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ABSTRACT 

Generative AI (Gen-AI) is increasingly used to communicate on behalf of organizational leaders. We 

investigate whether Gen-AI can mimic a CEO and whether employees display aversion to its 

communication. We present a framework distinguishing between a strong or weak form of Gen-AI 

aversion. In a field experiment, employees evaluated responses from their CEO (“Wade”) and an AI bot 

trained on the CEO’s communication. Employees correctly identified the source 59% of the time, yet 

rated responses believed were AI-generated as less helpful, regardless of actual source. A second study 

with a general audience directly manipulates AI labels and likewise finds AI-labeled responses are rated 

as less helpful. Together, the findings provide evidence of strong algorithm aversion to Gen-AI used as a 

CEO bot. 

  

MANAGERIAL SUMMARY  

Can an AI bot convincingly mimic a CEO’s? Extending the Turing test, we tested this with employees of 

a firm using an AI bot that mimicked its CEO. Employees correctly identified the response source only 

59% of the time, suggesting the AI closely mimicked the CEO. However, employees rated messages they 

believed came from AI as less helpful, regardless of their actual source. This aversion was strongest for 

communication aimed at revealing aspects of the leader. A second study with a general audience 

confirmed these findings. CEOs considering AI for their communication should recognize that while AI 

can mimic them effectively, employees may resist a CEO bot, particularly for communication that reveals 

aspects of the CEO. 
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1. INTRODUCTION 

How artificial intelligence (AI) will affect firms is a question of great interest to both organizational 

scholars (e.g., Allen & Choudhury, 2022; Berg et al., 2023; Doshi et al., 2025; Eloundou et al., 2024; 

Felten et al., 2021; Gaessler & Piezunka, 2023; Jia et al., 2024; Otis et al., 2024) and practitioners (e.g., 

Microsoft, 2024). Generative AI (Gen-AI) models, particularly large language models (LLMs), have 

emerged as transformative due to their ability to generate natural language, the primary form of 

communication in organizations (e.g., Yates & Orlikowski, 1992). Accordingly, research has investigated 

how Gen-AI is transforming the nature of work for employees (e.g., Brynjolfsson et al., 2025; Dell'Acqua 

et al., 2026; Noy & Zhang, 2023). Increasingly, employees are expected to interact and communicate, not 

only with other humans but also with AI bots. These can be designed to mimic specific individuals, 

possess knowledge about them, and even represent them in meetings (Leong et al., 2024). For example, 

some organizations, such as Zapier and Otter, have created AI bots to impersonate their CEOs, enabling 

interactions between employees and a CEO bot (Boyle, 2025). 

An important caution to using personalized AI bots to mimic organizational communication is 

raised by the literature on algorithm aversion (e.g., Dietvorst et al., 2015; Jussupow et al., 2024). 

Algorithm aversion refers to people’s tendency to discount or reject algorithmic output in favor of human 

output (e.g., Burton et al., 2020; Jussupow et al., 2024). Synthesizing prior literature, we can distinguish 

between a weak and strong form of algorithm aversion. While the weak form of algorithm aversion 

describes a discounting of algorithmic output when its performance is seen as worse than human output 

(e.g., Berger et al., 2021; Dietvorst et al., 2018), the strong form of algorithm aversion depicts a 

discounting of algorithmic output regardless of its actual or perceived performance, even when algorithms 

outperform humans (e.g., Jussupow et al., 2024; Yeomans et al., 2019). Hence, while a CEO bot imitating 

a specific CEO might be technologically feasible, whether such communication is well received by 

organizational actors remains a question of vital interest to organizational scholars. Therefore, we ask: 

Can Gen-AI convincingly impersonate a CEO in their communication, and do recipients display aversion 

to Gen-AI communication? 
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We assess our research question in a field experiment with a firm and its CEO, where the firm 

took the lead in developing an AI bot intended to impersonate the CEO and automate asynchronous CEO 

communication. The experiment is inspired by the Turing test, originally known as the imitation game 

