such as 

scientists or experts, can substantially reduce the persuasiveness of messages conveyed 

by those sources. 

In response to this resistance, scholars have explored various strategies aimed at 

counteracting psychological biases rooted in predispositions. One prominent theoretical 

approach involves activating an accuracy goal, a cognitive motivation encouraging 

individuals to thoroughly evaluate information objectively to reach the most accurate 

conclusion (Bolsen et al., 2014; Taber & Lodge, 2006). Research shows that activating an 

accuracy goal effectively mitigates biases across diverse societal issues (Bayes & 

Druckman, 2021). However, because this approach is inherently cognitive and 

motivational, it provides limited guidance regarding specific message characteristics that 

constitute effective persuasion. 

Another widely studied strategy emphasizes enhancing the quality or strength of 

persuasive arguments themselves. Guided by the Elaboration Likelihood Model (ELM), 

this research tradition suggests that strong arguments significantly improve persuasive 

effectiveness. However, argument quality within ELM remains broadly and subjectively 

defined as it relies heavily on audience perceptions rather than identifying concrete 

universally persuasive features (e.g., Petty & Cacioppo, 1986). Consequently, the precise 
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message characteristics that contribute to argument strength remain elusive, posing 

challenges for practical applications. 

To address this gap, the present study aims to identify and propose a measurable 

and operationalizable message characteristic of a strong argument that effectively 

enhances persuasive impact. Building upon existing research on argument quality, this 

study introduces evidence transparency as a critical component of effective persuasion 

categorized into demonstrative and testimonial evidence. Demonstrative evidence 

highlights transparency in how conclusions and findings are generated, unlike testimonial 

evidence which relies mainly on trusting expert conclusions. By explicating the distinct 

characteristics of these two evidence types, this study advocates for demonstrative 

evidence as a means to achieve effective persuasion, particularly in contexts involving 

politically polarized topics, where biases and misconceptions stemming from preexisting 

attitudes and beliefs often impede message acceptance. 

Furthermore, this study investigates the persuasive influence of AI-generated 

messages, an emerging area of interest within communication scholarship that has 

attracted significant academic attention (Dehnert & Mongeau, 2022; Hancock et al., 

2020; Sundar, 2020; Sundar & Lee, 2022). AI technology, encompassing applications 

such as virtual assistants, content recommendation algorithms, and automated text 

generation, has become increasingly prevalent as a persuasive agent capable of shaping 

audience perceptions, attitudes, and behaviors (Huang & Wang, 2023). The rapid rise and 

widespread popularity of advanced AI chatbots, particularly ChatGPT, underscores the 

importance and timeliness of examining AI's potential role in communication and 

persuasion. 
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In light of these developments, this research examines how attributing 

information to AI influences the persuasive effectiveness of messages related to climate 

change. Using a survey experimental design, the study investigates whether attributing 

messages to AI enhances or, conversely, reduces their persuasiveness. Existing scholarly 

debates provide competing perspectives regarding the persuasive potential of AI-

generated content. One perspective suggests AI-generated messages offer persuasive 

advantages by appearing neutral, objective, less biased by human preferences, and 

potentially more personalized (Salvi et al., 2024). Alternatively, other researchers argue 

that AI-generated messages may encounter inherent disadvantages arising from people's 

favoritism toward human-attributed content (Zhang & Gosline, 2023) or their general 

skepticism and aversion toward messages generated by AI. Moreover, some recent 

studies have found no significant difference in persuasiveness between AI- and human-

attributed messages. In this sense, comparing the persuasive impact of these two message 

attributions and exploring underlying mechanisms can provide greater clarity regarding 

this emerging communication dynamic. 

In summary, this study aims to develop effective communication strategies to 

counteract growing public skepticism toward factual and expert-provided information. 

The research addresses two primary questions. First, it examines how specific message 

characteristics, particularly demonstrative versus testimonial evidence, influence 

persuasive effectiveness by promoting transparency and reducing biases associated with 

preexisting beliefs. Second, the study investigates the persuasive impact of AI-authored 

information compared to human-authored messages to clarify whether attributing 

information to AI influences message acceptance. Given the increasing public familiarity 
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with generative AI and its growing role in shaping perceptions, understanding how AI 

attribution affects persuasiveness on polarized issues is both timely and critical. 
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Chapter 2: Literature Review 

Persuasion in an era of distrust 

The prevailing social climate is marked by pervasive distrust. Recent studies from 

the Pew Research Center (see Gottfried et al., 2020; Rainie & Perrin, 2019) have shown 

persistently low levels of public trust in institutions across various sectors, including 

government, elected officials, and the news media. While public trust in scientists serving 

the public interest has improved somewhat, skepticism regarding scientific integrity 

remains (Funk et al., 2019). Only a minority of Americans believe that scientists are 

transparent about conflicts of interest and take responsibility for their errors. Similarly, 

attitudes toward higher education institutions and professionals vary significantly, with 

Republicans, for example, holding notably negative views of colleges and professors 

(Fingerhut, 2017; Pew Research Center, 2017). Skepticism toward professors is even 

more disappointing because scientists in academia have put their effort into public 

engagement with the purpose of increasing public trust in scientific communities and 

helping the public to be well-informed about science (Rose et al., 2020). 

The prevailing distrust toward experts and accredited institutions responsible for 

testing and verifying information significantly undermines the public’s confidence in the 

information they generate. Consequently, this skepticism often leads to the outright 

rejection of such information. Furthermore, the issue of public distrust becomes more 

pronounced when considering an individual’s political, racial, or religious inclinations. 

Individuals tend to assess information not through logical reasoning within a message but 

rather guided by their preexisting beliefs and attitudes (Kunda, 1990). When motivated to 

align their conclusions with their existing beliefs, people tend to reject contradictory 

evidence and arguments, particularly when they strongly adhere to opposing viewpoints. 



7 

 

For instance, during the apex of the COVID-19 pandemic, Americans’ 

perceptions of vaccine safety (Grossman et al., 2020; Zhou et al., 2023) and physical 

distancing (Gollwitzer et al., 2020) were significantly influenced by their political 

affiliations. Similarly, religious beliefs have been observed to influence individuals’ 

scientific understanding (Sherkat, 2011). Highly religious groups often express lower 

levels of agreement regarding humanity’s contribution to climate change or even its 

existence (Alper, 2022). Individuals tend to reject objective and scientific facts based on 

what they perceive to be true, as these facts are associated with experts they do not trust 

and contradict their personal beliefs. 

This inclination toward biased information processing occurs when individuals 

pursue a directional goal, which motivates them to reach specific conclusions in 

alignment with their existing beliefs (Kunda, 1990). For example, Democrats are more 

likely to accept messages endorsed by Democrats and view their party members more 

favorably, while Republicans exhibit a similar pattern (Bolsen et al., 2014; Donovan et 

al., 2020). Nevertheless, it remains possible to promote impartial information processing 

by activating the accuracy goal, which aims to reach accurate and unbiased conclusions 

devoid of preexisting beliefs (Taber et al., 2009; Taber & Lodge, 2006). However, within 

the highly polarized social and political landscape, directional goals often override the 

pursuit of accuracy in information processing. 

Consequently, it is crucial to develop effective communication strategies capable 

of functioning broadly without interruption from one’s predisposition or distrust toward 

experts. Science communication has been a pioneering field addressing this issue, as its 

primary goal is to enhance public understanding of science, focusing on how to 
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effectively communicate with the general public. For decades, researchers in science 

communication have explored various strategies to address this challenge. 

Consensus-based strategies and their limitations  

Within the realm of science communication, emphasizing scientific conseunsus is 

recognized as a widely employed approach to address this challenge (Dixon et al., 2023). 

According to the gateway belief model, informing individuals about scientific consensus 

can update their perception of scientific certainty, potentially leading to changes in 

attitudes and beliefs (van der Linden et al., 2019). This approach posits that consensus 

communication can address public controversies by framing an issue as highly certain. 

Studies on climate change consistently support the idea that informing the public about 

scientific consensus increases acceptance of the science (Ding et al., 2011; 

Lewandowsky, 2021; van der Linden et al., 2019). Similarly, the persuasive effect of 

consensus has been observed in relation to other topics, such as vaccination (S. L. van der 

Linden et al., 2015), COVID-19 policies (Kerr & van der Linden, 2022), and genetically 

modified food (Dixon, 2016).  

Prior to the gateway belief model, the deficit model of science communication 

(Bauer et al., 2007) proposed a similar idea, suggesting that public skepticism or rejection 

of science arises primarily due to insufficient knowledge and understanding. Therefore, 

effectively providing adequate scientific information can help address knowledge gaps, 

thereby improving public acceptance of scientific facts. However, the scientific literacy 

approach hasn’t always been successful because of individuals’ ideological 

predispositions conditioned by the effects of scientific information (Nisbet, 2005; Nisbet 

& Goidel, 2007) 
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However, the effects of highlighting the consensus have been repeatedly refuted 

(Bolsen & Druckman, 2018; Chinn & Hart, 2023; Pasek, 2018) and even shown to 

sometimes backfire (Cook & Lewandowsky, 2016; Ma et al., 2019) since the consensus 

message can evoke psychological reactance to a given message. Reactance against the 

scientific consensus is substantially observed in those who hold strong beliefs on the 

issue or predispositions closely associated with the issue (Bolsen & Druckman, 2018; 

Chinn & Hart, 2023; Ma et al., 2019). For example, Ma and colleagues (2019) reported 

that climate change consensus messages among scientists increase psychological 

reactance among Republican and Independent climate change skeptics. That is, a 

consensus message alone did not possess sufficient persuasive strength to overcome an 

individual's preexisting convictions and deeply held beliefs tied to their identity, such as 

their religious affiliation and political partisanship. 

Additionally, the current information landscape, characterized by widespread 

public distrust in experts, poses further doubt about the effectiveness of expert consensus 

messages. The persuasive power of consensus among experts assumes a foundation of 

public trust in experts and established institutions, which is often lacking. The underlying 

mechanism of consensus relies heavily on heuristics such as the trustworthiness of 

experts and the significance of consensus as evidence of correctness (van der Linden et 

al., 2019). Given this, consensus messaging may be impactful but cannot be considered a 

magic bullet that effectively targets the skeptics, the very group scientists aim to 

persuade. As discussed previously, in the current social and political climate, public trust 

in experts who validate evidence and persuasive arguments is often low. In these 

circumstances, relying solely on scientific consensus may not be effective. Therefore, 
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there is a need for additional persuasion strategies that address public biases and 

misconceptions effectively when communicating scientific facts to the public. 

Improving persuasion through argument quality 

To explore effective message features for persuading the general public on 

controversial and highly politicized issues, this study begins by delving into prior 

persuasion research, focusing on the concept of strong persuasion. Dual-process models, 

notably the Elaboration Likelihood Model (ELM) (Petty & Cacioppo, 1984, 1986) and 

the Heuristic-Systematic Model (Serena. Chen & Chaiken, 1999), have been extensively 

studied in persuasion research. These models examine how individuals are persuaded 

through two distinct cognitive routes: central and peripheral, or systematic and heuristic. 

According to ELM, the cognitive route individuals take hinges on the extent of cognitive 

elaboration. In the central route, audiences meticulously scrutinize the message's logic 

and carefully weigh its pros and cons, whereas in the peripheral route, they rely on 

ancillary factors such as the humor and appeal of the source (Petty & Cacioppo, 1981, 

1986).  

Considering these two cognitive routes of information processing, ELM studies 

have largely focused on constructing persuasive messages and evaluating their 

effectiveness, specifically examining which message elements most effectively influence 

perceptions, attitudes, and behaviors. One significant factor is argument quality. 

According to the ELM, the persuasiveness of a robust argument is significantly more 

potent when processed via the central route, as individuals can fully discern its quality 

(Petty & Cacioppo, 1979, 1984). This prediction has found substantial support, 

particularly within psychology and marketing studies.  
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However, communication studies have yielded inconsistent findings regarding 

ELM's predictions, often emphasizing main effects of argument quality without clearly 

demonstrating the expected interaction between argument quality and cognitive 

processing routes. A meta-analysis of the ELM (Carpenter, 2015) underscores this 

inconsistency by demonstrating that strong arguments tend to influence persuasion across 

both central and peripheral routes. This finding suggests that the original ELM prediction, 

proposing that argument quality predominantly affects persuasion via the central route, 

may be less definitive than previously believed. This finding implies that argument 

quality consistently influences persuasion across processing routes, challenging the 

original ELM assumption that its impact is primarily route-dependent, and suggesting a 

need for clearer definitions and operationalizations of argument quality in varying 

contexts. 

Despite argument quality’s central role within ELM, insufficient attention has 

been paid to clearly defining and operationalizing this construct, especially in contexts 

involving politically polarized or controversial issues. To address this critical gap, the 

primary objective of this study is to clearly establish a measurable criterion for argument 

quality capable of overcoming psychological biases prevalent in information processing, 

thereby reducing public misunderstandings and misconceptions about scientifically 

validated facts. By explicitly defining and operationalizing argument quality through 

evidence transparency, this research aims to contribute significantly to enhancing public 

communication by carefully considering contextual factors that influence message 

acceptance and offering a clear, empirically testable conceptual framework. 
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Empirical approaches to defining argument quality  

There are two approaches to understanding argument quality: empirical and 

normative approaches. First, the empirical approach, rooted in the foundations of ELM 

studies (Petty & Cacioppo, 1986), characterizes a strong argument as one deemed 

convincing by its recipient. ELM's early work offers the following elucidation of 

argument quality: 

We define a “strong” message as one containing arguments such that when 

subjects are instructed to think about the message, the thoughts that they generate 

are predominantly favorable. A “weak” message is one that is also ostensibly in 

favor of the advocacy. However, the arguments in a weak message are such that 

when subjects are instructed to think about them, the thoughts that they generate 

are predominantly unfavorable. A message that elicits a roughly even mixture of 

favorable and unfavorable thoughts would be considered an ambiguous or 

“mixed” message. (Petty & Cacioppo, 1986, p. 32) 

This definition underscores the subjective evaluation of a message by its receiver. 

In essence, ELM research employs an empirical understanding of argument quality, 

contending that strong arguments are those perceived as such by message receivers. 

Consequently, argument quality is generally regarded as a subjective and adaptable 

concept, rather than a uniform and definitive one. Thus, the precise attributes defining a 

strong argument vary depending on the audience’s interpretation and cognitive 

processing of the message. 

Additionally, ELM posits that individuals can evaluate the validity of a claim only 

when they are motivated to engage in systematic information processing. According to 



13 

 

the original assumptions of ELM, argument quality's impact is less influential when 

messages are processed through peripheral routes, as peripheral processing relies 

primarily on heuristic cues rather than detailed evaluation of message content. However, 

Carpenter’s (2015) meta-analysis challenges this view, suggesting that argument quality 

influences persuasion consistently, regardless of the processing route. ELM tends to 

underscore the cognitive aspect, the manner in which individuals process information, in 

persuasion rather than focusing explicitly on argument quality. 

As a result, the operationalization and manipulation of argument quality have 

been largely overlooked, contributing to unclear and inconsistent empirical findings 

regarding the its impact on message acceptance. Researchers including Petty and 

Cacioppo (1986) have acknowledged this lacuna, stating, “One of the least researched 

and least understood questions in the psychology of persuasion is: What makes an 

argument persuasive? […] Unfortunately, this important and rare work is in its infancy.” 

(p. 31). 

While ELM studies have attempted to address this question, significant progress 

has proven elusive as their efforts still primarily revolve around the perceptions of 

message audiences. For example, after generating a multitude of arguments, including 

both seemingly compelling and dubious ones, they asked study participants to rate the 

quality of these arguments. Several qualities determining argument quality were 

summarized, including believability, desirability, comprehensibility, compressibility, and 

familiarity. They conceded, “Our goal is to develop strong and weak messages that are 

roughly equivalent in their novelty and in our subjects' ability to understand them” (Petty 

& Cacioppo, 1986, p. 33).  
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Beyond ELM studies, other research endeavors have explored argument quality 

but remained largely tethered to the empirical approach. For instance, Cho and Choi 

(2010) examined the concept of perceived message quality, defining as “the judgment of 

the effectiveness of the message in fulfilling its intended outcome in the intended 

audience” (p. 304). Perceived message effectiveness has been frequently integrated into 

the realm of health communication. Analogous to the concept of argument quality within 

ELM, perceived message effectiveness is essentially operationalized as a persuasive and 

compelling message (Kang et al., 2009; Yzer et al., 2011). Again, most of these studies 

rely heavily on the message receiver’s perceptions and cognitive processing to assess 

argument quality.  

