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Abstract

Simulation is increasingly recognized as a methodological complement to human-1

subjects research in the social sciences. This study demonstrates the potential and2

limitations of simulated data by replicating a published experiment on race cues3

in mediated communication. Using an AI-enabled workflow, we reproduced the4

design of Hong et al. [2024], which tested the effects of creator race and influencer5

race on evaluation, credibility, message acceptance, and engagement. A simulated6

panel of 240 participants was generated across four experimental conditions and7

a control group. Statistical analyses showed a partial replication: the main effect8

of creator race on credibility, a central finding in Hong et al.’s human-sample9

data, was reproduced and even amplified. Message acceptance again showed null10

effects. However, the effects of influencer race observed in Hong et al. [2024] were11

absent, while the effects on evaluation and participation were exaggerated. These12

results highlight both the promise and the pitfalls of simulation: strong effects13

may be recoverable, but subtle, context-dependent differences may be lost. More14

broadly, simulation offers a pathway for accelerating theory testing, replication,15

and methodological innovation in social science research.16

1 Introduction17

The communication sciences have long relied on experimental and survey methods to understand18

how audiences process messages and evaluate communicators. Yet the replication crisis across19

psychology and related disciplines has underscored the need for complementary approaches to testing20

theoretical claims [Camerer et al., 2018, Collaboration, 2015]. Simulation, long used in computational21

sciences, is now emerging as a methodological frontier in social science research [Epstein, 1999]. By22

generating artificial samples under controlled parameters, researchers can explore whether effects23

observed in human participants reappear in constrained artificial contexts, thereby clarifying which24

effects are robust and which are fragile.25

Although rarely applied in communication, simulation offers at least three potential contributions.26

First, it can serve as a replication tool, testing whether previously reported effects can be reproduced27

under controlled artificial conditions. Second, it can serve as a theory probe, clarifying whether28

hypothesized effects emerge even when variability is reduced. Third, it can provide early validation29

for experimental designs, allowing researchers to refine hypotheses before committing to resource-30

intensive data collection [Park et al., 2023, Argyle et al., 2023].31

To illustrate this approach, the present study conducted a simulation-based replication of Hong32

et al. [2024], who examined how racial cues influence perceptions of credibility, evaluation, and33

engagement in mediated communication [Hancock et al., 2020]. Their results showed that the racial34

identity of the creator of a message strongly predicted perceptions of credibility, whereas the race35

of the communicator (in their case, a virtual influencer [Kim and Wang, 2024]) yielded weaker and36

less consistent effects. Message acceptance and engagement were largely unaffected. The current37
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study reproduced this design using AI-driven survey construction and simulated participants, asking38

whether these findings would generalize to artificial data.39

1.1 Research Objectives40

The present research, therefore, seeks to answer two core questions: (1) Can simulated agent data41

replicate the main findings of Hong et al. [2024], particularly the primacy of creator race in shaping42

credibility perceptions? and (2) To what extent do simulations reproduce or diverge from subtle effects43

of influencer race and interaction effects between creator and influencer identities? In addressing44

these questions, the study contributes to methodological debates about the use of AI and simulated45

datasets in social science research.46

1.2 Hypotheses and Research Questions in the Original Study47

In the original study, Hong et al. [2024] advanced two central hypotheses that guided their experimen-48

tal design. H1 predicted that the race of the creator would significantly shape audience perceptions.49

Specifically, messages attributed to a Black creator, compared to a White creator, were expected to50

yield more favorable evaluations of the communicator, greater message acceptance, higher perceived51

credibility of the creator, and stronger engagement intentions. The results provided partial support52

for this hypothesis. Among the four outcome measures, only credibility showed a significant effect:53

Black creators were rated as more credible than White creators. However, creator race did not54

significantly influence evaluation, message acceptance, or engagement intentions.55

H2 proposed that the race of the communicator would exert similar effects on audience responses.56

That is, messages delivered by a Black communicator, compared to a White communicator, were hy-57

pothesized to enhance evaluation, message acceptance, credibility, and engagement. This hypothesis58

was not supported. Across all outcome measures, communicator race failed to produce significant59

differences.60

These two hypotheses formed the focal point of the present simulation-based replication, as they61

directly addressed the experimental manipulations of creator and communicator race and their effects62

on audience perceptions.63

2 Method64

2.1 Research Design and Tools65

This study employed a mixed-methods approach that integrated artificial intelligence (AI)–driven66

research tools with simulated panel data collection, utilizing Liner Research Agents67