(Turing, 1950), which is a blind test where a human guesses whether they are communicating with a 

human or a machine. We extend the Turing test from imitating a generic person to imitating a specific 

person, namely the CEO, to learn if an employee can guess whether they are communicating with the 

CEO or the CEO bot that impersonates the CEO. We call this test the “Wade test,” named after the firm’s 

CEO. A total of 105 employees of the firm voluntarily participated in the Wade test, each responding to a 

set of 10 predefined questions and answers. Experimental results show that employees correctly guess the 

source’s identity in 59.0% of 1,050 instances, somewhat better than random chance. For six out of 10  

questions, accuracy is not statistically different from 50%, suggesting that employees cannot distinguish 

between the bot’s answers and those of the CEO. In sum, the CEO bot nearly passes the Wade test. Next, 

we present evidence related to the second part of our research question: whether recipients exhibit 

algorithm aversion towards the Gen-AI communication. Employees rate answers they believe (often 

inaccurately) to be generated by the machine as less helpful than those they believe to be generated by the 

human CEO, which indicates Gen-AI aversion. Furthermore, we find that Gen-AI aversion is greater as 

Gen-AI performs better (i.e., when detectability is lower), which suggests a strong form of algorithm 

aversion. Relatedly, aversion is even more salient when the communication concerns revealing aspects of 

the CEO. 

We conduct an additional experiment with a general audience to directly test for a strong form of 

Gen-AI aversion. Participants were presented with analysts’ questions posed during earning calls to the 

CEOs of Hershey, General Motors, Nvidia, and Amazon and the answers of either the CEO or an AI (an 

LLM instructed to mimic the CEO in both content and style). We randomized whether answers were 

labeled as being generated by the human CEO or by the CEO bot. Importantly, regardless of their actual 

origin, answers labeled as AI generated were seen as less helpful than those labeled as generated by the 

CEO. In sum, whether the message is perceived by receivers as generated by AI (study 1) or labeled by 
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researchers as being generated by AI (study 2), receivers report lower helpfulness (i.e., greater algorithm 

aversion). These findings indicate that people exhibit a strong form of Gen-AI aversion in the context of a 

bot impersonating a CEO. 

This study contributes to two research streams. First, we contribute to the burgeoning 

organizational literature on the impact of Gen-AI on firms. Whereas this literature has focused on 

performance of employees while using Gen-AI based tools, our study sheds light on the promise and 

challenges of developing and deploying personalized bots that mimic communication by a specific 

organizational actor, in our case the CEO. The experimental results suggest that the successful 

deployment of personalized bots needs to account for a strong form of algorithm aversion that human 

recipients might exhibit towards such communication, especially if such communication is revelatory of 

the CEO. Second, we contribute to the algorithm aversion literature by developing a conceptual 

framework of Gen-AI aversion that distinguishes between a weak and strong form of aversion and 

summarizes three distinct types of Gen-AI failures: hallucination, anthropomorphism failure, and 

impersonation failure. 

 

2. CONCEPTUAL FRAMEWORK 

Prior literature on algorithm aversion has predominantly focused on predictive algorithms (Jussupow et 

al., 2024). Predictive algorithms include supervised learning models and recommender systems. In the 

former, the goal is to predict an outcome (e.g., estimating a movie’s box-office returns from features like 

genre, budget, and cast). In the latter, the goal is to predict the item that will maximize a user’s 

satisfaction or engagement (e.g., recommending a movie to a user based on past watch history and 

ratings). Both types of algorithms learn from historical data to uncover patterns that link inputs to outputs, 

and then apply the learned mapping to new inputs to predict outputs. Gen-AI also learns patterns from 

historical data, but it shifts the goal from prediction to the creation of novel data (e.g., producing a new 

movie).  
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Considering this difference, we argue that prior literature’s insightful findings need to be 

reviewed and substantially extended to the case of Gen-AI applications, such as a CEO bot. To this end, 

we develop a conceptual framework of Gen-AI aversion (see Figure 1). Specifically, we take three steps. 