Normative approaches to defining argument quality 

As previously discussed, the Elaboration Likelihood Model (ELM) has drawn 

criticism for its oversimplified and circular interpretation of argument quality 

(Druckman, 2022; O’Keefe & Jackson, 1995). Areni and Lutz (1988) aptly noted that 

Petty and Cacioppo's manipulation of argument quality merely captured argument 

valence, or the audience's evaluation of the desirability of the expected outcome, rather 

than argument strength. More recently, Druckman (2022) argued that defining a 

persuasive message as one perceived to be persuasive lacks theoretical depth and 

amounts to “an inadequate tautology” (p. 73). In a similar vein, O’Keefe (2003) 

vociferously criticized the ELM’s differentiation between strong and weak arguments, 

citing its lack of specificity and clarity. He remarked, “When argument quality is 

operationalized as the ELM has defined it, argument quality variations provide simply a 
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means of indirectly assessing the amount of elaboration that has occurred” (O’Keefe, 

2016, p.164). 

To address these shortcomings, a normative theoretical approach offers a more 

concrete definition of argument quality. Unlike the empirical approach, the normative 

approach establishes clear, independently motivated criteria for evaluating arguments. 

O’Keefe and Jackson (1995) refer to this as an “independently-motivated account of 

argument quality” (p.91). In a similar vein, Hoeken and colleagues (2020) clarify that 

theorists of the normative approach “propose criteria that an argument should meet to be 

considered strong” (p. 196).  

Thus, this approach centers on providing an independently motivated elucidation 

of argument quality, with a clear articulation of the conceptual framework (O’Keefe & 

Jackson, 1995). Recognizing the enormity of articulating a comprehensive definition of a 

normatively strong argument, scholars have chosen to concentrate on specific normative 

standards that can be applied to assess arguments. These standards encompass factors like 

argumentation explicitness (O’Keefe, 1997) and the evidence-satisfying normative 

criteria (Hoeken & Hustinx, 2009; Hornikx & Best, 2011; Hornikx & Hoeken, 2007). For 

example, O’Keefe (1997, 1998) revealed that argument explicitness significantly impacts 

persuasiveness. Making a conclusion explicit and delineating the advocate’s standpoint 

with detailed descriptions enhances effectiveness. Furthermore, normatively robust 

evidence comprises statistical and expert evidence. Statistical evidence is favored for its 

ability to probabilistically support the occurrence of a desirable consequence stemming 

from advocated behavior compared to anecdotal evidence (Hoeken & Hustinx, 2009). 

Similarly, arguments by authority garner greater message acceptance, as they bring 
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credibility, reliability, and expertise in the realm of the claimed topic (Hornikx & Best, 

2011; Schellens et al., 2017).  

Another line of research pertaining to the normative evaluation of arguments 

focuses on informal logic criteria. Informal logic is defined as a “branch of logic whose 

task it is to develop non-formal standards, criteria, procedures for the analysis, 

interpretation, evaluation, critique, and construction of argumentation in everyday 

discourse” (Blair & Johnson, 2000, p. 94). In particular, O’Keefe and Jackson (1995) 

suggested that normative criteria of argument quality can be derived from informal logic 

because it unveils “underlying message production principles that reflect the procedural 

obligations associated with good argumentation.” Informal logic introduces three criteria 

for evaluating an argument: relevance, acceptability, and sufficiency (Blair, 2015). That 

is, a persuasive argument adheres to premises that are true (acceptability), pertinent to the 

conclusion (relevancy), and offer ample support for the claim (sufficiency). 

Although communication scholars have acknowledged the value of defining 

argument quality through normative standards (O’Keefe, 2003), the field has yet to 

develop a comprehensive conceptual framework or practical guidelines capable of 

consistently producing persuasive arguments effective across diverse public audiences. 

This limitation is especially pronounced when attempting to persuade individuals who 

exhibit substantial skepticism toward expert authority and whose perceptions are strongly 

shaped by preexisting identities. Specifically, applying informal logic criteria to argument 

quality likely requires tailored strategies for distinct audience segments, due to variations 

in how different audiences interpret the concepts of acceptability, relevance, and 

sufficiency. 
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In summary, the normative approach endeavors to provide a more lucid and 

objective understanding of what constitutes a strong argument, yielding specific criteria 

that can be implemented and measured. However, given the prevailing public distrust of 

experts and the presence of biased information processing, the current recommendations 

may fall short of achieving the requisite level of persuasiveness. Therefore, this study 

aims to identify and test the objective criteria of a strong argument that can effectively 

work in the current information landscape as well.     

Introducing ‘evidence transparency’ as a novel dimension of argument quality 

Evidence, as defined by McCroskey (1969), encompasses “factual statements 

originating from a source other than the speaker, objects not created by the speaker, and 

opinions of persons other than the speaker that are offered in support of the speaker's 

claims” (p. 170). The persuasion research has, to date, accumulated a substantial body of 

knowledge concerning the role of evidence in persuasion. Notably, scholars have delved 

into various aspects of evidence, encompassing evidence-based persuasion, the types of 

evidence (e.g., narrative vs. statistical), the quantity of evidence, and indicators of 

information source. 

One particularly prominent area of study within this field involves the comparison 

of the persuasiveness of statistical (numeric) evidence with narrative (anecdotal) evidence 

(Hoeken & Hustinx, 2009). Narrative evidence typically presents a story with causal 

sequences of events and characters, typically conveyed from a first- or third-person 

perspective (Kreuter et al., 2007). It is presented as a form of testimony, anecdote, or 

episode that incorporates storytelling elements. In contrast, non-narrative evidence relies 
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heavily on factual information presented with logic and reason, predominantly focusing 

on numerical and statistical information to convey a message (Zebregs et al., 2015). 

However, findings regarding the effectiveness of evidence types are mixed. Some 

studies indicate that narrative evidence is generally more persuasive (e.g., De Wit et al., 

2008), particularly in recent research focusing on health behavior promotion (Chen & 

Bell, 2021; Dragojevic et al., 2023). Conversely, other research favors statistical evidence 

to be more effective (e.g., Allen & Preiss, 1997). Zebregs and colleagues (2015) provided 

a nuanced perspective, showing that the effectiveness of narrative and statistical evidence 

differs based on the desired persuasive outcomes. Specifically, statistical evidence 

appears to be more effective for eliciting cognitive responses such as attitude and belief 

changes, whereas narrative evidence tends to exert a stronger influence on behavioral 

intentions.  

While much research continues to focus on comparing the persuasive effects of 

narrative versus non-narrative evidence, this strict dichotomy might be overly theoretical. 

In practice, persuasive messages frequently combine narrative and statistical elements 

rather than relying solely on one type of evidence. Additionally, existing research on 

narrative evidence predominantly addresses health behavior contexts, particularly 

advocating well-established, relatively non-controversial behaviors such as reducing 

binge drinking (Kang & Lee, 2018) and undergoing mammography screening (Kreuter et 

al., 2010). This focus raises concerns regarding the generalizability of these findings to 

more controversial or complex persuasive scenarios. 

Given these considerations, this study explores a relatively under-investigated 

aspect of persuasive evidence that may hold broad applications beyond the typical health-
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related contexts: evidence transparency. Transparency, defined broadly as the disclosure 

and accessibility of relevant information, has been extensively examined across various 

fields, including marketing, politics, and organizational decision-making (see Bhaduri & 

Ha-Brookshire, 2017; Raphael & Karpowitz, 2013; Revers, 2014; Vorm & Combs, 

2022).  

Specifically, evidence transparency involves clearly communicating detailed 

information that clarifies how conclusions were derived, particularly regarding processes, 

methods, data, and analytical procedures, rather than merely presenting final conclusions. 

Previous transparency research primarily focuses on business or governmental decision-

making contexts (e.g., Dubbink et al., 2008; Evans-Reeves et al., 2015; Revers, 2014). 

Across these studies, transparency consistently fosters positive outcomes aligned with the 

intentions of the message sender or information source (Bhaduri & Ha-Brookshire, 2017; 

de Fine Licht, 2014; Yan et al., 2012). For instance, within public administration, 

individuals provided with detailed rationales for the development and justification of new 

organizational rules evaluated final decisions as more legitimate compared to those only 

informed of the final decision (de Fine Licht, 2014). Similarly, transparency also 

positively influences public policy approval (Juhl & Hilpert, 2021).  

Surprisingly, despite transparency’s extensive examination across various 

disciplines, it remains largely underexplored within Communication scholarship. 

Journalism, a closely related field, has taken greater initiative in investigating 

transparency and its effects, often positioning transparency as a contemporary counterpart 

to traditional journalistic objectivity. For instance, Curry and Stroud (2021) have found 

that journalistic transparency increased credibility assessments and engagement 
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intentions among news consumers. Similarly, Chadha and Koliska (2015) have 

demonstrated that transparency in newsrooms fosters audience trust by making the 

journalistic process more visible. Additionally, Peifer and Meisinger (2021) have also 

found that a disclosure feature explaining why and how a story was reported significantly 

improved message credibility. Together, these studies illustrate transparency’s beneficial 

role in fostering trust, credibility, and perceptions of legitimacy. Collectively, these 

journalism-based studies underscore transparency’s significant role in enhancing trust, 

credibility, and legitimacy perceptions, highlighting findings that are highly relevant to 

Communication research more broadly. 

Applying insights from transparency literature to persuasion contexts suggests 

that transparency significantly enhances persuasive outcomes. Transparency involves 

more than simply increasing the amount of information provided; it emphasizes the 

provision of high-quality, detailed explanations about the reasoning processes, 

methodologies, procedures, and underlying data supporting conclusions. By clearly 

outlining how conclusions are derived, transparency facilitates greater audience 

comprehension and trust, ultimately enhancing message acceptance. 

Informed by these insights, this study operationalizes evidence transparency by 

explicitly presenting detailed information about the methods, data, and analytical 

procedures used to reach conclusions. For example, climate change messages often 

highlight scientific consensus but omit explicit explanations of the research methods and 

evidence scientists employ to derive their conclusions. This lack of explanatory detail 

may hinder public understanding and diminish trust. Consequently, clearly outlining the 

detailed reasoning, including methodological steps, analytical procedures, and 
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foundational data underlying scientific claims through transparency, closely aligns with 

the concept of evidence transparency. This detailed and explicit presentation allows 

audiences to independently assess and understand scientific claims, significantly 

enhancing message credibility and persuasive effectiveness. This approach enables 

audiences to independently assess and understand the scientific claims presented, 

significantly enhancing message credibility and persuasive effectiveness. 

Operationalizing evidence transparency: testimonial vs. demonstrative evidence 

Building on the concept of evidence transparency introduced earlier, this study 

proposes and operationalizes a novel framework for understanding persuasive evidence 

by distinguishing between two key approaches: testimonial evidence and demonstrative 

evidence. This operationalization is foundational to this study, offering a theoretically 

grounded and practically applicable way to evaluate argument quality. The central claim 

is that how evidence is presented, not merely what evidence is presented, fundamentally 

shapes perceptions of transparency, which in turn influences audience understanding, 

trust, and message acceptance. The proposed distinction advances communication theory 

by situating evidence transparency as a core mechanism for persuasion, especially within 

contexts of public skepticism and politicized information environments. 

Testimonial evidence refers to the presentation of conclusions and claims 

primarily through appeals to expert authority, institutional endorsement, or widely 

recognized scientific consensus. Testimonial evidence, frequently exemplified by 

consensus-based messaging, is widely utilized in persuasive contexts, particularly 

regarding scientific and health-related topics such as vaccination, climate change, and 

genetically modified foods (Bartoš et al., 2022; van der Linden et al., 2015; van 
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Stekelenburg et al., 2022). This form of evidence invites audiences to accept a message 

based on the perceived credibility and legitimacy of the source, rather than through direct 

engagement with underlying data or reasoning processes. In this sense, testimonial 

evidence assumes a relatively passive role for the audience, where trust in experts or 

institutions stands in as a proxy for epistemic evaluation. 

This approach aligns with established science communication frameworks such as 

the deficit model and the gateway belief model. The deficit model suggests that public 

rejection of scientific information is due to a lack of knowledge, which can be corrected 

by providing credible expert conclusions (Bauer et al., 2007). Similarly, the gateway 

belief model holds that awareness of scientific consensus increases acceptance of 

scientific facts (van der Linden et al., 2019). Testimonial evidence operationalizes these 

models by emphasizing authoritative statements, endorsements by scientific institutions, 

and expert quotations as persuasive tools. For instance, statements such as “A professor 

at XX University argues that mask-wearing is an effective preventive measure against 

COVID-19, as their research demonstrates mask-wearing reduces virus transmission by 

n%,” “The director of the CDC provides assurance regarding the safety of the vaccine," 

"The consensus among scientists is unequivocal that global warming is real and human-

caused,” and “A comprehensive investigation conducted by the FBI conclusively refutes 

claims of voter fraud in the 2022 election.” exemplify testimonial evidence in action. 

While this approach is commonly used and effective under certain conditions, it 

also has limitations. Specifically, testimonial evidence may fail to persuade audiences 

who harbor skepticism toward experts or institutions, or who perceive consensus 

messaging as an attempt to enforce conformity. In polarized contexts, reliance on 
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authority may inadvertently trigger psychological reactance, particularly among 

individuals whose identities or ideologies conflict with the perceived authority. 

In contrast, demonstrative evidence refers to a mode of evidence presentation that 

provides audiences with direct access to the reasoning, data, and methodological 

processes underlying a claim, enabling them to follow how conclusions are reached. 

Rather than focusing solely on expert conclusions and findings, demonstrative evidence 

emphasizes the comprehensive and detailed contextual information that explains how 

those conclusions were derived through specific processes and methodologies. It is 

important to clarify that the term demonstrative evidence, as proposed in this study, 

differs from its conventional use in advertising and health communication research, 

where it often refers to product demonstrations or depictions of product use and 

consequences (e.g., Kang et al., 2009). Demonstrative evidence in this study does not 

refer to literal or visual demonstrations, whether scientific or behavioral. Instead, it 

emphasizes cognitive transparency through the explicit explanation of research methods, 

underlying data, and the reasoning that connects evidence to conclusions. 

This usage reflects a normative commitment to procedural clarity, allowing 

audiences to trace how claims are derived rather than relying on visual or behavioral 

cues. Specifically, demonstrative evidence includes an extensive range of information 

regarding the foundational raw data upon which conclusions are based, the methods 

employed to collect and analyze these data, and the detailed procedural steps followed in 

conducting the research or investigation. Although demonstrative evidence may initially 

appear more intricate, indirect, or complex in delivering persuasive arguments, it 
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ultimately provides audiences with richer informational content, which may facilitate 

deeper comprehension and critical evaluation. 

Whereas testimonial evidence emphasizes what experts assert and verify, 

demonstrative evidence provides a systematic account of the research process, including 

how conclusions are derived from data and analysis. This study identifies demonstrative 

evidence as the more transparent and cognitively engaging method for presenting 

persuasive messages. By explicitly guiding audiences through the specific steps, 

methodologies, and foundational data involved in the research, demonstrative evidence 

enables more independent and critical evaluation of claims, reducing reliance on source 

authority alone. As a result, this study proposes that demonstrative evidence is likely to 

produce stronger persuasive effects than testimonial evidence, leading to the following 

hypotheses: 

H1: Exposure to persuasive messages (either demonstrative or testimonial 

evidence) will increase message acceptance compared to the non-persuasive 

(control) condition. 

H2: Exposure to persuasive messages (either demonstrative or testimonial 

evidence) will increase policy support compared to the non-persuasive (control) 

condition. 

H3: Demonstrative evidence will lead to greater message acceptance compared to 

testimonial evidence. 

H4: Demonstrative evidence will lead to greater policy support compared to 

testimonial evidence. 
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Building on existing research demonstrating the persuasive advantages of 

demonstrative evidence over testimonial evidence, this study examines conditional 

factors that may influence the relationship between evidence type and persuasion 

effectiveness. Specifically, this study investigates the moderating role of trust in 

scientists, given that scientists serve as both creators and validators of scientific 

knowledge. People's preexisting trust in scientists significantly influences how persuasive 

messages about scientific topics are perceived and processed (Sonmez et al., 2023).  

Trust is widely recognized as a critical factor in persuasion, as it strongly impacts 

acceptance of scientific facts and findings across diverse domains, including 

biotechnology (Preist, 2001; Siegrist, 2000) and nanotechnology (Lee et al., 2005). 

Particularly within the climate change context, trust has been found to decrease 

skepticism (Huber et al., 2022) and increase support for climate-related policy (Dietz et 

al., 2007). Conversely, a lack of trust substantially impedes persuasion, particularly 

concerning scientific topics. The challenge is illustrated by recent experiences during the 

COVID-19 pandemic, where individuals who had lower trust in scientists displayed 

heightened skepticism toward scientific recommendations and were less likely to adhere 

to public health guidelines (Muğaloğlu et al., 2022).  

Such skepticism highlights a critical barrier in science communication. Those 

who hold strong doubts toward scientists, often characterized as a resistant and vocal 

minority, are precisely the group that persuasive science communication efforts typically 

aim to influence, given their urgent need for correction of misinformation and 

misconceptions. Generally, low trust toward scientists undermines persuasion because 

trust is closely tied to source credibility, scientists being the primary creators, validators, 
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and disseminators of scientific information and recommendations. Ironically, individuals 

with low trust in scientists represent a central target for persuasive science 

communication efforts, as correcting their misconceptions and misinformation is essential 

to achieving broader public understanding and acceptance of scientific facts. 