(https://getliner.com/). Survey design and data generation were conducted by converting PDF-68

based surveys into interactive, programmable survey instruments with customizable participant69

constraints. The process unfolded in four structured stages.70

In Stage 1, the original survey instrument, modeled on Hong et al. [2024], was uploaded in PDF71

format to the Panel Agent interface. The uploaded file contained measures of influencer evaluation,72

message acceptance, credibility, and engagement intentions, each assessed using established Likert-73

type scales. In Stage 2, the system parsed the uploaded survey and automatically extracted individual74

questions, which were then reviewed and edited for clarity. Researchers were able to add, modify, or75

remove content blocks, ensuring fidelity to the original instrument while preserving methodological76

flexibility. In addition to text-based research support, Liner AI is also capable of recognizing and77

processing images, allowing experimental stimuli to be embedded in studies not only as text but also78

as visual material.79

In Stage 3, persona constraints were applied to simulate a target population. These included setting80

the number of panel participants, establishing an age range of 18–65 years, and applying a minimum81

education requirement of high school completion. Additional custom constraints, such as gender82

or occupation, could be included as needed. In Stage 4, the survey was deployed to the simulated83

participant pool. The system tracked progress, response quality, and dropout rates. The simulated data84

collection achieved a 0% dropout rate, ensuring complete datasets across all experimental conditions.85

Finally, in Stage 5, the Panel Agent generated an automated report summarizing survey results and86

response patterns. This included descriptive statistics, Likert-scale distributions, and AI-generated87
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interpretation of response patterns. These outputs were exported and integrated with the statistical88

analyses conducted in R.89

2.2 Participants and Conditions90

The simulated panel consisted of 200 participants, distributed evenly across the four factorial con-91

ditions: Black Creator–Black Influencer (BCBI), Black Creator–White Influencer (BCWI), White92

Creator–Black Influencer (WCBI), and White Creator–White Influencer (WCWI). An additional93

40 participants formed a control group, producing a total of N = 240 observations. Each simu-94

lated participant was constrained by the predefined persona filters described above, which ensured95

representativeness across age and education criteria.96

2.3 Measures97

Dependent variables were adapted directly from Hong et al. [2024]:98

• Evaluation (Liking) – Participants rated overall liking of the virtual influencer on a 7-point99

Likert scale.100

• Message Acceptance – Agreement with and support for the influencer’s message.101

• Credibility (Trustworthiness) – Perceived expertise and trustworthiness of the creator.102

• Engagement Intentions – Willingness to share, comment on, or further engage with the103

influencer’s post.104

2.4 Analytic Strategy105

Data were analyzed in three stages. First, descriptive statistics were computed to establish baseline106

comparisons with Hong et al. [2024]. Second, two-way ANOVAs were conducted to examine the107

main and interaction effects of creator race and influencer race on each dependent variable. Finally,108

effect size comparisons were performed to evaluate whether the simulated dataset reproduced the109

magnitude and direction of Hong et al. [2024]’s findings.110

3 Results111

3.1 Descriptive statistics112

Across the simulated sample, mean scores were as follows. For evaluation, participants reported113

moderate-to-high liking, with a grand mean of 4.30 and a standard deviation of 0.48. For message114

acceptance, scores were higher, with a grand mean of 4.85 and a standard deviation of 0.44. For115

credibility, ratings were also moderate to high, with a mean of 4.35 and a standard deviation of116

0.52. For engagement, scores were moderate, with a mean of 3.90 and a standard deviation of 0.54.117

Compared to Hong et al. [2024], simulated data produced higher engagement scores and slightly118

higher evaluations, while credibility and message acceptance means were comparable.119

3.2 ANOVA tests120

A series of two-way ANOVAs examined the effects of creator race and communicator race on each121

dependent variable. For evaluation, the main effect of creator race was statistically significant,122

F(1,156) = 42.94, p < .001, partial η2p = .22. Communicators paired with Black creators received123

higher evaluations (M = 4.56, SD = 0.47) than those paired with White creators (M = 4.03, SD =124

0.45). The main effect of communicator race was not significant, F(1,156) = 2.15, p = .144, partial125

η2p = .01, nor was the interaction, F(1,156) = 0.36, p = .552, partial η2p = .00.126

For credibility, the main effect of creator race was again significant, F(1,156) = 52.62, p < .001,127

partial η2p = .25. Black creators were judged more credible (M = 4.70, SD = 0.47) than White creators128

(M = 4.00, SD = 0.46). No effects were found for communicator race, F(1,156) = 0.05, p = .819,129

partial η2p = .00, or for the interaction, F(1,156) = 0.02, p = .880, partial η2p = .00.130
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Table 1: replication summary comparing human and AI samples

Dependent variable Hong et al. (2024): human Simulation replication: AI Replication outcome

H1. Creator race (Black vs. White)
Evaluation (liking) n.s. Significant, Black > White

(p < .001)
Divergent (inflated)