First, we distinguish between weak and strong forms of algorithm aversion. Second, we discuss unique 

sources of failures for Gen-AI beyond ways in which predictive algorithms could fail.1 Finally, we link 

our Gen-AI aversion conceptual framework to the purpose of communication generated by a CEO bot. 

[[ INSERT FIGURE 1 ABOUT HERE ]] 

2.1. Weak and Strong Forms of Algorithm Aversion 

Extant literature defines algorithm aversion as the tendency of people to systematically discount or reject 

algorithmic output in favor of human output (e.g., Burton et al., 2020; Dietvorst et al., 2015; Jussupow et 

al., 2024). For example, Dietvorst et al. (2015) find that, even when an evidence-based algorithm 

outperforms a human judge at predicting MBA students’ future success, participants still discount the 

algorithm’s forecasts and prefer the human’s instead. Many other studies also report evidence of algorithm 

aversion (e.g., Allen & Choudhury, 2022; Castelo et al., 2019; Dietvorst et al., 2018; Tong et al., 2021, but 

see Logg et al., 2019). 

​ Synthesizing this literature, we distinguish between a weak and strong form of algorithm 

aversion. Weak algorithm aversion arises when people discount algorithmic output when its performance 

is perceived as worse than human output (e.g., Berger et al., 2021; Dietvorst et al., 2018). For example, in 

an incentivized call-center forecasting task, participants who observed the algorithm make small errors 

judged it less reliable and shifted to the human forecaster, discounting the algorithm because they 

perceived it would perform worse (Berger et al., 2021). In the case of predictive algorithms, performance 

is typically measured in terms of lower prediction errors: fewer misclassifications in a classification task 

(e.g., diagnosing a medical condition), predicted values closer to actual values in a regression task (e.g., 

estimating energy usage), or suggesting more preferred content in a recommendation task (e.g., 

1 We refer to Gen-AI failures as they apply not only to LLMs but also SLMs (small language models), an 
increasingly popular form of Gen-AI (e.g., Schick & Schütze, 2021), and to multiple data modalities (e.g., 
text, speech, video). 

6 



 

suggesting a song on a streaming platform). The algorithm need not perform objectively worse; rather, it 

is sufficient if it is believed to perform worse (e.g., Dargnies et al., 2026). Weak algorithm aversion can be 

mitigated by demonstrating superior algorithmic performance or the algorithm’s ability to learn (Berger et 

al., 2021; Dargnies et al., 2026). 

Strong algorithm aversion, on the other hand, is a discounting of algorithmic output regardless of 

its performance, even when algorithms actual or perceived performance exceeds that of humans 

(Dietvorst et al., 2015; Önkal et al., 2009). For example, Longoni et al. (2019) find that when patients 

must decide whether to undergo coronary-bypass surgery, they follow a physician’s prediction on the best 

treatment far more often than a computer program’s, even though both sources are described as achieving 

identical diagnostic accuracy in interpreting the patient’s blood-pressure, ECG, cholesterol and 

artery-blockage data. Past research documents other instances where people perceive algorithms as unfit 

to perform tasks, such as predicting how funny a joke is (Yeomans et al., 2019) or deciding whether to 

grant an offender parole based on the expected reoffending risk (Bigman & Gray, 2018). People may 

believe that algorithms categorically lack qualities that are required to perform certain tasks (e.g., 

prediction tasks with a higher degree of subjectivity) (Castelo et al., 2019). 

2.2. Gen-AI Aversion and Sources of Gen-AI Failures 

Gen-AI differs from predictive algorithms in two notable aspects: the scope of tasks performed and the 

types of algorithmic failures. Whereas predictive algorithms analyze existing data to predict outcomes, 

Gen-AI produces novel data. This remarkable capability to generate content gives rise to fundamentally 

different tasks, including code generation (Chen et al., 2021), scientific knowledge production (Bubeck et 

al., 2023), creative composition (Chen & Chan, 2024; Doshi & Hauser, 2024), and conversational 

interaction (Ross et al., 2023). 