Demonstrative evidence is likely better suited than testimonial evidence to 

address this dilemma effectively. Demonstrative evidence prioritizes methodological 

transparency, detailed explanations of data collection processes, and clear descriptions of 

analytical procedures. In doing so, it reduces reliance on explicit appeals to expert 

credibility and authority. Conversely, testimonial evidence, which prominently highlights 

expert consensus and authority, may unintentionally increase skepticism or provoke 

reactance among audiences already distrustful of scientific expertise. Demonstrative 

evidence, by clearly and transparently presenting scientific methods, allows skeptical 

individuals to independently evaluate information without feeling pressured by expert 

authority claims. Consequently, demonstrative evidence is expected to diminish 

resistance and foster openness among those less inclined to trust scientists. Thus, given 

these theoretical considerations, this study proposes the following hypothesis: 

H5: Trust in scientists will moderate the effect of evidence type on (a) message 

acceptance and (b) policy support, such that demonstrative evidence (compared to 

testimonial) will be more effective among individuals with lower trust in 

scientists. 

Artificial Intelligence (AI) as an emerging context for persuasion  

The rise of generative AI tools such as ChatGPT and Gemini has transformed AI 

from a background computational tool into an active communicative agent. Unlike earlier 
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computing technologies, which served primarily as mediators of human-to-human 

interaction, generative AI now directly produces and delivers messages. In doing so, it 

increasingly functions as an independent source of persuasive communication across 

domains such as journalism, marketing, and public health. 

This shift is also reflected in evolving theoretical frameworks. Earlier 

communication research distinguished between Human-Computer Interaction (HCI), 

which treated computers as social actors, and Computer-Mediated Communication 

(CMC), which viewed them as passive conduits. However, as AI has developed more 

adaptive and interactive capabilities, this boundary has eroded. Recent conceptual 

frameworks, including Artificial Intelligence-Mediated Communication (AI-MC) and 

Human-AI Interaction (HAII), now capture the communicative agency of AI more 

precisely. For instance, AI-MC is defined as “mediated communication between people 

in which a computational agent operates on behalf of a communicator by modifying, 

augmenting, or generating messages to accomplish communication or interpersonal 

goals” (Hancock et al., 2020, p.90). Similarly, HAII research emphasizes user 

perceptions, relational dynamics, and trust in AI entities such as chatbots, 

recommendation engines, and virtual assistants (Chen & Sundar, 2024; Sun et al., 2024).  

As AI becomes a more common and recognizable author of persuasive content, it 

challenges the long-standing assumption that such messages are written by humans. It is 

increasingly no longer the default expectation that persuasive messages originate from 

human sources. As a result, source attribution has become a critical factor influencing 

how audiences interpret and evaluate such content. This shift raises a key question: Does 

attributing a message to AI rather than a human affect its persuasive impact? Indeed, in 
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practice, mainstream news outlets have published articles written entirely by generative 

AI (e.g., The Guardian, 2020). This practice has since expanded, with AI now frequently 

assisting human journalists even when it is not the sole author. Likewise, generative AI 

tools are being widely adopted across various fields to support effective message 

generation.  

Empirical findings on this question remain mixed. Some studies suggest that AI-

generated content can be effective, particularly when it is perceived as neutral, data-

driven, and free from human bias (Lu et al., 2025). For example, algorithmically written 

news articles have been rated as more impartial and less ideologically slanted than those 

authored by humans, especially when the AI system is described as autonomous and 

technically proficient (Graefe et al., 2018; Wölker & Powell, 2021). Recent studies have 

also shown that, when message content is evaluated in isolation from its source, AI-

generated content is often perceived as higher in quality compared to human-authored 

messages (Karinshak et al., 2023; Osborne & Bailey, 2025; Zhang & Gosline, 2023). For 

instance, Karinshak et al. (2023) have found that GPT-3–generated vaccine promotion 

messages were rated as more effective, contained stronger arguments, and elicited more 

positive attitudes compared to professionally written messages by the Centers for Disease 

Control and Prevention (CDC), when the source was not disclosed. 

In contrast, other studies report the opposite pattern, suggesting that human-

authored content is often perceived more favorably than AI-generated alternatives. This 

tendency is particularly pronounced in the field of automated journalism, which has long 

grappled with the question of whether audiences trust algorithmically produced content. 

For instance, Waddell (2018) has found that machine-generated news articles were 
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evaluated as significantly less credible than those authored by humans. Similarly, 

Henestrosa et al. (2023) have shown that human authors were perceived as more 

intelligent and competent overall. In another context, human voice assistants were rated 

as more credible and persuasive than AI-generated voices when correcting health 

misinformation (Dai et al., 2024). Importantly, this pattern persists even in recent studies 

involving generative AI. Although AI-generated content may be rated as high quality 

when evaluated without source information, participants tend to prefer messages labeled 

as human-authored once the authorship is disclosed (Osborne & Bailey, 2025). This 

discrepancy may reflect an underlying aversion toward AI or a general preference for 

human communicators over artificial ones. Even as AI grow more capable and accessible, 

these findings suggest that human attribution remains a powerful persuasive cue. 

Beyond studies that favor one source over the other, a third group of findings 

reports no consistent differences. A recent meta-analysis of 121 studies concluded that AI 

and human communicators are, on average, equally persuasive across outcomes such as 

attitude change, perception, and behavioral intention (Huang & Wang, 2023). Similarly, 

while AI-generated content was viewed as more objective, it was also perceived as less 

expert than human-authored messages (Liu & Wei, 2018). This convergence of findings 

points to a broader ambiguity in how audiences process source cues, making it essential 

to empirically examine whether author attribution itself meaningfully shapes persuasive 

outcomes. Given these unresolved questions, this study poses the following research 

question: 

RQ1: Does author attribution (AI vs. human) influence (a) message acceptance 

and (b) policy support? 
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While the source of a message (i.e., whether it is attributed to AI or a human) can 

influence its persuasive impact, this effect is not necessarily consistent across all 

individuals. According to the Modality, Agency, Interactivity, and Navigability (MAIN) 

model (Sundar, 2008), certain technological cues (affordances) activate cognitive 

heuristics that guide how audiences evaluate the credibility and the quality of a given 

message. Among the four key affordances proposed in the MAIN model, agency refers to 

the extent to which the source of a message is attributed to, or perceived to be attributed 

to, either a human or an AI agent. This perception of agency can influence credibility 

judgments and message interpretation. Therefore, attributing a message to a particular 

type of source may activate different heuristic processes and lead to varied persuasive 

outcomes. 

One particularly relevant heuristic activated by AI-attributed messages is the 

machine heuristic, which is closely tied to the agency cue. The machine heuristic refers to 

a cognitive shortcut in which people assume that information generated by AI is more 

objective, impartial, and fact-based than information produced by humans (Sundar & 

Kim, 2019; Sundar, 2020). This belief is grounded in the notion that machines, unlike 

humans, operate without emotional or ideological bias. Therefore, individuals who are 

more inclined to trust technology may respond more favorably to AI-generated messages 

because these messages align with their expectations of neutrality and accuracy. 

This psychological mechanism may help explain variation in how people react to 

source attributions. Specifically, individuals who strongly endorse the machine heuristic 

may be more receptive to AI-generated messages, whereas those who do not may prefer 
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messages from human sources. To account for this individual difference, the current 

study proposes the following hypothesis: 

H6: Machine heuristic will moderate the effect of author attribution (AI vs. 

human) on (a) message acceptance and (b) policy support, such that AI-authored 

messages will be more effective among individuals with higher levels of machine 

heuristic. 

In addition to examining AI-based persuasion through inherent technological 

characteristics of AI itself, the current study further investigates structural factors of AI-

generated messages that potentially shape persuasive effectiveness. The study specifically 

investigates whether the persuasive effectiveness of evidence transparency distinguished 

as demonstrative versus testimonial evidence varies according to the author attribution of 

the message as either AI- or human-attributed, even when the message content remains 

identical. Considering evidence transparency as critical to enhancing message 

persuasiveness, this research integrates theoretical insights regarding argument quality 

and source attribution to explore possible interaction effects on persuasion outcomes. 

Accordingly, this study poses the following research question. 

RQ2: Does the effect of evidence type (demonstrative vs. testimonial) on (a) 

message acceptance and (b) policy support differ depending on author attribution 

(AI vs. human)? 

Mechanisms underlying persuasive effects: credibility and threats to freedom  

Building upon the theoretical foundations regarding evidence presentation and 

author attribution outlined earlier, this study further investigates the potential 

mechanisms that help explain why certain messages are more persuasive than others. 
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Drawing from prior research, two key mediators emerge: message credibility and 

perceived threat to freedom. Both play important roles in shaping audience responses to 

persuasion and are relevant across both evidence types (demonstrative versus testimonial 

evidence) and author attributions (AI versus Human). 

The first mechanism involves enhancing message credibility. It is a multifaceted 

construct, defined as “an individual’s judgment of the veracity of the content of 

communication” and is characterized as “complete, concise, consistent, well-presented, 

objective, representative, no spin, expert, will have impact, and professional” (Appelman 

& Sundar, 2016,  p. 63). Credibility reflects a positive appraisal of a message’s high-

quality traits. Studies consistently underscore the importance of credibility in persuasion, 

linking higher credibility to greater persuasion and subsequent changes in attitudes and 

behavioral intentions (Jennings & Russell, 2019; Pornpitakpan, 2004). 

With respect to evidence presentation, the concept of evidence transparency is 

expected to significantly influence message credibility. Results from transparency 

research across disciplines such as journalism, health communication, and public 

administration consistently indicate that transparency enhances trust and credibility by 

allowing audiences to independently evaluate the quality and validity of information 

(Grimmelikhuijsen & Meijer, 2014; Johnson & Wiedenbeck, 2009; Kreuter et al., 2007; 

Peifer & Meisinger, 2021). In particular, studies have demonstrated that explicitly 

providing detailed methodological explanations and openly communicating uncertainties 

significantly improve perceptions of credibility and trustworthiness. Demonstrative 

evidence aligns closely with transparency principles by explicitly detailing the reasoning 

processes, methodologies, and analytical steps leading to conclusions, thereby 
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empowering audiences to independently evaluate the presented information. This explicit 

and comprehensive approach enhances perceptions of transparency, subsequently 

increasing message credibility and persuasive effectiveness. In contrast, testimonial 

evidence relies primarily on expert endorsements and emphasizes conclusions without 

providing detailed insights into the underlying reasoning or evidence-generation 

processes. Consequently, testimonial evidence is considered less transparent, potentially 

reducing its credibility and persuasive impact relative to demonstrative evidence. 

Therefore, demonstrative evidence is hypothesized to enhance message credibility, 

ultimately leading to more persuasive outcomes. 

H7: The effect of demonstrative (vs. testimonial) evidence on (a) message 

acceptance and (b) policy support will be mediated by increased credibility. 

Concerning author attribution, credibility may also mediate persuasive outcomes 

when comparing AI and human-authored messages. Scholarly discussions on AI-

generated communication offer contrasting perspectives regarding credibility. On one 

hand, messages attributed to AI could potentially enhance credibility due to perceptions 

of neutrality, objectivity, and absence of human biases or agendas (Sundar & Lee, 2022).  

On the other hand, AI attribution might diminish perceived credibility because of 

skepticism regarding AI's limitations, the presence of algorithmic biases, or audiences' 

preference for human-generated content rooted in familiarity, empathy, and trust (Zhang 

& Gosline, 2023). Exploring credibility as a mediator in AI versus human attribution 

contexts will clarify these competing theoretical claims and provide deeper insights into 

the dynamics of persuasion. 
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RQ3: Does credibility mediate the effect of author attribution (AI vs. human) on 

(a) message acceptance and (b) policy support? 

The second mechanism, derived from psychological reactance theory, involves 

perceived threat to freedom. Psychological reactance theory posits that persuasive efforts 

can backfire if individuals perceive messages as threats to their freedom or autonomy, 

leading them to resist the persuasive attempt or endorse opposing viewpoints (Brehm, 

1966; Brehm & Brehm, 1981). Prior research has identified specific message 

characteristics that commonly trigger reactance, including explicitly revealing persuasive 

intent (Benoit, 2007; Heller et al., 1973), using controlling and intense language such as 

must, and ought as opposed to subtle language (Miller et al., 2007; Quick et al., 2011), 

and framing a message in terms of potential losses rather than gains. Consequently, 

minimizing the perceived threat to freedom is crucial for effective persuasion.  

In terms of evidence presentation, testimonial evidence may heighten perceived 

threats to freedom due to its reliance on authoritative endorsements, implicitly limiting 

audience autonomy and their ability to independently scrutinize message content. The 

authoritative tone combined with the limited transparency inherent in testimonial 

evidence can evoke a sense of coercion, thereby increasing psychological reactance. 

Demonstrative evidence, by contrast, alleviates these concerns by explicitly outlining 

methodological procedures, reasoning pathways, and foundational data. Such 

transparency fosters an environment conducive to audience autonomy, allowing 

individuals to freely and independently engage with the message content without feeling 

pressured. Consequently, demonstrative evidence is expected to enhance persuasive 

effectiveness by substantially reducing perceptions of threat to freedom. 
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H8: The effect of demonstrative (vs. testimonial) evidence on (a) message 

acceptance and (b) policy support will be mediated by reduced threat to freedom. 

Regarding author attribution, similar considerations may apply. Audience 

perceptions of AI-attributed messages can either alleviate or exacerbate perceived threats 

to freedom, contingent upon their interpretation of AI intent and neutrality. On one hand, 

messages attributed to AI may be perceived as impartial and unbiased due to their non-

human origin, potentially diminishing feelings of coercion and reactance. Conversely, 

AI-generated content might be viewed as rigid, prescriptive, or even manipulative, 

provoking psychological reactance rooted in mistrust, apprehensions about algorithmic 

biases, or perceptions of inadequate human empathy and nuanced communication. To 

investigate these possibilities clearly, this study examines threat to freedom as a potential 

mediator in the context of AI versus human author attribution: 

RQ4: Does threat to freedom mediate the effect of author attribution (AI vs. 

human) on (a) message acceptance and (b) policy support? 
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Chapter 3: Methods 

Pre-tests 

Pre-Test 1 

A series of pre-tests were conducted to develop and refine stimuli for effective 

manipulation. The first pilot test utilized Amazon Mechanical Turk (MTurk), evaluating 

four initial stimulus variations within a 2 (evidence type: demonstrative vs. testimonial) 

× 2 (author attribution: AI vs. human) factorial design, without including a control 

condition. Out of 92 responses initially collected, 16 incomplete responses (i.e., those not 

fully completed) were excluded, resulting in a final sample of 76 responses for analysis. 

All versions used the same article titled, “The climate crisis isn't coming, it's here, and 

these heat waves show why we need to act,” formatted realistically with a bold headline, 

author byline, timestamp, and a prominent image depicting scorching sunlight over a city. 

Author attribution was manipulated by assigning different author names and 

providing corresponding brief author descriptions. The AI-attributed article explicitly 

listed ChatGPT as the author and included an explanatory note: “About the Author: This 

article was meticulously crafted by ChatGPT, an advanced artificial intelligence 

developed by OpenAI. ChatGPT generates text based on patterns learned from extensive 

datasets, enabling content creation across various topics.” Additionally, the introductory 

paragraph clearly disclosed AI authorship: “Committed to innovation and journalistic 

excellence, our newsroom is actively exploring the potential of generative artificial 

intelligence. The article you are reading has been written by ChatGPT, a generative AI 

technology, in response to the provided prompt.” In contrast, the human-attributed article 
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named “Jonathan Ross” as the author, omitting AI-related explanations, resulting in a 

slightly shorter article. 

Regarding evidence presentation, testimonial evidence emphasized research 

conclusions through citations of experts and authoritative institutions such as the 

Environmental Protection Agency (EPA), the National Oceanic and Atmospheric 

Administration (NOAA), and the Intergovernmental Panel on Climate Change (IPCC). 

Representative statements included: “Experts like Dr. Emily Sanchez of the National 

Climate Assessment underscore the direct correlation between rising global temperatures 

and the intensity of heatwaves,” and “The Intergovernmental Panel on Climate Change 

(IPCC), a leading world authority, regards heatwaves as a signature of climate change.” 

Conversely, demonstrative evidence detailed research methodologies, data collection 

processes, and their implications, using accessible language and analogies, for example: 

“The EPA's method for analyzing this data mirrors a jeweler’s precision in assessing gem 

quality. The EPA set specific criteria, defining a heatwave as a period of two or more 

consecutive days with temperatures in the top 15% for July and August.” 

The exact stimuli used in the first pre-test are included in Appendix A.2. Contrary 

to expectations, participants did not accurately categorize author attribution and clearly 

differentiate between evidence types. Regarding author attribution, most participants who 

read the AI-attributed article correctly identified the author as AI (n = 36, 87.8%). 

However, among participants who read the human-attributed article, over half mistakenly 

identified the author as AI (n = 21, 52.5%), resulting in only 47.5% (n = 19) correctly 

identifying the human author. This outcome suggests participants may have doubted the 

authenticity of the human source due to the prevalence of AI-generated information in the 
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current media environment, or they did not pay sufficient attention to the author 

information as anticipated. 