Message acceptance n.s. n.s. Convergent (null)
Credibility Significant, Black > White

(p < .05)
Significant, Black > White
(p < .001)

Convergent (amplified)

Engagement intentions n.s. Significant, Black > White
(p < .05)

Divergent (new)

H2. Communicator race (Black vs. White)
Evaluation (liking) n.s. / modest trend (Black >

White)
n.s. Divergent (disappeared)

Message acceptance n.s. n.s. Convergent (null)
Credibility n.s. / modest trend (Black >

White)
n.s. Divergent (disappeared)

Engagement intentions n.s. n.s. Convergent (null)

Note. n.s. = not significant. “Convergent” indicates directionally consistent replication; “Divergent” indicates a
discrepancy (inflated/new/disappeared).

For engagement, results showed a smaller but statistically significant main effect of creator race,131

F(1,156) = 4.38, p = .038, partial η2p = .03. Black creators elicited greater engagement intentions132

(M = 4.02, SD = 0.52) compared to White creators (M = 3.78, SD = 0.51). The main effect of133

communicator race was nonsignificant, F(1,156) = 0.84, p = .361, partial η2p = .01, as was the134

interaction, F(1,156) = 0.12, p = .731, partial η2p = .00.135

For message acceptance, neither creator race nor communicator race yielded significant main effects,136

all ps > .10. Table 1 compares the hypothesis tests in Hong et al. [2024]’s original experiment with137

the simulation outcomes.138

3.3 Effect size comparisons139

Comparisons with Hong et al. [2024] indicate both convergence and divergence. The replicated140

finding of a main effect of creator race on credibility was consistent across both studies, though the141

effect was larger in the simulated dataset (mean difference = 0.70) compared to Hong’s original142

(= 0.35). The positive effect of creator race on evaluation was also stronger in the simulation143

(mean difference = 0.53) compared to Hong (0.37). Engagement showed a small but significant144

effect in the simulation (mean difference = 0.26), whereas Hong’s study reported null results. By145

contrast, communicator race effects were negligible in the simulation: mean differences were 0.12146

for evaluation and –0.01 for credibility, compared to Hong’s reported 0.26 and 0.35, respectively.147

4 Discussion148

The purpose of this study was to examine whether simulated datasets could reproduce previously149

reported findings in communication research. Using Hong et al. [2024] as a test case, results150

demonstrate a partial replication. The robust effect of creator race on credibility was reproduced,151

and the null effect of message acceptance was replicated. However, the simulation exaggerated152

creator-race effects on evaluation and engagement while failing to capture communicator-race effects153

observed in the original.154

These outcomes carry several implications. First, they suggest that simulations are most successful155

at recovering large, robust effects that align with strong theoretical predictions. The consistency156

of the creator-race effect on credibility illustrates this strength. Second, the inflation of certain157

effects, such as evaluation and engagement, shows that simulations may overemphasize salient158

identity cues, especially when human variability and context are stripped away. Third, the failure159

to reproduce communicator-race effects highlights how simulations may miss subtle, context-160

dependent processes like stereotype activation, which likely require human cognition to manifest.161
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More broadly, the findings illustrate how simulation can be positioned within communication re-162

search. Simulated data can be used as exploratory replications, testing the resilience of theoretical163

effects before human-subjects data are collected. They can serve as theory probes, clarifying which164

predictions are strong enough to emerge under artificial conditions and which depend on contextual165

nuance. They can also function as replication triage, helping researchers prioritize which effects166

deserve costly, large-scale replications [Collaboration, 2015, Camerer et al., 2018].167

At the same time, simulation should not be viewed as a substitute for empirical work. Artificial168

participants lack lived experience and cannot capture the full range of social dynamics present in169

real interaction [Bisbee et al., 2024]. The present study illustrates how simulations can inflate effect170

sizes and erase subtle ones [Hofmann et al., 2024]. As such, simulations are best conceptualized as a171

complement to traditional methods. The most promising pathway forward involves hybrid pipelines172

in which simulation informs experimental design, which is then validated through preregistered173

studies with human participants.174

In conclusion, simulation offers a valuable new tool for social science research. It can accelerate175

theory testing, facilitate replications, and clarify boundaries of generalizability. But it also introduces176

distortions that must be acknowledged. Researchers are therefore encouraged to integrate simulation177

into multi-method strategies, treating it as an exploratory aid rather than definitive evidence. In doing178

so, the field can take advantage of simulation’s efficiency while preserving the richness of human179

data essential to understanding communication processes.180
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Agents4Science AI Involvement Checklist206

1. Hypothesis development207

Answer: [B]208

Explanation: The research questions and hypotheses were developed by the authors based209

on Hong et al. (2024) and the replication literature in communication. AI tools were used210

only to organize citations and surface related work; they did not originate the hypotheses.211