This shift toward open-ended generation leads to new sources of algorithmic failure. Whereas 

predictive algorithms have one primary source of algorithmic failure (i.e., inaccurate prediction), our 

conceptual framework outlines three sources of algorithmic failures relevant to Gen-AI aversion in a CEO 

bot context: hallucination, anthropomorphism failure, and impersonation failure. 
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Hallucination. A hallucination occurs when a Gen-AI model fabricates plausible but incorrect 

content (Kaddour et al., 2023). For example, a CEO bot might incorrectly claim that subscription-based 

business models are rapidly gaining traction in the company’s core market based on trends in a related 

industry. Although related to errors made by predictive algorithms, hallucinations are context-dependent 

and harder to identify systematically than those of predictive algorithms, whose prediction errors can be 

verified against a known ground truth (Ji et al., 2023). Because LLMs are built to generate snippets of text 

sequentially and probabilistically, they produce text that is both coherent and unpredictable, resulting in 

hallucinations (Zhang et al., 2023). 

Anthropomorphism failure. Anthropomorphism failure is specific to Gen-AI designed to 

simulate human-like content (e.g., a customer service bot is expected to generate human-like text, unlike a 

code generator). Anthropomorphism failure occurs when Gen-AI falls short of natural human behavior in 

noticeable ways. For example, despite their sophisticated language capabilities, LLMs may display 

unnatural patterns such as being overly formal, maintaining an unnaturally consistent emotional tone, or 

failing to pick up on subtle social cues (Bojić et al., 2025). They might generate content with factually 

correct but socially awkward responses, such as being excessively polite, providing unnecessarily detailed 

explanations, or maintaining an unnatural level of patience that betrays their non-human nature (Kim et 

al., 2024). Unlike hallucination, where the model invents nonexistent facts, these errors arise despite 

factual accuracy as the response violates ordinary social expectations (Kim et al., 2024), highlighting 

anthropomorphism as a distinctive form of failure. It is these human-like characteristics that have long 

contributed to the challenge of passing the Turing test. 

Impersonation failure. Impersonation failure, unique to Gen-AI built to impersonate a particular 

person, arises when the generated content misrepresents the focal human’s identity, opinions, or 

communication style. It can take several forms, including conveying personal experiences that happened 

but did not involve the individual, deviating from the individual’s established persona (e.g., extraversion), 

failing to adopt the individual’s communication style, or shifting communication styles inconsistently 

across conversations (Frisch & Giulianelli, 2024). Impersonation failure is therefore distinct from the two 
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other failure types. Whereas hallucination concerns truth about the general state of the world, and 

anthropomorphism failure concerns conformity to generic human social norms, impersonation failure 

concerns person-specific coherence: the generated text may be both factually correct and socially 

plausible yet still defective because it attributes those facts or behaviors to the wrong individual or in the 

wrong voice. 

Although hallucination, anthropomorphism, and impersonation failures are conceptually distinct, 

they are interrelated. Their interdependence is most evident in the link between anthropomorphism and 

impersonation failures: if Gen-AI fails to appear convincingly human, it cannot reliably portray a specific 

human. Other failure modes may also interact. Paradoxically, injecting occasional hallucinations may 

enhance perceived humanness by mirroring the imperfect nature of human speech (Bluvstein et al., 2024) 

or by giving the impression of agency (Vanneste & Puranam, 2024). At the same time, hallucinations can 

undermine the impersonation of a person with integrity and help with establishing the impersonation of a 

person with low integrity. Just as the Turing test (i.e., imitating a generic person) depends on what is said 

and how it is said, the Wade test (i.e., imitating a specific person) is affected by the occurrence of all three 

failures. 