Additionally, participants exhibited difficulty categorizing the evidence type 

correctly. Manipulation checks included four statements rated on a 7-point Likert scale to 

assess agreement. Two statements described testimonial evidence: “The article 

emphasized the consensus among experts regarding the issue,” and “The article focused 

more on summarizing conclusions from various studies, rather than explaining the 

methods and processes used in one specific research.” Conversely, two statements 

described demonstrative evidence: “The article clearly explained how the study reached 

its conclusion by detailing the research methods and findings,” and “The article 

extensively used opinions from various experts and institutions to clarify the issue.” 

Results from t-tests indicated no statistically significant differences between the 

testimonial and demonstrative evidence conditions for either set of statements 

(testimonial statements: t(77.43) = 1.00, p = .32; demonstrative statements: t (77.80) = –

0.76, p = .45). Notably, participants who read demonstrative evidence scored slightly 

higher on testimonial statements (M = 5.29, SD = 0.89) than participants who read 

testimonial evidence (M = 5.07, SD = 1.11). Conversely, participants exposed to 

testimonial evidence scored somewhat higher on demonstrative statements (M = 5.32, SD 

= 0.89) compared to those who read demonstrative evidence (M = 5.17, SD = 0.93). 

Consequently, these results indicated a need for stronger manipulations to clearly 

distinguish author identity and effectively communicate differences between evidence 

types. 

Pre-Test 2 



39 

 

The second pre-test was conducted to address and improve upon issues identified 

during the first pre-test (see Appendix 2.3). Participants were recruited via Amazon 

Mechanical Turk (MTurk). Out of the 126 responses initially collected, 20 incomplete 

responses were excluded. Consequently, 106 responses were included in the final 

analysis. Several modifications were implemented consistently across all experimental 

conditions. First, the primary message of the article was revised, shifting from the impact 

of climate change on severe heat waves to the potential submergence of American cities 

due to rising sea levels. This new focus was reflected in the revised title: “American 

Cities Are Sinking. They Could Be Gone By the Near Future,” accompanied by an 

updated image depicting climate protesters. Additionally, the design of the article was 

modified to adopt a Q&A format, in which responses are attributed either to a human 

expert or to AI, depending on the condition. To enhance clarity and engagement, each 

question was visually separated using shaded boxes and section headers. Moreover, all 

responses were accompanied by either a human profile photo or an AI icon, clearly 

indicating the source of the answer. 

Author attribution was manipulated between conditions. In the human author 

condition, the article was attributed solely to “Jacob Freeman,” and the body text 

introduced the expert as “Dr. Tim Madden, a senior climate scientist at the Andlinger 

Center for Energy and the Environment at Princeton University.” The Q&A format 

reinforced the human authorship by directing the first question to the expert: “Dr. 

Madden, what does science say about the future of U.S. cities caused by climate 

change?” This phrasing emphasized that the article content was generated through human 

expertise. 
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In contrast, the AI condition included a joint byline, “By ChatGPT & Jacob 

Freeman,” and a prominently placed shaded box titled “What does it mean that one of the 

authors is ChatGPT?” This section clarified that the article was a collaboration between a 

human journalist and ChatGPT, an advanced AI model developed by OpenAI. The body 

of the article explicitly stated that the following content was curated by ChatGPT. In 

alignment with this framing, the first question in the article was phrased as “ChatGPT, 

what does science say about the future of U.S. cities caused by climate change?” rather 

than referencing a human expert. These changes clearly distinguished the AI condition 

from the human-authored version by emphasizing the involvement of generative AI 

instead of a named expert source. 

In addition, evidence presentation was manipulated within the main body of the 

article. Regardless of whether the condition featured demonstrative or testimonial 

evidence, the core message of the article remained consistent. It argued that scientific 

research has found that American cities, particularly Miami, are at risk of sinking due to 

climate change. The article also emphasized the importance of both individual and 

policy-level actions to mitigate these harmful impacts. 

In the demonstrative evidence condition, the article focused on predictive 

methodology by posing questions such as “What is a climate model and how does it 

predict future outcomes?” and “How reliable are these models?” The answers did not 

immediately present conclusions. Instead, they explained the procedures used to make 

predictions, introduced the concept of climate models, and used analogies to help readers 

understand the scientific process. This condition emphasized detailed explanations rather 

than citing expert opinions directly. 
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In contrast, the testimonial evidence condition included questions related to 

scientific consensus, such as “Is there scientific consensus on this threat?” and “How 

confident are scientists about the prediction?” The answers in this version centered on 

presenting scientific conclusions and listing institutions and scientists who support the 

argument. It also highlighted the strength of the consensus with statements such as, “This 

is not the view of a single scientist or research group. These conclusions are supported by 

multiple studies conducted by leading climate researchers worldwide.” 

The results indicated that confusion regarding author attribution persisted from 

the first pretest into the second pretest. Similar to the initial findings, participants who 

read the AI-attributed article correctly identified the author as AI with high accuracy 

(96.2%, n = 51). In contrast, correct author identification remained notably low among 

participants reading the human-attributed article; only 26.4% (n = 14) correctly answered 

"no" to the question, "Did the article you read say that part of it was written by ChatGPT 

(a generative artificial intelligence)?" Conversely, 73.6% (n = 39) incorrectly believed the 

human-attributed article was at least partially written by ChatGPT. This persistent 

misattribution, despite explicit statements indicating human authorship, suggests a 

broader skepticism among participants regarding the authenticity of human-generated 

content. These findings reflect growing uncertainty and diminished trust in author 

identification within an AI-saturated media environment, where the line between human 

and machine authorship is increasingly blurred. 

Regarding the manipulation of evidence type (testimonial vs. demonstrative), 

results showed only minimal improvement relative to the first pretest. Manipulation 

checks comprised four statements for each evidence type, assessed on a 7-point Likert 
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scale measuring agreement. Statistical analyses revealed no significant differences 

between participants in the testimonial and demonstrative conditions for testimonial 

evidence descriptions, t(101.43) = –1.53, p = .13, nor for demonstrative evidence 

descriptions, t(101.43) = –1.53, p = .13. Despite these nonsignificant results, mean 

comparisons indicated a directionally appropriate trend. Specifically, participants 

exposed to testimonial evidence scored higher on testimonial manipulation checks (M = 

5.55, SD = 0.84) compared to those in the demonstrative condition (M = 5.28, SD = 0.95). 

Likewise, those exposed to demonstrative evidence scored higher on demonstrative 

manipulation checks (M = 5.37, SD = 0.96) compared to their testimonial counterparts (M 

= 5.17, SD = 1.25). Although these differences did not achieve statistical significance, the 

directional consistency in mean scores suggests that the revisions to the stimuli were 

moving in the intended direction concerning evidence presentation clarity. 

Pre-Test 3 

The third pre-test was conducted using CloudResearch after updating the stimuli 

(see Appendix A.4). In this revised version, the primary focus of the article was slightly 

adjusted to emphasize the specific case of Miami. Consequently, the article's title was 

updated to “Miami Beach Could be Under Water Most Days in the Near Future,” 

accompanied by an image depicting a person navigating floodwaters with a bicycle. 

Additionally, a control condition was included for the first time, featuring an article about 

the 2024 Nobel Prize laureate, matched in length to the other articles. 

Other adjustments were made to author attribution. In the AI-attributed condition, 

the authors were consistently identified in the byline as ChatGPT and Jacob Freeman, 

accompanied by the same explanatory note from the second pre-test, clarifying 

ChatGPT’s involvement. The main content explicitly stated in the introductory paragraph 
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that the article was generated from ChatGPT’s responses. Similarly, the human-attributed 

articles retained the previous byline format and explicitly indicated collaboration with 

“Dr. James Whitman, a climate scientist at MIT, to explore the impact of climate 

change.” 

Regarding evidence presentation manipulation, significant enhancements were 

implemented to emphasize the distinctive characteristics of each evidence type, aside 

from the two shared questions: “What challenges do American cities face from climate 

change, with Miami as a key example?” and “How would this affect Miami?” 

First, the demonstrative evidence condition included three additional questions: 

“How do scientists measure sea level?” “How much has sea level risen recently, and what 

are the predictions for the future?” and “How do scientists use sea level data to make 

future predictions?” These questions systematically guided participants through the 

scientific process, from data collection to predictive modeling.  

Conversely, the testimonial evidence condition introduced three distinct 

questions: “Does science agree with climate predictions?” “What is the IPCC, and which 

scientists were involved?” and “Is there scientific consensus about the predictions of sea 

level rise caused by climate change?” Responses in this condition reinforced the strength 

and authority of scientific consensus and expert involvement in climate research. 

Initially, 357 responses were collected. After removing incomplete responses, 310 

participants remained for analysis. Participants were randomly assigned to one of five 

articles corresponding to the experimental design: four treatment groups (demonstrative 

evidence with AI attribution, demonstrative evidence with human attribution, testimonial 

evidence with AI attribution, and testimonial evidence with human attribution) and one 
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control article that was unrelated to climate change. The sample was generally distributed 

equally across conditions (see Table 1). 

Table 1 

Final Pre-Test Experimental Condition Assignment 

 

Evidence Presentation 

Demonstrative 

evidence 

Testimonial 

evidence 
Control 

AI-attributed n = 64 n = 59 
n = 61 

Human- attributed n = 60 n = 66 

  

After reading the assigned news article, participants answered several questions 

about its content. The first question asked, “What was the article about?” with two 

response options: “climate change” or “Nobel prize.” This item served as a manipulation 

check to differentiate the control article from the four treatment groups. Those who read 

the climate-related article all categorized it as climate change (n = 249, 100%). 

A second manipulation check addressed author attribution with the question, "Did 

the article you read clearly state that part of it was written in collaboration with ChatGPT 

(a generative AI)?" Participants responded with either “yes” or “no.” A chi-square test 

confirmed successful manipulation, with participants in the AI-authored condition 

accurately identifying the AI authorship in 99.19% of cases (n = 122), only 1 incorrect 

answer, while participants in the human-authored condition correctly recognized human 

authorship 78.72% of the time (n = 148). 

Next, two approaches were employed to verify the manipulation of demonstrative 

and testimonial evidence: (1) tally questions and (2) evidence quality questions. Given 

that these concepts were specifically introduced for this study, a thorough evaluation was 
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necessary. The first approach, tally questions, consisted of yes-or-no items designed to 

capture whether each article included certain specific details. These items were divided 

into demonstrative tally questions and testimonial tally questions. Demonstrative tally 

questions referred to specific details from the demonstrative evidence articles, while 

testimonial tally questions referenced details from the testimonial evidence articles. 

The demonstrative tally questions were: “Did the article mention so-called ‘King 

Tide flooding’?” “Did the article explain how ‘thermal expansion’ works?” “Did the 

article talk about the melting ice from glaciers or polar ice sheets?” and “Did the article 

mention methods for measuring sea level, like tide gauges, satellite altimetry, Argo floats, 

or GRACE satellites?” (M =0.57, SD = 0.40). In comparison, the testimonial tally 

questions included: “How many scientists were quoted in the article?” “Did the article 

reference multiple scientific organizations such as IPCC, NOAA, and NASA?” and “Did 

the article explain how the Intergovernmental Panel on Climate Change (IPCC) works?” 

(M = 0.33, SD = 0.39). 

Responses of “yes” were coded as 1 and “no” as 0. Scores were calculated by 

averaging items within each category (demonstrative or testimonial). A one-way 

ANOVA revealed a significant effect of condition on testimonial tally questions, F(2, 

307) = 95.32, p < .00. Tukey’s HSD indicated that participants in the testimonial 

condition (M = 0.83, SD = 0.22) scored significantly higher than those in the control (M = 

0.15, SD = 0.27, p < .001) and demonstrative (M = 0.53, SD = 0.41, p < .001) conditions. 

Similarly, a separate one-way ANOVA for demonstrative tally questions also showed a 

significant effect, F(2, 307) = 46.78, p < .001. Follow-up Tukey’s HSD test demonstrated 

that participants in the demonstrative condition (M = 0.55, SD = 0.41) scored 
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significantly higher than those in the testimonial; (M = 0.39, SD = 0.33, p < .001) and 

control (M = 0.06, SD = 0.16, p < .001) conditions. 

The second approach, evidence quality questions, assessed conceptual aspects of 

each evidence rather than specific details measured by the tally questions. Participants 

rated their agreement with statements designed to measure demonstrative and testimonial 

evidence quality using a 7-point scale (1 = Strongly Disagree, 7 = Strongly Agree). 

Demonstrative evidence quality statements focused on the thoroughness and clarity of 

explanations regarding data collection methods and analytical procedures, whereas 

testimonial evidence quality statements emphasized the degree of expert consensus and 

authoritative references presented within the article.  

The demonstrative evidence quality consisted of three statements: “The data and 

methods used to reach conclusions in the article were explained in detail with specifics,” 

“The information presented in the article explained how sea level data is used to predict 

climate change,” and “The article specifically explained how data is collected and 

analyzed for making sea level projections.” (M = 4.67, SD = 1.58, Cronbach’s alpha 

= .87). The testimonial evidence quality also included three statements: “The article 

emphasized the consensus among experts regarding the issue,” “The article focused on 

quoting authorities rather than explaining the technical process behind the research,” and 

“The article referenced a lot of different experts and scientists to support the claims 

made.” (M = 4.70, SD = 1.58, Cronbach’s alpha = .84) 

Mean values for demonstrative and testimonial evidence quality were calculated, 

and separate one-way ANOVAs were conducted. For testimonial evidence quality, the 

ANOVA found a significant effect of experimental condition, F(2, 307) = 47.42, p 
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< .001, η² = .24. Tukey’s HSD post hoc test confirmed that participants in the testimonial 

condition (M = 5.50, SD = 0.92) rated testimonial evidence quality significantly higher 

than those in both demonstrative (M = 4.54, SD = 1.68, p < .001) and control (M = 3.43, 

SD = 1.50, p < .001) conditions. Similarly, for demonstrative evidence quality, ANOVA 

results also showed a significant effect of condition, F(2, 307) = 50.79, p < .001, η² = .25. 

Tukey’s HSD comparison confirmed that participants in both the demonstrative (M = 

5.13, SD = 1.27) and testimonial (M = 5.00, SD = 1.32) conditions provided significantly 

higher ratings than those in the control condition (M = 3.09, SD = 1.66). However, no 

statistically significant difference was found between demonstrative and testimonial 

conditions (p = .73).  

Overall, evidence type manipulation showed considerable improvement compared 

to earlier pre-tests. Specifically, results from both the tally questions and the testimonial 

evidence quality questions demonstrated effective categorization in line with the intended 

experimental conditions. However, despite the demonstrative condition achieving the 

highest mean score (M = 5.13) for demonstrative evidence quality, the lack of statistical 

difference compared to the testimonial condition (M = 5.00) suggested that participants 

exposed to testimonial evidence may have inaccurately perceived the presence of 

methodological and analytical details typically associated with demonstrative evidence. 

Given that the testimonial articles prominently featured statements from various scientists 

and authoritative institutions, participants, particularly those reading quickly or 

superficially, may have mistakenly inferred that detailed methodological explanations 

were also present.  
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In comparison to earlier pre-tests, these results reflected meaningful progress in 

distinguishing between evidence types, confirming the general effectiveness of the 

manipulations. Nevertheless, the absence of a statistically significant difference between 

demonstrative and testimonial conditions for demonstrative evidence quality suggests 

that further refinements could further enhance the distinctiveness of the demonstrative 

condition. Based on these insights, final adjustments were made to optimize alignment 

with each experimental condition and ensure a clearer differentiation of demonstrative 

and testimonial evidence.  

Final Manipulation Revision  

Following a series of pre-tests, stimuli for the main study were finalized with 

substantial modifications aimed at improving clarity, readability, and logical flow (see 

Appendix A.1). The article title was updated to “Miami Beach’s Future at Risk: How 

Rising Seas Could Make the City Uninhabitable,” visually integrated with a background 

image instead of placing the image below the title and byline as previously done. 

Immediately following the title, author attribution was explicitly provided, clearly 

distinguishing between human and AI authors through the inclusion of either a human 

profile photo or an AI icon. 

Inspired by the New York Times (NYT) article titled “The Science of Climate 

Change Explained” (Rosen, 2021), the article included a concise summary of all main 

questions immediately following the introductory paragraph to enhance navigation and 

facilitate rapid content processing. After a concise introductory paragraph summarizing 

the main theme, a rectangular box prominently listed all four questions addressed in the 
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article, facilitating rapid navigation and content comprehension, critical considerations 

for survey-based experimental conditions, especially for inattentive participants. 

The main content was organized into two distinct evidence types: demonstrative 

and testimonial. The demonstrative evidence condition highlighted scientific 

methodologies and processes with questions including: “Why Is Climate Change Raising 

Sea Levels?” “How Do Scientists Measure Sea Levels?” “How Do Scientists Forecast the 

Future of Rising Seas?” and “What Does Science Say About Miami’s Future?” 