2. Experimental design and implementation212

Answer: [D]213

Explanation: AI systems (e.g., Liner Research Agents and large language models) converted214

the survey, configured persona constraints, instantiated the four factorial conditions and215

control, executed the simulated panel, and produced the initial procedural report. Human216

involvement was limited to initiating prompts, high-level guidance, and compliance/quality217

checks.218

3. Analysis of data and interpretation of results219

Answer: [D]220

Explanation: AI generated the analysis code, ran two-way ANOVAs, computed effect sizes221

(partial η2p), drafted statistical summaries, and proposed interpretations relative to Hong et al.222

(2024). Human involvement was limited to sanity checks, spot verification, and alignment223

with the replication aims.224

4. Writing225

Answer: [D]226

Explanation: AI produced the majority of prose, LaTeX structuring, tables, and reference227

formatting. Human involvement consisted of light editing for clarity, factual verification,228

and adherence to venue style and ethics.229

5. Observed AI Limitations230

Description: High sensitivity to prompt phrasing and templates; occasional hallucinated231

statistical language or mislabeled effects; limited fidelity to subtle, context-dependent232

phenomena (e.g., communicator-race nuances); reduced transparency and reproducibility in233

proprietary pipelines (e.g., seeding, sampling). We observed a tendency to inflate salient234

identity effects while attenuating weaker ones, requiring careful human oversight.235
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Agents4Science Paper Checklist236

1. Claims237

Question: Do the main claims made in the abstract and introduction accurately reflect the238

paper’s contributions and scope?239

Answer: [Yes]240

Justification: The Abstract and Introduction (Research Objectives) state a partial replication241

and specify which effects converged or diverged; the Results and Discussion report the same242

pattern and scope.243

2. Limitations244

Question: Does the paper discuss the limitations of the work performed by the authors?245

Answer: [Yes]246

Justification: The Discussion details inflated effects for evaluation/engagement, absent247

communicator-race effects, and the contextual limits of simulations, and argues for hybrid248

pipelines.249

3. Theory assumptions and proofs250

Question: For each theoretical result, does the paper provide the full set of assumptions and251

a complete (and correct) proof?252

Answer: [NA]253

Justification: The paper reports empirical replication results without formal theorems or254

proofs.255

4. Experimental result reproducibility256

Question: Does the paper fully disclose all the information needed to reproduce the main ex-257

perimental results of the paper to the extent that it affects the main claims and/or conclusions258

of the paper (regardless of whether the code and data are provided or not)?259

Answer: [Yes]260

Justification: We specify design factors, N=240 with condition allocation, measures, ANOVA261

procedures, and effect-size reporting; we will include the survey instrument and analysis262

scripts in the supplementary material.263

5. Open access to data and code264

Question: Does the paper provide open access to the data and code, with sufficient instruc-265

tions to faithfully reproduce the main experimental results, as described in supplemental266

material?267

Answer: [No]268

Justification: At submission, code and simulated data are not publicly released due to plat-269

form constraints; we plan to share analysis scripts and a synthetic export in the supplement,270

subject to venue policy.271

6. Experimental setting/details272

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-273

parameters, how they were chosen, type of optimizer, etc.) necessary to understand the274

results?275

Answer: [Yes]276

Justification: For each DV we report the factorial design, constraints, and ANOVA settings;277

item wordings and randomization details will be provided in the appendix/supplement.278

7. Experiment statistical significance279

Question: Does the paper report error bars suitably and correctly defined or other appropriate280

information about the statistical significance of the experiments?281

Answer: [Yes]282

Justification: We report F -statistics with degrees of freedom, p-values, and partial η2p for283

each analysis.284
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8. Experiments compute resources285

Question: For each experiment, does the paper provide sufficient information on the com-286

puter resources (type of compute workers, memory, time of execution) needed to reproduce287

the experiments?288

Answer: [No]289

Justification: Compute needs are minimal (survey simulation plus R analyses), but specific290

hardware/software versions are not listed; we will add R version, packages, and hardware291

description in the supplement.292

9. Code of ethics293

Question: Does the research conducted in the paper conform, in every respect, with the294

Agents4Science Code of Ethics (see conference website)?295

Answer: [Yes]296

Justification: No human subjects were recruited; simulated participants were used. Sensitive297

content (race cues, BLM) is handled with appropriate framing and attribution to prior298

peer-reviewed work.299

10. Broader impacts300

Question: Does the paper discuss both potential positive societal impacts and negative301

societal impacts of the work performed?302

Answer: [Yes]303

Justification: The Discussion addresses benefits (faster replication, theory probing) and risks304

(effect inflation, loss of nuance), and recommends mitigation via hybrid human–simulation305

pipelines.306
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