2.3. Gen-AI Aversion in the Context of a CEO Bot 

Prior research highlights communication as a critical task performed by CEOs (Bandiera et al., 2020; 

Eklund et al., 2026; Hambrick, 2007; Kotter, 1990). CEOs communicate with stakeholders within and 

across organizations to serve a wide range of purposes such as informing about decisions, affecting 

employees, and revealing personal facts (e.g., Kaplan, 2008; Liu et al., 2023). Communication is a 

time-consuming task for CEOs, and Bandiera et al. (2020) document that CEOs spend on average 70% of 

their time communicating with others.2 Porter and Nohria (2018: 5) draw attention to the issue of CEOs 

being overwhelmed with communication in the digital age, and call on scholars to study how CEO 

communication can “stay ahead of the digital avalanche”. Gen-AI enables generic chatbots capable of 

2 Relatedly, Porter and Nohria (2018) report that CEOs spend about 40% of their time in non-face-to-face 
communication activities, with on average 15% of their time allocated to reading and replying to written 
correspondence and 24% to electronic communication. 
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communicating similarly to humans. Personalized bots, such as a “CEO bot”, go beyond generic chatbots 

by impersonating an individual and may have profound implications for how CEOs communicate with 

other stakeholders.  

CEO bots are Gen-AI chatbots designed to mimic a specific executive and interact with 

employees and other stakeholders. These bots can facilitate CEO communication by providing an online 

channel allowing for synchronous or asynchronous communication, complementing direct 

communication from the CEO. As Gen-AI capabilities advance, particularly in language modeling and 

personalization, it is becoming increasingly feasible to deploy CEO bots that deliver contextually relevant 

communication at scale that is closely aligned with the CEO’s style. However, Gen-AI aversion 

introduces a critical concern for integrating a CEO bot into CEO communication: even if Gen-AI 

communication closely mimics that of the CEO, the audience may perceive and evaluate it differently. 

​ In our investigations, we explore three steps: whether Gen-AI aversion exists in the context of 

CEO communication, whether any aversion is of the weak or strong form, and if Gen-AI aversion 

depends on the purpose of CEO communication. Detecting weak or strong forms of aversion toward CEO 

bot communication requires observing whether the aversion is less when the bot performs better (weak 

form of aversion) or whether the aversion is greater or unchanged when the bot performs better (strong 

form of aversion). Mirroring the Turing test, an important measure of the CEO bot’s performance relates 

to detectability. A higher-performing bot will make it difficult for message recipients to distinguish 

between bot-generated and genuine CEO communications, leading to lower detection rates. Given this, 

we posit the following: if we observe less Gen-AI aversion when the bot performs better (i.e., has lower 

detectability levels), that would be indicative of weak aversion toward the communication generated by 

the bot. In contrast, if Gen-AI aversion is greater or unchanged when the bot performs better, that would 

be indicative of strong aversion toward bot-generated communication. 

​ Further, we contend that the degree of Gen-AI aversion toward CEO bot communication depends 

on the purpose of such communication. Through a comprehensive review of the leader communication 

literature, Liu et al. (2023) identify three main purposes of CEO communication: (1) to inform about 
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leadership decisions, (2) to affect and motivate stakeholders, and (3) to reveal aspects of leaders 

themselves. Gen-AI failures may not be equally relevant across these three communication purposes. For 

example, when the goal is to inform about leadership decisions, factual information (i.e., avoiding 

hallucinations) matters, whereas humanness (anthropomorphism failure) and personalness (impersonation 

failure) may matter less. Likewise, when the aim is to motivate stakeholders, factualness and humanness 

of the communication matter, whereas impersonation may matter less. However, if the purpose is to reveal 

aspects of the leader, all three failures could be relevant. Hence, below we focus on communication that 

reveals aspects of the CEO. 