Conversely, the testimonial evidence condition emphasized expert authority and scientific 

consensus, featuring questions such as: “Which Experts and Institutions Support Climate 

Predictions for Miami?” “What Makes the IPCC a Credible Source for Climate Science?” 

“Do Experts Agree on the Predictions for Rising Seas?” and “What Does Science Say 

About Miami’s Future?” 

Also, to minimize potential confusion regarding author attribution, the AI-

authored condition clearly indicated ChatGPT as the sole author, removing any human 

co-authorship, while the human-attributed condition was listed human expert and 

journalists in the article. On top of that, visual design elements such as question boxes 

and author profile photos or icons were removed to streamline the presentation. 

Lastly, the control condition underwent minor adjustments, presenting a similarly 

structured article highlighting historical and recent literary achievements, thus ensuring 

consistency in length and narrative style with the experimental articles. 
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Main study  

Experimental Design 

A between-subjects experiment was conducted using a 2 (Evidence presentation: 

testimonial vs. demonstrative evidence) × 2 (Author attribution: AI vs. human) plus one 

control condition between-subjects design. All treatment conditions were given the news 

articles discussing the impact of climate change in Miami, specifically the prediction that 

Miami could experience severe flooding 200-300 days a year in the near future due to 

rising sea levels caused by climate change. In contrast, the control condition received a 

news article about the 2024 Nobel Prize laureates, which was completely irrelevant to 

climate change. 

The topic of climate change was intentionally chosen for two key reasons. First, 

while climate change is a scientifically established and widely accepted phenomenon 

among experts, it remains a politically charged issue, making it suitable for studying 

persuasion strategies in the context of politically polarized topics, particularly among 

individuals who distrust experts. Second, rather than addressing broad, well-established 

facts about climate change, such as its anthropogenic nature, the study focused on a 

specific consequence of climate change. Public acceptance of climate change and 

recognition of its human-driven causes have steadily increased, with the majority of 

Americans now acknowledging that climate change is primarily anthropogenic (Gallup, 

2024; Leiserowitz et al., 2024). However, greater divergence persists in public 

perceptions regarding the impacts of climate change, or at least in the range of perceived 

severity of these impacts (Leiserowitz et al., 2024). For instance, more than half of 

Americans currently do not believe climate change will pose a significant threat within 
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their own lifetimes (Sadd, 2023). Therefore, to better reflect real-world discussions and 

public debates surrounding climate change, the article focused on the increasing 

likelihood of regular flooding in Miami as a direct consequence of rising sea levels. 

An a priori power analysis using G*Power found that the experiment requires a 

minimum of 196 participants to achieve a power of .80 with a medium effect size (f 

= .25). However, to increase sensitivity and detect smaller yet theoretically meaningful 

experimental effects, the final sample size was substantially increased to over 1,000 

participants. This decision was guided by an additional G*Power analysis, which 

suggested that a sample size of at least 1,199 participants would be necessary to 

achieve .80 power for detecting a small effect size (f = .10). This adjustment was further 

justified by the final pre-test results, which did not yield statistically significant 

outcomes, presumably due to the limited sample size initially calculated for a medium 

effect. Practically, medium effect sizes are challenging to detect in message-effects 

research due to the subtle nature of persuasive influences (O’Keefe & Hoeken, 2021), 

reinforcing the necessity of this larger sample. 

Manipulation 

Five distinct news articles were developed, each closely mirroring a realistic 

online news format. These five stimuli are provided in Appendix A. Each article featured 

a title, an author byline accompanied by a brief author description, and content structured 

in a question-and-answer format. Author attribution was explicitly manipulated to 

indicate whether the article was created by an AI (ChatGPT) or a human expert. This 

explicit attribution was intentionally chosen because news consumers typically pay 



52 

 

limited attention to the sources of news stories (Amazeen & Muddiman, 2018). Within 

each article, either an AI or a human expert responded to questions related to the topic. 

In the AI-attributed condition, a message explicitly identified AI as the author. 

Instead of a human profile photo, an AI-generated icon was displayed alongside the 

author name “ChatGPT.” Accompanying this was an explanatory note stating, 

“ChatGPT, a Generative AI, is a type of artificial intelligence designed to create new 

content by analyzing patterns it has learned from vast datasets.” Additionally, the first 

sentence of the article clearly attributed authorship by stating, “ChatGPT addresses this 

issue through the four key questions below. 

In contrast, articles in the human-attributed condition were identical in content but 

presented as written by a human expert. These articles featured a realistic profile 

photograph and introduced the author as “James Preston,” a generic American name 

generated via ChatGPT. The accompanying biography noted, “Dr. Preston is a climate 

scientist and journalist with a Ph.D. in environmental studies, specializing in the impacts 

of climate change on coastal communities.” To maintain consistency in formality and 

structure with the AI-attributed condition, the first line of the human-attributed articles 

was adjusted to read: “Dr. Preston explores this issue through the four key questions 

below.” 

Evidence type was manipulated according to definitions of testimonial and 

demonstrative evidence. Across all conditions, articles described the potential 

ramifications of climate change for Miami in the near future; however, the manner in 

which this information was presented varied depending on the evidence condition. 
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Articles employing testimonial evidence emphasized authority and scientific consensus 

regarding anticipated severe weather events expected in Miami.  

Testimonial evidence manipulation  

The testimonial evidence article began with a brief introductory paragraph 

outlining predicted climate change impacts on Miami, stating, “By the end of the century, 

near-daily flooding could render parts of Miami Beach uninhabitable, severely 

threatening the city’s homes, businesses, and infrastructure.” This opening sentence was 

identical across all conditions, explicitly introducing the anticipated consequences of 

climate change for the Miami area. 

Subsequently, the testimonial evidence content was structured around four key 

questions, each followed by corresponding answers emphasizing scientific consensus and 

expert authority. The first question, “Which experts and institutions support climate 

predictions for Miami?” highlighted authoritative institutions and expert testimony, 

including: “The alarming forecasts about Miami’s future are supported by some of the 

world’s most trusted scientific institutions, including NASA, the National Oceanic and 

Atmospheric Administration (NOAA), and the Intergovernmental Panel on Climate 

Change (IPCC).” Expert quotes further emphasized certainty, such as Dr. David Miller 

from Columbia University stating, “The science is unequivocal: without significant 

emissions reductions, coastal cities like Miami face severe risks.” 

The second question asked, “What makes the IPCC a credible source for climate 

science?” Building upon the previous answer, this section elaborated on the IPCC's 

authoritative status, stating: “The IPCC (Intergovernmental Panel on Climate Change) is 

recognized as the most authoritative international body on climate change. Established by 
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the United Nations, it synthesizes peer-reviewed research from thousands of scientists 

across diverse disciplines.” Additionally, Dr. Emily Parker, a senior researcher at NOAA, 

explained, “The IPCC’s findings are the gold standard in climate science, representing 

the consensus of the world’s leading experts.” 

The third question directly addressed expert agreement, asking, “Do experts agree 

on the predictions for rising seas?” The response underscored strong scientific consensus, 

illustrated by quotes from prominent scientists such as Dr. John Williams from the 

University of Miami, who emphasized, “The level of alignment among experts is 

unprecedented. While minor specifics may vary, the overarching conclusions about the 

dangers of sea level rise are indisputable.” This consensus was further reinforced by 

references to leading organizations, including the American Meteorological Society, the 

Union of Concerned Scientists, and the National Academy of Sciences.  

The final question in the testimonial evidence condition, “What does science say 

about Miami’s future?” reiterated and summarized the predicted climate impacts detailed 

at the beginning of the article, emphasizing that “By the middle of the century, large 

sections of the city could experience regular flooding, and by the end of the century, 

flooding could occur almost daily.” This closing section was consistent across conditions, 

including demonstrative evidence. 

Demonstrative evidence manipulation  

Demonstrative articles emphasized transparency in data collection, measurement, 

and analytical procedures. The initial paragraph of the demonstrative articles matched the 

testimonial version, clearly stating the predicted climate change consequences for Miami: 
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“By the end of the century, near-daily flooding could render parts of Miami Beach 

uninhabitable, severely threatening the city’s homes, businesses, and infrastructure.” 

However, subsequent content differed, focusing on scientific processes rather than 

expert consensus. The first question asked, “Why is climate change raising sea levels?” 

explicitly addressing the foundational science behind the flooding prediction. The answer 

provided clear, accessible explanations, such as: “First, oceans absorb over 90% of the 

heat trapped by greenhouse gases, causing the water to expand—a process called thermal 

expansion. Second, as global temperatures rise, ice sheets and glaciers melt at an 

accelerated rate, adding massive amounts of water to the oceans.” Additional context 

linked these processes directly to local effects, specifically mentioning seasonal King 

Tides: “These rising seas are already having visible impacts in Miami Beach, most 

notably during seasonal King Tides, naturally occurring high tides driven by gravitational 

alignments of the sun and moon.” 

The second question, “How do scientists measure sea levels?” detailed specific 

methodologies and tools for sea level measurement. The explanation included precise 

descriptions of measurement instruments: “Tracking sea level changes involves a 

combination of advanced tools, including tide gauges, satellites like GRACE (Gravity 

Recovery and Climate Experiment), and Argo floats. Tide gauges, placed along 

coastlines, monitor ocean height relative to fixed land points, while satellites like 

GRACE measure changes in Earth’s gravitational field caused by melting ice.” 

The third question, “How do scientists forecast the future of rising seas?” 

integrated previous explanations by outlining how data are processed to develop 

forecasts. It introduced climate models as analytical tools: “Using the data collected from 
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these tools, scientists build climate models, powerful computer programs designed to 

simulate future conditions.” To facilitate reader understanding, these models were 

described through an accessible analogy, referring to them as “advanced 'what-if' 

machines” capable of running multiple hypothetical scenarios. For example, the article 

explained, “The model runs thousands of virtual experiments to test what might happen 

under various scenarios. For example, it might calculate what would occur if global 

temperatures rise by 2 degrees Celsius, causing ice sheets to melt faster and send more 

water into the oceans.” 

Finally, the demonstrative article concluded identically to the testimonial 

condition, addressing the question “What does science say about Miami's future?” and 

reiterating the predicted severity and impacts of sea-level rise. This closing paragraph 

emphasized direct consequences for Miami, aligning closely with the message acceptance 

measures employed in the study. 

Procedure and participants 

For participant recruitment, this study utilized CloudResearch, an online platform 

for human-subjects data collection. Recent research assessing data quality across various 

data collection platforms, conducted by Douglas and colleagues (2023), has affirmed the 

high data quality offered by CloudResearch. Specifically, participants on this platform 

demonstrate greater attentiveness to study instructions, a heightened comprehension of 

research tasks, and a consistent track record of providing reliable responses over time. 

This enhanced data quality has prompted recent studies across diverse fields, spanning 

from political science (Badas & Schmidt, 2023) to psychology (Galvan et al., 2023), to 

opt for CloudResearch as their chosen recruitment platform. 
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Once participants gave consent to take part in the experimental survey, they 

answered a series of initial questions. Before exposure to the experimental stimuli, trust 

in scientists was assessed. Participants were then randomly assigned to one of five 

conditions, resulting in a relatively even distribution of sample sizes (see Table 2) 

ranging from 273 to 293. In total, 582 participants read a demonstrative evidence article, 

580 read a testimonial evidence article, and 273 read the control article. Concerning 

author attribution, 584 participants received an AI-authored article, and 578 received a 

human-authored article. When the control article was counted as human-authored, this 

figure increased to 851. However, in subsequent analyses addressing author attribution 

(hypothesis and research question testing), the control condition was excluded to compare 

AI and human authorship for identical climate change content. A minimum time limit of 

25 seconds was imposed on the article section to ensure sufficient reading of the material. 

After reading the assigned article, participants responded to manipulation check 

items and additional measures, including two mediators (credibility and threat to 

freedom), two outcome variables (message acceptance and policy support), a moderator 

(machine heuristic), and demographic questions. On average, the survey took 13 minutes 

to complete, and each participant received $1.50 as compensation. 

Table 2 

Main Study Experimental Condition Assignment 

 

Evidence Presentation 

Demonstrative 

evidence 

Testimonial 

evidence 
Control 

AI-attributed n = 293 n = 291 
n = 273 

Human-attributed n = 289 n = 289 
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Initially, 1,438 responses were collected. Incomplete responses were 

automatically filtered out by CloudResearch during recruitment. Among these, three 

responses were removed from the dataset based on two attention check questions. The 

first attention check question asked participants to select the color purple from a list of 

colors, and all participants answered correctly. The second check instructed participants 

to write a one-sentence summary of the article they had just read. All responses were 

reviewed. Three participants who left this item blank were excluded from analyses. All 

other participants provided relevant summaries, which were judged to reflect engagement 

with the reading task. These responses ranged from general (e.g., climate change, Miami 

climate, Nobel Prize) to more detailed (e.g., how climate change causes increased 

flooding potential in Miami and how scientists and researchers gauge changes to said 

potential flooding). After removing the three blank responses, 1,435 valid responses 

remained for the final analysis. 

Participant ages ranged from 19 to 84 years (M = 46.80, SD = 15.90). The sample 

included 747 female participants (52.06%), 673 male participants (46.90%), 13 

participants identifying as non-binary, and 2 identifying as other. Most participants 

identified as White (73.59%, n = 1,056), followed by Black or African American 

(14.01%, n = 201), Asian (6.27%, n = 90), Hispanic (4.46%, n = 64), and Other (1.39%, n 

= 20). Two participants identified as American Indian or Alaska Native (0.14%), and two 

identified as Native Hawaiian or Pacific Islander (0.14%). 

In terms of education, 39.37% (n = 565) held a four-year degree, 11.64% (n = 

167) held a two-year degree, 20.91% (n = 300) had completed some college, 10.73% (n = 

154) were high school graduates, and 0.35% (n = 5) had not completed high school. An 
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additional 13.52% (n = 194) held a master’s or doctoral degree, and 3.48% (n = 50) held 

a professional degree. 

Regarding religious affiliation, 32.68% (n = 469) reported having no particular 

religious preference, 33.10% (n = 475) identified as Protestant, and 19.02% (n = 273) 

identified as Roman Catholic. The remaining participants identified with various other 

religious traditions, including Jewish (1.81%, n = 26), Buddhist (0.98%, n = 14), 

Mormon (0.84%, n = 12), Muslim (1.05%, n = 15), Hindu (0.35%, n = 5), Orthodox 

Christian (0.42%, n = 6), and other religions (9.76%, n = 140). 

Measures 

Message Credibility  

The measurement of message credibility was adapted from the study by 

Appelman and Sundar's study (2016) which defines credibility as an individual’s 

judgment of a message’s truthfulness. Of the three original items: accurate, authentic, and 

believable, two (accurate and believable) were chosen because they best fit the context of 

this study. In addition, two new items, credible and trustworthy, were included. 

Respondents were asked to rate how much they agreed with the following descriptions of 

the article in a 7-point Likert scale ranging from 1 (strongly disagree) to 7 (strongly 

agree): 1) accurate, 2) believable, 3) credible, and 4) trustworthy. Responses were 

recorded (M = 5.31, SD = 1.44, Cronbach’s alpha = .97).  

Threat to freedom 

Threat to freedom refers to an external factor that prevents an individual from 

exercising their independence and free will to (or not to) engage in a specific behavior 

(Brehm, 1966). It was assessed using four items commonly employed in prior research on 
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the topic (Dillard & Shen, 2005) including “The news article tried to manipulate me,” 

“The news article tried to make a decision for me,” “The news article threatened my 

freedom to choose,” and “The news article tried to persuade me.” (M = 3.13, SD = 1.61, 

Cronbach’s alpha = .90) 

Machine Heuristic 

Machine heuristic refers to a mental shortcut in which individuals attribute 

machine-like qualities or automated processes when forming judgments about the 

outcomes of interactions (Sundar, 2008; Sundar & Kim, 2019). A recent study (Yang & 

Sundar, 2024) introduced an updated machine heuristic scale, accounting for the 

expansion of features and capabilities of advanced machines like AI, which can handle 

both mechanical and traditionally human-centered tasks. Given the study’s focus on 

comparing the persuasive effect of AI versus human-attributed content, this construct was 

measured using a scale adapted from Yang and Sundar's (2024) machine heuristic scale, 

specifically reflective indicators. Participants rate their agreement with 7 statements, 

including: “AI is more reliable than humans in accurately reporting scientific 

information.” “AI is more dependable than humans in accurately reporting scientific 

information,” “I trust AI more than humans in accurately reporting scientific 

information,” “I am more confident in AI than humans in accurately reporting scientific 

information,” “I believe AI is more competent than humans in accurately reporting 

scientific information,” “I have a higher expectation for AI than humans in accurately 

reporting scientific information,” and “AI is better than humans in accurately reporting 

scientific information.” (M = 3.07, SD = 1.47, Cronbach’s alpha = .97). 
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Trust in scientists  

Following recent scholarly discussions on the conceptualization of trust in 

scientists (Besley et al., 2021; Besley & Tiffany, 2023), this study adopts a 

multidimensional approach to measuring trust. Specifically, trust in scientists is assessed 

across five key dimensions: competence, integrity, benevolence, and openness. The 

measurement items were adapted from existing validated scales (Cologna et al., 2025; 

Mede et al., 2025). Each dimension is measured using two items, resulting in a total of 

ten items. The survey employs a semantic differential question format, where participants 

respond to bipolar adjective scales. For example, participants were asked, "How honest or 

dishonest are environmental scientists?", with response options ranging from very 

dishonest to very honest. Other semantic differentials include scales such as very inexpert 

– very expert, very unintelligent – very intelligent, very unethical – very ethical, and very 

unwilling (to be transparent) – very willing. (M = 5.51, SD = 1.25, Cronbach’s alpha 

= .94) 

Message Acceptance 

Message acceptance assesses the persuasive power of a given message by 

evaluating how much individuals accept its claims. It was measured with 6 items, 

corresponding to the arguments presented in the article about climate change. Participants 

rated their agreement with statements such as: “Rising sea levels caused by climate 

change pose a serious threat to Miami Beach,” “By the middle of the century, large 

sections of Miami Beach will experience regular flooding due to rising sea levels,” 

“Without significant action, flooding in Miami Beach could occur almost daily by the end 
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of the century,” “I doubt that Miami Beach will actually be in danger of regular flooding 

anytime soon (recoded),” and “Miami Beach will become uninhabitable if sea levels 

continue rising as projected.” (M = 5.35, SD = 1.54, Cronbach’s alpha = .93). 

Policy support  

Policy support refers to the degree to which individuals advocate for climate-

related initiatives at the policy level, aligning with the themes presented in the news 

article they were exposed. To measure this construct, participants were asked: “To what 

extent do you support or oppose the following policies?” Responses were recorded on a 

7-point Likert scale, ranging from 1 (Strongly Oppose) to 7 (Strongly Support).  

Participants evaluated their support for seven specific climate policies, including 

“Eliminating funding for government programs dedicated to climate action,” “Rejoining 

international climate treaties (e.g., Paris Agreement),” “Implementing carbon taxes on 

greenhouse gas emissions,” “Setting enforceable caps on fossil fuel emissions for 

industries,” “Mandating energy efficiency standards for personal vehicles and household 

appliances,” “Taxing corporations based on carbon emissions,” and “Requiring power 

plants to eliminate all carbon emissions by 2040.” (M = 4.89, SD = 1.84, Cronbach’s 

alpha = .96). 

Manipulation check 

Presentation of evidence 

Similar to the final pretest, two measures were used to confirm the successful 

manipulation of evidence type (demonstrative vs. testimonial): tally questions and quality 

questions (see Figure 1). 

Tally question check. Tally questions required participants to indicate whether 

they noticed specific information in the article by responding either “yes” (coded as 1) or 
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“no” (coded as 0). Four demonstrative tally questions examined items such as “Did the 

article mention the so-called ‘King Tides’?” “Did the article explain how ‘thermal 

expansion’ works?” “Did the article talk about the melting ice from glaciers or polar ice 

sheets?” and “Did the article mention methods for measuring sea level, like tide gauges, 

satellite altimetry, Argo floats, or GRACE satellites?” 

Meanwhile, three testimonial tally questions addressed content such as “Did the 

article explain how the Intergovernmental Panel on Climate Change (IPCC) works?” 

“Did the article reference multiple scientific organizations such as NASA, NOAA, and 

IPCC?” and “Did the article include multiple quotes from different climate scientists?” 

Before the analysis, scores for each set of tally items were calculated by taking 

their mean, resulting in scales ranging from 0 to 1. Two one-way ANOVAs showed that 

both evidence types were manipulated as intended. For demonstrative tally questions, 

there was a significant difference among conditions, F(2, 1432) = 2276, p < .001. 

Participants who read demonstrative articles (M = 0.90, SD = 0.19) scored higher on 

these items than those in both the control (M = 0.05, SD = 0.17, p < .001) and testimonial 

(M = 0.16, SD = 0.26, p < .001) conditions. Similarly, for testimonial tally questions, 

there was a significant difference among conditions, F(2, 1432) = 1489, p < .001. 

Participants who read testimonial articles (M = 0.93, SD = 0.17) scored higher than those 

in the demonstrative (M = 0.23, SD = 0.33, p < .001) and control (M = 0.09, SD = 0.26, p 

< .001) conditions.  

To clearly illustrate the results and avoid potential confusion from averaged 

scores, tally responses were also summarized based on total scores as opposed to means, 

as presented in Tables 3 and 4. Table 3 specifically summarizes responses to the four 
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demonstrative tally questions, reporting frequencies and percentages for each condition. 

The results showed that 70.96% of participants in the demonstrative condition correctly 

identified all four items, compared to only 3.1% in the testimonial condition and 1.1% in 

the control condition.  

Moreover, Table 4 summarizes responses to the three testimonial tally questions, 

revealing that 80.86% of participants in the testimonial condition incorrectly identified all 

items, where as the majority of participants in the demonstrative (61%) and control 

(86.45%) conditions answered “yes” to none of the testimonial evidence related details.   

Table 3 

Summary of Responses to Demonstrative Tally Questions 

 0 1 2 3 4 

Demonstrative 5 (0.86%) 8 (1.37%) 38 (6.53%) 
118 

(20.27%) 

413 

(70.96%) 

Testimonial 
364 

(62.76%) 

116 

(20.00%) 

58 

(10.00%) 
24 (4.14%) 18 (3.10%) 

Control 
246 

(90.11%) 
12 (4.40%) 8 (2.93%) 4 (1.47%) 3 (1.10%) 

Note. The numbers in each cell represent frequencies, with percentages indicated in 

parentheses. Numbers in the first row (0–4) represent how many "yes" responses 

participants gave. The total number of demonstrative tally items was four. 

Table 4  

Summary of Responses to Testimonial Tally Questions 

 0 1 2 3 

Demonstrative 355 (61.00%) 111 (19.07%) 66 (11.34%) 50 (8.59%) 

Testimonial 3 (0.52%) 6 (1.03%) 102 (17.59%) 469 (80.86%) 

Control 236 (86.45%) 12 (4.40%) 11 (4.03%) 14 (5.13%) 
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Note. The numbers in each cell represent frequencies, with percentages indicated in 

parentheses. Numbers in the first row (0–3) represent how many "yes" responses 

participants gave. The number of items measuring the testimonial tally was 3.  

Quality question check. Quality questions focused on participants’ overall 

impressions of how each article presented its evidence. Three demonstrative quality 

statements were rated on a 7-point Likert scale (1 = Strongly disagree, 7 = Strongly 

agree) and included the items: “The article walked me through how sea level data is 

measured, detailing tools like tide gauges and satellites,” “The article explained how 

scientists input real‐world data into climate models to predict future flooding in Miami 

Beach,” and “The article provided a detailed look at how sea level data are analyzed 

before drawing conclusions about climate change.” Three testimonial quality statements 

emphasized expert consensus and institutional credibility, for example, “The article 

highlighted the scientific consensus among leading experts and institutions,” “The article 

cited multiple scientists and institutions to support its claims about rising sea levels,” 

“The article emphasized the credibility of the IPCC (Intergovernmental Panel on Climate 

Change) to support its conclusions on sea-level rise.” 

Two additional one-way ANOVAs confirmed that the evidence-type manipulation 

was successful. For demonstrative quality questions, the demonstrative condition (M = 

5.98, SD = 0.90) produced significantly higher ratings than testimonial (M = 3.61, SD = 

1.75, p < .001) conditions and the control (M = 1.75, SD = 1.45, p < .001), F(2, 1432) = 

946.60, p < .001. Likewise, for testimonial quality questions, the testimonial condition 

(M = 6.31, SD = 0.76) markedly outscored both the demonstrative (M = 3.73, SD = 1.61, 
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p < .001) and control (M = 1.99, SD = 1.52, p < .001) conditions, confirming the intended 

effect of the manipulation, F(2, 1432) = 1157.00, p < .001. 

Figure 1 

Results of Manipulation Checks by Evidence Type 

  

(a) Demonstrative Tally Questions (b) Testimonial Tally Questions 

  

(c) Demonstrative Quality Questions (d) Testimonial Quality Questions 

 

Note. Red bars represent the control condition, green bars represent the demonstrative 

evidence condition, and blue bars represent the testimonial evidence condition. Panels (a) 
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and (b) display manipulation check results based on tally questions, while panels (c) and 

(d) show manipulation check results based on evidence quality ratings. 

Author attribution 

Author attribution was checked by asking, “According to the article you just read, 

who is listed as the author?” with two response options, “James Preston (Human)” or 

“ChatGPT (AI).” Overall, 88.2% (n = 515) of participants in the AI condition correctly 

identified the author as ChatGPT, and 97.2% (n = 827) in the human condition correctly 

identified the author as James Preston. 

Taken together, the results from both the evidence presentation and author 

attribution checks confirmed that the manipulations operated as intended. The distinct 

differences among demonstrative, testimonial, and control conditions, along with the 

accurate identification of AI or human authorship, indicate that the experimental stimuli 

successfully captured the two factors under investigation. 
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Chapter 4: Results 

The persuasion effects of evidence type 

The first set of hypotheses (H1 and H2) examined whether exposure to persuasive 

messages about climate change, using either demonstrative or testimonial evidence, 

would result in higher message acceptance (H1) and policy support (H2) compared to a 

control condition. Participants in the control group read an unrelated article about the 

2024 Nobel Prize winners. A linear regression analysis was conducted, employing a 

dummy-coded independent variable (0 = control condition, 1 = persuasive conditions 

combining demonstrative and testimonial evidence). The results indicated that 

participants exposed to persuasive messages reported significantly higher message 

acceptance compared to the control group, b = 0.81, SE = 0.10, t(1433) = 7.98, p < .001, 

supporting H1. However, no significant difference was found in policy support between 

the control and persuasive message conditions, b = 0.11, SE = 0.12, t(1433) = 0.85, p 

= .39. Thus, H2 was not supported. 

The subsequent hypotheses (H3 and H4) directly compared the effectiveness of 

demonstrative versus testimonial evidence on persuasion outcomes. Specifically, H3 

posited that demonstrative evidence would result in greater message acceptance, while 

H4 proposed greater policy support when compared to testimonial evidence. To test these 

hypotheses, the control condition was excluded, and a linear regression was conducted 

using a dummy-coded variable for evidence type (0 = testimonial evidence, 1 = 

demonstrative evidence). Positive coefficients indicated that demonstrative evidence was 

more effective at inducing the outcome variable compared to testimonial evidence, 

whereas negative coefficients indicated the opposite. The results showed demonstrative 

evidence significantly increased message acceptance relative to testimonial evidence, b = 
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0.20, SE = 0.09, t(1160) = 2.33, p = .02, thus supporting H3 (see the first column of Table 

5). Conversely, no significant difference was found in policy support between evidence 

types, b = 0.09, SE = 0.11, t(1160) = 0.87, p = .38, providing no support for H4 (see the 

third column of Table 5). 

Table 5 

Effects of Evidence Type on Persuasion Outcomes  

 Message Acceptance  Policy Support 

 (1) (2)  (3) (4) 

Evidence Type 

(Testimonial = 0, Demonstrative = 1) 

0.20* 

(0.09) 

0.15* 

(0.06) 
 

0.09 

(0.11) 

0.02 

(0.07) 

Trust in Scientists  
0.86*** 

(0.04) 
  

1.13*** 

(0.04) 

Evidence Type  

      × Trust in Scientists 
 

-0.14** 

(0.05) 
  

-0.06 

(0.06) 

Adj. R2 0.004 0.443  -0.000 0.56 

Conditional Effects of Evidence Type      

     Trust in Scientists: Low  
0.31*** 

(0.09) 
   

     Trust in Scientists: Mean  
0.15* 

(0.06) 
   

     Trust in Scientists: High  
-0.02 

(0.09) 
   

Note. *p <.05, **p <.01, ***p <.001 Evidence type was coded as 0 = testimonial evidence 

and 1 = demonstrative evidence. Entries are unstandardized regression coefficients. 

Standard errors appear in parentheses. Low = 1 standard deviation below the mean. High 

= 1 standard deviation above the mean. 
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Next, H5 examined whether trust in scientists moderated the effect of evidence 

type on message acceptance (H5a) and policy support (H5b). H5 predicted that 

demonstrative evidence would be more persuasive among individuals with lower trust in 

scientists. The results revealed a significant interaction between evidence type and trust 

in scientists on message acceptance, b = -0.14, SE = 0.05, t(1158) = -2.59, p = .01, which 

supported H5a (see the second column of Table 5). 

A simple slopes analysis was conducted to investigate this interaction further. As 

shown in Figure 2, at low levels of trust (one standard deviation below the mean), 

demonstrative evidence significantly increased message acceptance compared to 

testimonial evidence, b = 0.31, SE = 0.09, t = 3.42, p < .001. At the mean level of trust, 

the effect remained significant but smaller, b = 0.15, SE = 0.06, t = 2.26, p = .020. 

However, at high levels of trust (1 SD above the mean), the effect of demonstrative 

evidence on message acceptance was not significant, b = -0.02, SE = 0.09, t = -0.24, p 

= .810. These findings suggest that demonstrative evidence led to greater acceptance 

among individuals with low or average trust in scientists, but its persuasive advantage 

diminished at higher levels of trust. In contrast, the interaction between evidence types 

and trust in scientists on policy support was not significant, b = -0.06, SE = 0.06, t(1158) 

= -1.06, p = .288. Therefore, these findings provide partial support for H5 because H5a 

was confirmed while H5b was not (see the fourth column of Table 5). 

Figure 2  

Effect of Evidence Type on Message Acceptance Across Levels of Trust in Scientists 
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Note. Lines represent message acceptance. The solid blue line represents individuals with 

high trust in scientists (+1 SD), for whom message acceptance did not significantly differ 

by evidence type. In contrast, the dashed green line (average trust, 0 SD) and dotted 

orange line (low trust, -1 SD) show significant differences in message acceptance 

between demonstrative and testimonial evidence conditions. 
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The persuasion effects of author attribution (AI versus human authors) 

Moving on from the effects of evidence type, RQ1 examined the direct effects of 

author attribution (AI versus Human) on persuasion outcomes, specifically message 

acceptance (RQ1a) and policy support (RQ1b). Simple regression results showed that, 

compared to the human-attributed article, the AI-attributed article did not significantly 

predict message acceptance, b = -0.11, SE = 0.09, t(1160) = –1.29, p = .20. Similarly, 

there was no significant effect of author attribution on policy support, b = –0.01, SE = 

0.11, t(1160) = –0.13, p = .89. These findings suggest that, whether a message was 

attributed to AI or to a human did not significantly affect either persuasion outcome. 

H6 proposed that the effect of author attribution (AI versus human) on persuasion 

outcomes would be moderated by machine heuristic. This hypothesis examined whether 

the interaction influenced message acceptance (H6a) and policy support (H6b). Two 

linear regression models were conducted, each including an interaction term between 

author attribution and machine heuristic (see Table 6). 

Table 6 

Effects of Author Attribution on Persuasive Outcomes 

 Message Acceptance Policy Support 

 (1) (2) (3) (4) 

Author Attribution 

(Human = 0, AI = 1) 

-0.11 

(0.09) 

-0.11 

(0.06) 

-0.01 

(0.11) 

-0.01 

(0.11) 

Machine Heuristic  
-0.05  

(0.04) 
 

-0.12* 

(0.05) 

Evidence Type 

      × Trust in Scientists 
 

0.11† 

(0.06) 
 

0.23** 

(0.07) 

Adj. R2 0.001 0.002 -0.001 0.005 
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Conditional Effects of  

Author attribution 
    

   Machine Heuristic: Low  
-0.28*  

(0.12) 
 

-0.34* 

(0.15) 

   Machine Heuristic: Mean  
-0.11 

(0.09) 
 

-0.01 

(0.11) 

   Machine Heuristic: High  
0.05 

(0.12) 
 

0.32* 

(0.15) 

Note. † p < .10. *p <.05, ***p <.001. Author attribution was coded as 0 = Human and 1 = 

AI. Entries are unstandardized regression coefficients. Standard errors appear in 

parentheses. Low = 1 standard deviation below the mean. High = 1 standard deviation 

above the mean.  

 

For message acceptance, the interaction between author attribution and machine 

heuristic was marginally significant, b = 0.11, SE = 0.06, t(1158) = 1.87, p = .06, which 

did not meet the conventional .05 threshold but aligned with the hypothesis at the .10 

level. A simple slopes analysis showed that among individuals low in machine heuristic 

(one standard deviation below the mean), AI-authored messages led to significantly lower 

acceptance compared to human-authored messages, b = -0.28, SE = 0.12, t = -2.24, p 

= .03. At the mean level of machine heuristic, the difference was not significant, b = –

0.11, SE = 0.09, t = -1.30, p = .20, and at high machine heuristic (one standard deviation 

above the mean), b = 0.05, SE = 0.12, t = 0.41, p = .68., the difference was also not 

significant. 