When a CEO bot reveals aspects of the CEO, the effect on Gen-AI aversion depends on whether 

that aversion is of the strong or weak form. We speculate that revelatory communication may amplify 

Gen-AI aversion if it is of the strong form. Revelatory communication may include personal facts, 

personality traits, or inner psychological processes (Akstinaite et al., 2020; Liu et al., 2023). These 

disclosures enhance perceptions of a leader’s authenticity (Jiang et al., 2022), namely that a leader is 

genuine and acts in line with their true selves (Cha et al., 2019; George et al., 2007). Authentic leadership 

has received increased attention, because of the benefits to employees and organizations it yields 

(Clapp-Smith et al., 2009; Lehman et al., 2019; Rego et al., 2015; Wang & Hsieh, 2013; Wang et al., 

2014). Because authentic leadership is based on genuineness and self-alignment, we anticipate that a CEO 

bot will incur a penalty when engaging in revelatory communication, even if it perfectly mimics the CEO 

(i.e., the strong form of Gen-AI aversion). Stakeholders may prefer personal disclosures straight from the 

CEO rather than via a CEO bot. 

In contrast, revelatory communication may attenuate Gen-AI aversion if it is of the weak form. 

Because these disclosures concern private and difficult-to-observe experiences, recipients will have 

difficulty verifying the communication and thus struggle to differentiate bot-generated from genuine CEO 

messages. For example, recipients may find it easier to spot incorrect statements by a CEO bot if the 

question is about the current competitive landscape than if it is about a personal lesson learned by the 

CEO. Because a CEO bot’s performance is inversely related to detectability, a CEO bot may 
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paradoxically perform better in revelatory communication. If so, then it may lessen the weak form of 

Gen-AI aversion, as it is performance contingent. 

 

3. STUDY 1 

We conducted a pre-registered field experiment with the company Pulse (a pseudonym) to assess (1) the 

extent to which employees can distinguish between CEO and AI messages and (2) whether a message’s 

perceived origin affects its perceived helpfulness.3 

3.1. Context 

Pulse is a technology company with more than 800 employees. The CEO co-founded the company and is 

well-known internally. The CEO was motivated to engage in this study for two reasons. First, the Pulse 

CEO, like other CEOs, is shadowed by executive assistants who often respond to communications on the 

CEO’s behalf. The CEO was intrigued by the prospect of automating this process. Second, leading a 

technology company, the CEO wanted to see whether the CEO bot used in this study could serve as a test 

case for future products. 

The company led the development of the CEO bot, which consists of two LLMs. The underlying 

principle was that for the bot to be effective, it would have to mimic both the content and the style of 

CEO communication. The first model focused on content. It involved a foundation model (e.g., GPT-4) 

that answered questions based on company documents (e.g., Slack data, emails, and company reports). 

These documents were stored in a database, which the model used via retrieval augmented generation 

(RAG) (Gao et al., 2023). This technique integrates real-time document retrieval, reducing hallucination 

and improving factual correctness. The second model focused on style. Its goal was to rephrase input to 

impersonate the CEO. It involved a foundation model that was fine-tuned using texts the CEO had written 

(such as emails, Slack messages, and blog posts) addressed to both internal and external audiences. Thus, 

the user’s question was the input to the first model. Its output (i.e., a response intended to be factually 

3 The pre-registration is available here: https://aspredicted.org/NB1_F42 
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correct) served as input to the second model. The output of the second model (i.e., the response in Wade’s 

style) was returned to the user. 

3.2. Methods 

3.2.1. Participants 

All Pulse employees were invited to participate in the study on a voluntary basis (i.e., without extra 

compensation and beyond their usual job duties), and 105 employees (approximately 13 %) participated. 

Participants included senior management (13%) and other employees (87%). Participants had worked at 

the company for less than one year (13%), one to less than three years (44%), or three years or more 

(43%). Hence, the typical participant had been exposed to the CEO’s communication over a sustained 

period. A comparison of seniority and tenure found that senior management is overrepresented in the 

sample compared with the organization overall (13.0% vs. 6.0%) and no statistical differences for tenure 

(see Table A11 in the Online Appendix). In a robustness check, we investigate how seniority and tenure 

affect the results. 