For policy support, the interaction was statistically significant, b = 0.23, SE = 

0.07, t(1158) = 3.09, p = .002 (see Figure 3). A simple slope analysis indicated that 

among individuals low in machine heuristic, AI-authored messages produced 



74 

 

significantly lower policy support than human-authored messages, b = -0.34, SE = 0.15, t 

= -2.28, p = .02. On the contrary, among those high in machine heuristic, AI-authored 

messages led to greater policy support, b = 0.32, SE = 0.15, t = 2.09, p = .04. At the mean 

level, the effect was not significant, b = -0.01, SE = 0.11, t = -0.13, p = .89 

These findings suggest that AI-attributed articles are more effective among 

individuals with a favorable view of machines, yet they diminish persuasion among those 

with lower levels of machine heuristic. Taken together, these results provide partial 

support for H6. Although the interaction was only marginal for message acceptance 

(H6a), it followed the expected direction and was significant for policy support (H6b). 

Figure 3  

Effect of Author Attribution on Policy Support Across Levels of Machine Heuristic 
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Note. Lines represent predicted values of policy support at three levels of machine 

heuristic: low (−1 SD), average (0), and high (+1 SD). Error bars indicate 95% 

confidence intervals. The interaction shows that participants with low MH reported 

greater support for policies in the human-attributed article than the AI-attributed article. 

In contrast, those with high MH showed the opposite pattern, greater support for policies 

in the AI-attributed article.  

RQ2 explored whether the impact of evidence type (demonstrative vs. 

testimonial) on persuasion outcomes changes based on whether the message is attributed 

to AI or a human author. Two linear regression analyses were performed to examine 

interaction effects for message acceptance (RQ2a) and policy support (RQ2b). For 

message acceptance, the interaction between evidence types and author attribution was 

not statistically significant, b = -0.19, SE = 0.17, t(1158) = -1.11, p = .27. The same 

pattern emerged for policy support, b = -0.19, SE = 0.21, t(1158) = -0.86, p = .388. 

Overall, these findings suggest that the advantage of demonstrative over testimonial 

evidence does not depend on whether the author is perceived as an AI or a human. 

The mediation effects of credibility and threat to freedom 

To better understand the potential mechanisms underlying the persuasive effects 

of demonstrative evidence, H7 and H8 tested whether credibility and threat to freedom 

served as mediators, respectively (see Figure 4), using path analysis. H7 proposed that 

demonstrative evidence would enhance the credibility of the message, which in turn 

would increase message acceptance (H7a) and policy support (H7b). Perceived message 

credibility strongly predicted both outcomes, for message acceptance (b = 0.64, SE = 

0.03, p < .001) and policy support (b = 0.75, SE = 0.03, p < .001). Although 

demonstrative evidence showed a positive coefficient for increasing credibility relative to 



76 

 

testimonial evidence, b = 0.12, SE = 0.09, p = .20, this difference did not reach 

significance. As a result, the indirect effects of evidence type on message acceptance 

through credibility were not significant, b = 0.07, SE = 0.06, 95% CI = [-0.04, 0.19], and 

the same was true for policy support, b = 0.09, SE = 0.07, 95% CI = [-0.04, 0.22]. 

Therefore, H7a and H7b were not supported. 

Figure 4  

Mediation Model of the Effects of Evidence Type (Demonstrative vs. Testimonial) 

 

Note. *** p < .001. Evidence type was coded as 0 = testimonial evidence and 1 = 

demonstrative evidence. Solid lines indicate significant direct paths and dashed lines 

indicate nonsignificant paths. The model fit was perfect (χ²(0) = 0.00, RMSEA = 0.000, 

SRMR = 0.000, CFI = 1.00), indicating full saturation. 

In contrast, H8 proposed that demonstrative evidence would lower perceived 

threat to freedom, which would, in turn, increase message acceptance (H8a) and policy 

support (H8b). The result revealed that demonstrative evidence significantly reduced 
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threat to freedom compared to testimonial evidence, b = –0.32, SE = 0.09, p = .001. 

Threat to freedom was also a significant predictor of message acceptance, b = –0.20, SE 

= 0.02, p < .001 and policy support, b = –0.27, SE = 0.03, p < .001. Accordingly, the 

indirect effect of demonstrative evidence relative to testimonial evidence, through threat 

to freedom was significant for message acceptance, b = 0.06, SE = 0.02, 95% CI = [0.03, 

0.10], as well as policy support, b = 0.09, SE = 0.03, 95% CI = [0.04, 0.14], while the 

direct effect was not significant, indicating full mediation. These findings support H8a 

and H8b. 

Similarly, the final set of research questions considered the potential mediating 

roles of credibility (RQ3) and threat to freedom (RQ4) in the relationship between author 

attribution and persuasion outcomes. Specifically, this section examines whether the 

author attribution (AI vs. human) influences message acceptance and policy support 

indirectly through changes in perceived credibility and perceived threat to freedom. A 

path analysis was conducted to address these research questions, as illustrated in Figure 

5. 

Figure 5 

Mediation Model of the Effects of Author Attribution (AI vs. Human) 
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Note. *** p < .001. Author attribution was coded as 0 = Human and 1 = AI. Solid lines 

indicate significant paths, and dashed lines indicate nonsignificant paths. The model 

demonstrated full saturation with a perfect fit (χ²(0) = 0.00, RMSEA = 0.000, SRMR = 

0.000, CFI = 1.00). 

RQ3 investigated whether credibility mediated the relationship between author 

attribution and two persuasion outcomes, message acceptance (RQ3a) and policy support 

(RQ3b). The results revealed that the indirect effects of author attribution on both 

outcomes through credibility were statistically significant for message acceptance (b = -

0.19, SE = 0.06, 95% CI [-0.30, -0.08]), and policy support (b = -0.22, SE = 0.07, 95% CI 

[-0.36, -0.08]). In particular, compared to the human article, the AI article led to lower 

perceived credibility of the information, b = -0.29, SE = 0.09, p < .01. Subsequently, 

lower perceived credibility in turn predicted reduced message acceptance and policy 

support. These findings indicate that credibility is an important mediator of the 

relationship between author attribution and these persuasion outcomes. 
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RQ4 assessed whether threat to freedom mediated the effect of author attribution 

on message acceptance (RQ4a) and policy support (RQ4b). Although threat to freedom 

was a significant negative predictor of both message acceptance, b = -0.20, SE = 0.02, p 

< .001) and policy support (b = -0.26, SE = 0.03, p < .001), author attribution did not 

significantly alter perceived threat to freedom (b = 0.01, SE = 0.09, p = .94). 

Consequently, the standardized indirect effects through threat to freedom were not 

significant for message acceptance, b = -0.00, SE = 0.02, 95% CI = [-0.04, 0.04], or 

policy support, b = -0.00, SE = 0.03, 95% CI = [-0.05, 0.05]. These results imply that 

threat to freedom does not serve as a mediator of the link between author attribution and 

persuasion outcomes. 

Table 7 

Summary of Results 

Persuasion  

vs. 

Non-

persuasion 

message 

Hypothesis 1: Exposure to persuasive messages 

(either demonstrative or testimonial evidence) 

will increase message acceptance compared to 

the non-persuasive (control) condition. 

H1: Supported 

Hypothesis 2: Exposure to persuasive messages 

(either demonstrative or testimonial evidence) 

will increase policy support compared to the non-

persuasive (control) condition. 

H2: Not 

supported 

 

Demonstrative 

vs. 

Testimonial 

evidence 

Hypothesis 3: Demonstrative evidence will lead 

to greater message acceptance compared to 

testimonial evidence. 

H3: Supported 

Hypothesis 4: Demonstrative evidence will lead 

to greater policy support compared to testimonial 

evidence. 

H4:Not supported 

Hypothesis 5: Trust in scientists will moderate 

the effect of evidence type on (a) message 

acceptance and (b) policy support, such that 

H5a: Supported 

H5b: Not 

supported 
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demonstrative evidence (compared to 

testimonial) will be more effective among 

individuals with lower trust in scientists. 

AI- 

vs. 

Human-

attributed 

Research Question 1: Does author attribution (AI 

vs. human) influence (a) message acceptance and 

(b) policy support? 

No significant 

effects 

Research Question 2: Does the effect of evidence 

type (demonstrative vs. testimonial) on (a) 

message acceptance and (b) policy support differ 

depending on author attribution (AI vs. human)? 

No significant 

effects 

Hypothesis 6: Machine heuristic will moderate 

the effect of author attribution (AI vs. human) on 

(a) message acceptance and (b) policy support, 

such that AI-authored messages will be more 

effective among individuals with higher levels of 

machine heuristic. 

H6a: Supported 

(marginally 

significant) 

H6b: Supported 

Mediation Hypothesis 7: The effect of demonstrative (vs. 

testimonial) evidence on (a) message acceptance 

and (b) policy support will be mediated by 

increased credibility. 

H7a: Not 

supported H7b: 

Not supported 

Hypothesis 8: The effect of demonstrative (vs. 

testimonial) evidence on (a) message acceptance 

and (b) policy support will be mediated by 

reduced threat to freedom. 

H8a: Supported 

H8b: Supported 

Research Question 3: Does credibility mediate 

the effect of author attribution (AI vs. human) on 

(a) message acceptance and (b) policy support? 

No significant 

effects 

Research Question 4: Does threat to freedom 

mediate the effect of author attribution (AI vs. 

human) on (a) message acceptance and (b) policy 

support? 

No significant 

effects 
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Chapter 5: Discussions 

This study primarily examined two questions: (1) the effectiveness of two 

scientific information–based persuasion strategies (demonstrative vs. testimonial 

evidence), and (2) the persuasive impact of information attributed to AI versus a human 

author. 

Findings and theoretical contributions 

The findings indicate that both demonstrative and testimonial evidence effectively 

persuade audiences compared to non-persuasive messages. Specifically, as confirmed in 

H1, participants who read a news article describing expected climate change outcomes in 

the Miami area, either through demonstrative or testimonial evidence, showed 

significantly greater acceptance of the message than those who read a control article 

about a Nobel Prize unrelated to climate change. Here, message acceptance was 

measured by participants’ agreement with the climate change outcomes presented in the 

article. These results support the idea that carefully designed persuasive messages retain 

substantial influence in shaping audience perceptions. Additionally, these findings echo 

recent research that questions the existence of backfire effects when individuals 

encounter counter-attitudinal information or correction information (Wood & Porter, 

2019). 

While motivated reasoning and identity-based biases may occasionally limit the 

effectiveness of persuasive efforts, the findings of this study indicate that persuasive 

communication remains impactful. Recent research has begun to question the dominant 

assumption that motivated reasoning consistently undermines persuasion (Coppock, 

2023; Druckman & McGrath, 2019; Guess & Coppock, 2020). For example, Coppock 
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(2023) provided empirical evidence suggesting that the effects of motivated reasoning 

might be overstated by demonstrating that individuals often evaluate persuasive messages 

independently of their pre-existing beliefs, rather than exclusively reasoning in ways 

aligned with their identities. Practically, these findings underscore the value of delivering 

persuasive communications despite potential resistance, as effective persuasive messages 

generally yield more favorable outcomes compared to no persuasive attempts. 

Turning to the comparison between demonstrative and testimonial evidence, the 

present finding shows that demonstrative evidence is generally more effective, as 

supported by H3. Although both methods outperformed the non-persuasive control 

article, demonstrative evidence generated stronger persuasion overall. This finding 

provides valuable insights into effective science communication strategies, addressing a 

longstanding question in science communication research. Traditionally, scientific 

consensus messages have been viewed as the most effective method for communicating 

scientific information. However, the present study proposes a potentially more suitable 

and effective persuasive strategy, demonstrative evidence, as an advancement of 

consensus messaging. Aligning with recent research, Kim and Liu (2024) compared 

causal evidence to consensus messages regarding beliefs about anthropogenic climate 

change and found that causal evidence, conceptually similar to the demonstrative 

evidence utilized in this study, was slightly more effective in strengthening these beliefs. 

Moreover, the persuasive effect of demonstrative evidence was particularly 

pronounced among individuals with lower trust in scientists. Typically, people who hold 

low trust toward scientific experts are perceived as resistant to persuasion, either due to 

strong motivated reasoning or skepticism toward sources perceived as having low 
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credibility. Consequently, such individuals are often viewed as resistant or even 

unreachable through traditional persuasive strategies, despite being the very group most 

in need of effective communication. However, simple slope analyses revealed that 

demonstrative evidence significantly increased persuasion compared to testimonial 

evidence, especially among participants with low levels of trust. This persuasive 

advantage persisted at average trust levels but diminished and became non-significant at 

high trust levels (see Figure 2). These findings indicate that demonstrative evidence may 

be particularly effective in persuading skeptical audiences who tend to dismiss 

conventional expert-driven or consensus-based messages. Furthermore, these results 

strongly highlight a critical insight into effective science communication: the strategy of 

“Trust us, we are experts,” as exemplified by consensus-based messages, may resonate 

primarily with individuals who already trust scientists. Given that rejection of scientific 

findings often originates from a vocal minority who deeply distrust experts, 

demonstrative evidence, with its detailed explanation of scientific processes and 

methodologies, could serve as a particularly valuable approach for engaging this skeptical 

segment of the audience and encouraging acceptance of scientific facts. 

The moderation effect of trust in scientists on the persuasive effectiveness of 

demonstrative evidence found in the current study somewhat contrasts with Kim and 

Liu’s (2024) findings. They demonstrated that individuals with no trust in climate 

scientists were more persuaded by consensus messages than by causal messages, which 

primarily explained the scientific reasoning behind attributing climate change to human 

activities. Several reasons might explain this discrepancy. First, although the causal 

message from Kim and Liu (2024) shares conceptual similarities with demonstrative 
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evidence, the actual manipulations differ notably. Specifically, the demonstrative 

evidence used in the current study includes explicit methodological detail, clearly 

describing measurement instruments, scientific procedures, and analytical processes 

directly tied to outcomes. In contrast, their causal message focuses mainly on explaining 

the logic behind the attribution of climate change to human actions, without detailing data 

collection or analysis methods. Thus, while conceptually related, the greater 

methodological depth and practical specificity in demonstrative evidence may explain the 

differing moderation results between the two studies. 

Second, differences in the measurement of trust in scientists between the two 

studies may also account for the inconsistent results. Kim and Liu (2024) assessed trust in 

scientists using a single item: “How much, if at all, do you trust climate scientists to give 

full and accurate information about global climate change?” measured on a four-point 

scale. This approach primarily addresses the competence dimension of trust, capturing 

perceptions related to scientists' expertise and accuracy of information. However, trust in 

scientists is a multidimensional construct encompassing not only competence but also 

integrity, benevolence, and openness (Besley et al., 2021; Besley & Tiffany, 2023). In 

contrast, the current study employed a more comprehensive measure of trust that 

explicitly incorporated all four dimensions. Specifically, the measurement considered 

participants' beliefs regarding scientists' expertise and knowledge (competence), honesty 

and morality (integrity), concern for societal welfare (benevolence), and openness to 

feedback and transparency in communication (openness). Thus, the broader and more 

nuanced assessment of trust in the current study might have contributed to the observed 

differences in moderation effects between the two studies. 
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In addition to message acceptance, this study examined support for climate 

change policies as another outcome of interest. The results revealed no significant 

differences in policy support between persuasive messages and the non-persuasive 

control condition, nor between demonstrative and testimonial evidence conditions. This 

finding aligns with previous research indicating limited direct effects of persuasive 

messages on climate policy support (Bayes et al., 2020; Bolsen & Druckman, 2018; van 

der Linden et al., 2019). One likely explanation is that the articles did not explicitly 

articulate how specific policies could effectively mitigate the risks described in the 

climate change scenario. As a result, policy support in this context likely represents a 

spillover effect rather than a direct persuasive outcome, given that detailed policy 

implications were absent from the messages. Conversely, message acceptance was 

directly related to the explicit content provided within the climate change articles. 

Additionally, while accepting scientific facts about climate change may positively 

influence policy support, endorsing specific policies typically involves a deeper 

commitment, potentially requiring individuals to accept perceived personal costs or 

substantial shifts in social and political perspectives. This complexity likely makes policy 

support inherently more resistant to change. 

To further investigate the mechanisms underlying persuasive communication, this 

study examined the potential mediating roles of perceived message credibility and 

perceived threat to freedom. Specifically, two mediation models were tested. The first 

model explored whether evidence type (demonstrative vs. testimonial) influenced 

message acceptance and policy support through perceived credibility and perceived threat 

to freedom. The second model examined the same mediators in relation to author 
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attribution (AI vs. human). Both models indicated that higher perceived credibility and 

lower perceived threats to freedom were associated with stronger persuasive outcomes, 

although these mediators operated differently depending on the manipulated condition. 

These findings align with well-established persuasion principles, suggesting that credible 

messages that avoid restricting audience autonomy are more likely to achieve desired 

persuasive outcomes. 