3.2.2. Procedure 

Similar to a Turing test (Turing, 1950), employees had to indicate whether they thought an answer to a 

question came from the CEO or the AI. The questions were selected from a pool of 148 questions that 

new hires had recently submitted in an Ask-Me-Anything (AMA) forum. From this pool, an LLM 

(distinct from the models powering the CEO bot) extracted 10 themes and one exemplar question per 

theme. We used the 10 resulting questions (see Table 1).4 The CEO and AI separately responded to the 

questions. All answers were kept unchanged. 

[[ INSERT TABLE 1 ABOUT HERE ]] 

4 The typical case is that focal respondents assess questions they did not ask. Out of a total of 1,050 
observations, at most 10 will be for questions posed by a focal respondent. 
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In a within-subjects design, participants were presented with all 10 questions in the same order. 

Each employee randomly received the CEO’s answer for about half of the questions and the AI’s answer 

for the other questions.5 This approach yielded 105 (employees) * 10 (questions) = 1,050 observations. 

3.2.3. Measures 

Perceived origin was measured by the item “Who do you think wrote this answer?” (CEO / AI) and 

perceived helpfulness by the item “How helpful is this answer?” (1 = not helpful at all, 5 = extremely 

helpful).6 Because algorithm aversion is a tendency to discount or reject algorithmic output in favor of 

human output (e.g., Dietvorst et al., 2015; Jussupow et al., 2024), a difference in perceived helpfulness 

between responses believed to come from AI and those from the CEO is an indicator of Gen-AI aversion 

(Simantov-Nachlieli, 2025; Zhang et al., 2024). 

3.3. Results 

The accuracy of perceived origin was 59.0% (95% confidence interval (CI): [0.556, 0.624]). Guessing 

randomly would yield an approximate accuracy of 50%. Hence, distinguishing between CEO and AI 

answers is challenging for employees. Table 2 provides the confusion matrix, indicating that employees 

correctly identified 61.1% of CEO answers and 56.6% of AI answers. Figure 2 shows the accuracies and 

95% CIs per question. Accuracies for six out of 10 questions are statistically indistinguishable from 50%.  

[[ INSERT TABLE 2 ABOUT HERE ]] 

[[ INSERT FIGURE 2 ABOUT HERE ]] 

Model 1 of Table 3 reports a logistic regression with perceived AI (i.e., an indicator variable that 

is 1 when AI is the perceived origin and 0 otherwise) as the dependent variable. The specification 

includes fixed effects for questions and random effects for employees, which is more efficient than fixed 

6 We did not adopt a multi-item scale for perceived helpfulness to ensure that a sufficient number of 
employees would participate in the study. Any additional item would imply 10 additional responses per 
participant. 

5 The plan was for each employee to receive five CEO answers. However, due to the implementation of 
the randomization procedure in Qualtrics, there was a higher likelihood of participants getting the CEO’s 
answer for questions 9 and 10. Consequently, 71.4% of employees ended up with exactly five CEO 
answers, while the rest received six. Overall, 52.9% of all answers provided to employees came from the 
CEO. 
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effects, and true AI is orthogonal to employees. The effect of true AI is positive (b = 0.824; p < .001), 

which corresponds to an average increase of 17.6 percentage points in the probability that an answer is 

perceived as from the AI.7 

[[ INSERT TABLE 3 ABOUT HERE ]] 

Model 2 of Table 3 provides a linear regression with perceived helpfulness (M = 3.621, SD = 

1.005) as the dependent variable. The model includes fixed effects for questions and for employees, 

because perceived AI is not orthogonal to employees. Standard errors are clustered by employee.8 The 

effect of perceived AI is negative (b = –0.764; p < .001), which gives a standardized mean difference of 

–0.760. Thus, employees regarded answers they believed came from the CEO as more helpful than those 

they thought came from the AI. The effect of true AI is close to zero (b = 0.020; p = .668). Employees 

regarded answers that actually came from the CEO as equally helpful as those that actually came from the 