In the evidence-type model (Figure 2), demonstrative evidence was more 

persuasive primarily because it reduced perceived threats to freedom, with no significant 

mediation observed via credibility. Although the credibility rating for demonstrative 

evidence (M = 5.27, SD = 1.40) was higher than that for testimonial evidence (M = 5.15, 

SD = 1.58), this difference was not statistically significant. These findings suggest that 

the persuasive advantage of demonstrative evidence arises mainly from its effectiveness 

in minimizing individuals' perceptions of autonomy restriction rather than from 

enhancing message credibility. However, this does not imply that testimonial evidence 

inherently induces strong psychological reactance. Instead, demonstrative evidence 

appears better suited to preventing reactance during information processing compared to 

testimonial evidence. 

In practical terms, this indicates that demonstrative evidence is persuasive not 

because individuals necessarily view it as more credible, but because it refrains from 

explicitly directing individuals on what they should believe. Demonstrative evidence 

provides detailed data and methodological transparency, enabling individuals to 

independently understand why experts reach certain conclusions, rather than compelling 

them simply to trust expert consensus. This perspective aligns with ongoing debates 
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regarding whether emphasizing scientific consensus, a defining feature of testimonial 

evidence, may inadvertently provoke reactance (Ma et al., 2019; Rode et al., 2023). 

Ultimately, the key insight is that demonstrative evidence’s persuasive advantage arises 

significantly from its capacity to suppress perceived threats to freedom, underscoring the 

value of transparency and detailed methodological information over solely emphasizing 

scientific consensus. 

Next, the same mediation pathway was explored in the context of author 

attribution (AI vs. human), another primary focus of this study. Interestingly, unlike 

evidence type persuasion, author attribution was mediated primarily through perceived 

credibility rather than perceived threat to freedom. Although higher perceived credibility 

and lower perceived threat to freedom consistently predicted greater message acceptance 

and policy support, author attribution affected outcomes exclusively via perceived 

credibility. 

Specifically, AI-authored articles were perceived as less credible, which led to 

decreased message acceptance and lower policy support. Figure 4 illustrates that 

perceived credibility fully mediated the relationship between author attribution and 

message acceptance and partially mediated the relationship with policy support. 

Interestingly, the direct path from AI authorship to policy support was positive and 

significant, while the indirect path via credibility was negative, causing these opposing 

forces to cancel each other out in the total effect. 

Initially, no overall significant difference in message acceptance or policy support 

was found with linear regression examining the direct effects of author attribution on 

persuasion outcomes (RQ1). Although mean comparisons indicated slightly higher scores 
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for human-authored articles (message acceptance: M = 5.56, SD = 1.45; policy support: 

M = 4.92, SD = 1.77) compared to AI-authored articles (message acceptance: M = 5.44, 

SD = 1.52; policy support: M = 4.90, SD = 1.88), these differences were not statistically 

significant. Therefore, the mediation analysis provides valuable context for understanding 

the nuanced differences in persuasiveness between human-authored and AI-authored 

messages, highlighting the importance of indirect effects that are not immediately 

apparent in simple direct-effect analyses. 

When machine heuristic was included as a moderator in these direct-effect 

analyses (H6), a clearer pattern emerged. AI authorship showed a marginally significant 

effect on message acceptance (p = .06) and a significant effect on policy support (p 

= .002). Individuals who strongly endorsed the machine heuristic (high belief in AI 

competence) demonstrated less bias against AI-authored messages, while those skeptical 

of AI were significantly less persuaded by AI-authored messages. Because the content 

remained identical across authorship conditions, these moderation results underscore the 

critical role prior attitudes toward AI play in shaping the persuasive impact of AI-

authored content. 

Limitations and future directions 

This study acknowledges several limitations. First, regarding the scope of the 

research topic, the current investigation specifically focused on climate change, 

emphasizing the particular context of its impacts in the Miami area. However, beyond the 

issue of climate change, numerous other topics within science and political 

communication exist in which evidence transparency, particularly demonstrative 

evidence, can be effectively utilized. Demonstrative evidence is likely to hold persuasive 
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advantages, especially for topics that are highly controversial or polarized, or where 

public skepticism toward experts or institutions significantly influences message 

acceptance. Theoretically, the persuasive advantages of demonstrative evidence over 

testimonial evidence have relevance across diverse contexts. Such contexts include health 

communication related to vaccine safety and public resistance, legal communication 

addressing voter fraud claims, and historical communication regarding controversies such 

as the role of slavery in the American Civil War. Therefore, future research should extend 

the application of demonstrative evidence to a broader range of topics and contexts to 

further clarify and explore the persuasive potential of evidence transparency.  

Second, regarding the study sample, the current research would have benefited 

from intentional, targeted recruitment of participants explicitly skeptical or resistant 

toward climate change science. Although the present study collected data from a broadly 

representative sample of the general American public, this general sampling approach 

limited the ability to capture detailed insights regarding how demonstrative and 

testimonial evidence specifically affect audiences who hold deeply entrenched opposing 

views. A more targeted recruitment strategy, intentionally selecting individuals resistant 

or skeptical toward climate change, would provide greater precision in assessing the 

effectiveness of different types of evidence presentation. Additionally, this approach 

would offer more detailed explanations about the moderating roles of relevant variables 

such as trust in experts, perceived source credibility, and perceived threats to freedom. 

Thus, future research, after fully establishing the theoretical underpinnings of evidence 

transparency, would adopt more targeted sampling strategies to provide deeper insights 

into persuasion among skeptical or resistant audience segments.  
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Third, the experimental stimuli in this study did not directly and thoroughly 

articulate relevant policy solutions. This omission is presumed to be a contributing factor 

to the persuasive effects observed primarily in message acceptance rather than policy 

support. Compared to general message acceptance, policy support involves greater 

personal and social commitment, resources, and direct action; thus, persuasive messages 

aimed at policy support need to explicitly illustrate how specific policies effectively 

address identified problems. For example, in the context of climate change messaging 

explored in this study, clearly describing how proposed policies can mitigate frequent 

flooding risks in areas like Miami Beach would strengthen persuasive outcomes related to 

policy endorsement. Consequently, future studies would benefit from incorporating 

comprehensive policy-related information into experimental stimuli, explicitly linking 

problem identification to effective policy solutions to enhance persuasive outcomes 

related to policy support. 

Fourth, regarding the comparison between AI-attributed and human-attributed 

articles, the widespread adoption of generative AI by the general public raises concerns 

about the ecological validity of the current study’s approach. Specifically, this study used 

pre-generated, static AI-produced messages presented to participants, a design choice that 

may differ substantially from how individuals commonly interact with generative AI in 

naturalistic settings. Allowing participants to directly engage with and obtain information 

from interactive generative AI systems would provide a more realistic and externally 

valid testing environment. Such interactive scenarios would likely offer richer insights 

into public perceptions of AI-generated content compared to human-generated content. 

Therefore, future research should adopt experimental designs enabling direct participant 
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interaction with generative AI tools, thereby strengthening the ecological validity and 

generalizability of findings. Thus, future research might consider employing 

experimental designs that involve direct interactions between participants and generative 

AI, thereby enhancing the ecological validity and generalizability of findings. 

Despite these limitations, this study substantially contributes to revitalizing 

previously stagnant theoretical discussions surrounding argument quality within 

persuasive communication research. It further proposes evidence transparency as a 

clearly operationalizable and measurable criterion of argument quality, addressing an 

overlooked dimension within this theoretical domain. Additionally, through mediation 

analysis, this research identifies potential underlying mechanisms that explain how 

persuasive processes operate with regard to evidence transparency and author attribution. 

These findings collectively offer valuable theoretical and practical insights for future 

persuasive communication scholarship.  

Conclusion 

This study aimed to address two primary questions: (1) identifying the relative 

effectiveness of demonstrative versus testimonial evidence as scientific information-

based persuasion strategies, and (2) exploring the persuasive implications of attributing 

messages to AI compared to human authors. Through experimental analysis, this research 

demonstrated that both demonstrative and testimonial evidence effectively enhanced 

message acceptance compared to non-persuasive control messages. However, 

demonstrative evidence was particularly effective, largely because it minimized 

perceived threats to freedom, especially among individuals skeptical of scientific 

expertise. Conversely, AI-authored messages were generally perceived as less credible, 
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leading to lower persuasive outcomes, though this effect was moderated significantly by 

individuals' prior beliefs about AI competence. 

Theoretically, these findings contribute to ongoing discussions about the critical 

role of message characteristics, particularly evidence transparency, in effective science 

communication. Practically, the study emphasizes that persuasive strategies based on 

detailed methodological transparency (demonstrative evidence) can be more effective 

than those relying solely on scientific consensus, especially for audiences skeptical of 

scientific authority. Additionally, the results highlight the importance of credibility 

perceptions in evaluating AI-generated messages, underscoring how pre-existing attitudes 

toward AI technologies critically shape their persuasive impact. 

Connecting these findings back to broader communication challenges, the study 

underscores that resistance to scientific messages often arises not solely from insufficient 

knowledge but significantly from how the information is communicated. Traditional 

consensus-based appeals, such as "trust us, we are experts," can alienate skeptical 

audiences by triggering reactance and resistance. Instead, this research advocates for 

greater methodological transparency and clarity about scientific processes, enabling 

individuals to independently evaluate scientific claims rather than feeling coerced into 

accepting expert conclusions. 

Ultimately, addressing public skepticism toward science, particularly in contexts 

polarized by identity and prior beliefs, requires nuanced communication strategies that 

respect audience autonomy and prioritize transparency. By better understanding the 

mechanisms underlying persuasion, such as perceived threats to freedom and credibility, 
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communicators can design more effective messages that foster acceptance of crucial 

scientific information, thereby enhancing informed public dialogue and decision-making.  
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Appendix A: Stimuli 

1. Main study stimuli  

a. Demonstrative evidence with AI attribution  
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b. Demonstrative evidence with Human attribution 
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c. Testimonial evidence with AI attribution  
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d. Testimonial evidence with Human attribution 
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e. Control condition 

 

  



99 

 

2. Pilot Test 1 Stimuli 

a. Demonstrative evidence with AI attribution 
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b. Demonstrative evidence with Human attribution 
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c. Testimonial evidence with AI attribution 
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d. Testimonial evidence with Human attribution 
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A.3. Pilot Test 2 Stimuli 

a. Demonstrative evidence with AI attribution 
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b. Demonstrative evidence with Human attribution 
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c. Testimonial evidence with AI attribution 
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d. Testimonial evidence with Human attribution 
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4. Pilot Test 3 Stimuli 

a. Demonstrative evidence with AI attribution  
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b. Demonstrative evidence with Human attribution 
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c. Testimonial evidence with AI attribution  
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d. Testimonial evidence with Human attribution 
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e. Control condition 
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Appendix B: Measures 

Measures (Main experiment) 

Trust in scientists 

1. How much expertise do environmental scientists have?  

(1= Very limited, 7 = Very extensive) 

2. How honest or dishonest are environmental scientists? 

(1= Very dishonest, 7 = Very honest) 

3. How concerned or not concerned are environmental scientists about people's 

well-being?  

(1= Very unconcerned, 7 = Very concerned) 

4. How willing or unwilling are most scientists to be transparent? 

(1= Very unwilling, 7 = Very willing) 

5. How intelligent or unintelligent are environmental scientists?  

(1= Very unintelligent, 7 = Very intelligent) 

6. How ethical or unethical are environmental scientists?  

(1= Very unethical, 7 = Very ethical) 

7. How eager or uneager are environmental scientists to improve others' lives? 

(1= Very uneager, 7 = Very eager) 

8. How much do environmental scientists pay attention to other people’s views? 

(1= Very little, 7 = Very much) 

 

Machine heuristic 

Please indicate the extent to which you agree with the following statements. 

(1= Strongly disagree, 7 = Strongly agree) 

1. AI is more reliable than humans in accurately reporting scientific information. 

2.  AI is more dependable than humans in accurately reporting scientific 

information. 

3. I trust AI more than humans in accurately reporting scientific information. 

4. I am more confident in AI than humans in accurately reporting scientific 

information. 

5. I believe AI is more competent than humans in accurately reporting scientific 

information. 

6. I have a higher expectation for AI than humans in accurately reporting scientific 

information. 

7. AI is better than humans in accurately reporting scientific information. 
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Message credibility 

Please indicate the extent to which you agree with the following statements about 

the news article you read. 

(1= Strongly disagree, 7 = Strongly agree) 

1. Accurate 

2. Believable 

3. Credible 

4. Trustworthy 

 

Threat to freedom  

Please indicate the extent to which you agree with the following statements about 

the news article you read. 

(1= Strongly disagree, 7 = Strongly agree) 

5. The news article tried to manipulate me.  

6. The news article tried to make a decision for me.  

7. The news article threatened my freedom to choose.  

8. The news article tried to persuade me.  

 

Message acceptance 

Please indicate the extent to which you agree with the following statements. 

(1= Strongly disagree, 7 = Strongly agree) 

1. Rising sea levels caused by climate change pose a serious threat to Miami 

Beach.  

2. By the middle of the century, large sections of Miami Beach will experience 

regular flooding due to rising sea levels.  

3. Without significant action, flooding will become a near‐constant issue for 

Miami Beach residents.  

4. Frequent flooding will disrupt life in Miami Beach for 200 to 300 days a year.  

5. I doubt that Miami Beach will actually be in danger of regular flooding anytime 

soon.  

6. Miami Beach will become uninhabitable if sea levels continue rising as 

projected. 

 

Policy support 

To what extent do you agree with the following statements? 

(1= Strongly oppose, 7 = Strongly support) 

1. Eliminating funding for government programs dedicated to climate action   

2. Rejoining international climate treaties (e.g., Paris Agreement)  

3. Implementing carbon taxes on greenhouse gas emissions  

4. Setting enforceable caps on fossil fuel emissions for industries  
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5. Mandating energy efficiency standards for personal vehicles and household 

appliances  

6. Taxing corporations based on carbon emissions  

7. Requiring power plants to eliminate all carbon emissions by 2040  

 

Manipulation checks questions 

Author manipulation check question  

According to the article you just read, who is listed as the author? 

• James Preston (Human)   

• ChatGPT (AI)  

 

Evidence manipulation check: (1) Tally questions 

We’ll ask about the details from the article you read. If the article didn’t mention 

something we ask about, please select ‘No.’ It’s possible that none or only some of 

these details were included. 

(1 = Yes, 0 = No) 

1. Did the article mention the so-called “King Tides”? 

2. Did the article explain how “thermal expansion” works? 

3. Did the article talk about the melting ice from glaciers or polar ice sheets? 

4. Did the article mention methods for measuring sea level, like tide gauges, 

satellite altimetry, Argo floats, or GRACE satellites? 

5. Did the article explain how the Intergovernmental Panel on Climate Change 

(IPCC) works? 

6. Did the article reference multiple scientific organizations such as NASA, 

NOAA, and IPCC? 

7. Did the article include multiple quotes from different climate scientists? 

 

Evidence manipulation check: (2) Evidence quality questions 

You’ll see statements about the article you read. Please rate how strongly you agree 

or disagree with each one.  

(1= Strongly disagree, 7 = Strongly agree) 

1. The article walked me through how sea level data is measured, detailing tools like 

tide gauges and satellites. 

2. The article explained how scientists input real‐world data into climate models to 

predict future flooding in Miami Beach. 

3. The article provided a detailed look at how sea level data are analyzed before 

drawing conclusions about climate change. 

4. The article highlighted the scientific consensus among leading experts and 

institutions. 



115 

 

5. The article cited multiple scientists and institutions to support its claims about 

rising sea levels. 

6. The article emphasized the credibility of the IPCC (Intergovernmental Panel on 

Climate Change) to support its conclusions on sea-level rise. 

 

Attention check  

Below is a list of colors. To show that you're still paying attention, please select the 

color purple. 

• Blue   

• Brown   

• Purple   

• Red   

• Green   

• Yellow   

 

Demographics 

1. What is your age (in years)?  

 

2. What is your gender?   

• Male  

• Female  

• Non-binary 

• Other, please specify  

 

3. What is your race?  

• White  

• Black or African American  

• Hispanic 

• Asian 

• American Indian or Alaska Native  

• Native Hawaiian or Pacific Islander  

• Other, please specify  

 

4. Generally speaking, do you usually think of yourself as a Democrat, a 

Republican, an Independent, or something else?  

• Strong Democrat  

• Moderate Democrat  

• Lean Democrat  

• Independent  



116 

 

• Lean Republican  

• Moderate Republican  

• Strong Republican  

 

5. What is your education level?  

• Less than high school degree  

• High school degree or equivalent (e.g., GED)  

• Some college  

• 2 year degree 

• 4 year degree 

• Professional Degree  

• Masters and/ or Doctorate 

 

6. What is your present religion, if any?  

• Protestant (e.g., Baptist, Methodist, Lutheran, Pentecostal, etc.) 

• Roman Catholic 

• Mormon (Church of Jesus Christ of Latter-day Saints) 

• Orthodox (e.g., Greek, Russian, or other Orthodox) 

• Jewish 

• Muslim 

• Buddhist 

• Hindu 

• Nothing in particular 

• Something else (please specify) 
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