AI. We ran a mediation analysis with 10,000 bootstrap samples for the direct effect of true AI on 

perceived helpfulness and the indirect effect via perceived AI (Imai et al., 2010; Tingley et al., 2014). The 

direct effect is 0.021 (95% CI: [–0.066, 0.109]) and the indirect effect is –0.135 (95% CI: [–0.191, 

–0.081]). Perceived AI fully mediates the effect of true AI on perceived helpfulness.9 

3.4. The Weak and Strong Form of Gen-AI Aversion 

We posited that weak algorithm aversion relates to algorithmic performance and strong algorithm 

aversion is orthogonal to it. The CEO bot’s task was to mimic the CEO. Hence, it performs better if 

employees have more difficulty detecting the communication’s true source. Under weak Gen-AI aversion, 

employees’ aversion to responses believed to come from AI would increase as CEO and AI responses are 

easier to tell apart (i.e., when detection is higher). Under strong Gen-AI aversion, employees’ aversion to 

9 The absolute magnitude of the indirect effect is small because of the first step of the multiplicative 
mediation chain (true AI → perceived AI → perceived helpfulness). 

8 Clustering standard errors by employee and question yields similar results (see Table A2 in the Online 
Appendix). 

7 This is E[P(Y = 1 | true AI = 1)] – E[P(Y = 1 | true AI = 0)] and calculated as 1/J Σj E[P(Y = 1 | true AI = 
1, question = j)] – 1/J Σj E[P(Y = 1 | true AI = 0, question = j)]. 
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responses believed to come from AI would remain even if CEO and AI responses are difficult to tell apart 

(i.e., when detection is low). We investigate if the pattern of results fits with either. 

Figure 3 shows detection and Gen-AI aversion by question. Detection is measured as accuracy or 

the proportion of times the source was correctly identified for a given question. For example, question 6 

had the highest detection with an accuracy score of 0.705 and question 2 the lowest detection with an 

accuracy score of 0.495. Gen-AI aversion is measured as the difference in the perceived helpfulness 

between responses believed to come from AI and those from the CEO. Specifically, we regressed 

perceived helpfulness on perceived AI, interacted with each question (see Table A2 in the Online 

Appendix). The figure shows that as detection increases the difference in perceived helpfulness decreases, 

inconsistent with the weak form of Gen-AI aversion. Indeed, when detection is low, employees’ aversion 

to responses believed to come from AI is high, consistent with the strong form of Gen-AI aversion. 

[[ INSERT FIGURE 3 ABOUT HERE ]] 

We further probe the relationship between detection and Gen-AI aversion through a regression. 

Model 1 of Table 4 provides a linear regression with perceived helpfulness as outcome variable. Fixed 

effects are included for question and employee, and standard errors are clustered by both. Question 

detection (i.e., accuracy by question) positively moderates the effect of perceived AI on perceived 

helpfulness (b = 1.444, p = 0.044). Thus, as in Figure 3, Gen-AI aversion is more pronounced when 

question detection is lower. The total effect of perceived AI is –0.905 (95% CI: [–1.125, –0.685]) for the 

lowest detection observed (question 2) and –0.602 (95% CI: [–0.819, –0.385]) for the highest detection 

observed (question 6). These findings indicate that Gen-AI aversion is greater for questions whose AI and 

CEO answers are harder to tell apart, which is consistent with the strong form of Gen-AI aversion. 

[[ INSERT TABLE 4 ABOUT HERE ]] 

3.4.1. Purpose of CEO communication 

An additional way to explore the difference between the weak and strong form of Gen-AI aversion is to 

consider the purpose of CEO communication. Questions differ in their potential to elicit a response from 

the CEO revealing aspects of themselves (e.g., inner psychological processes or personality traits). 
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Because addressing such questions relies on personal information, it can be challenging to verify the 

validity of the response and consequently the response’s source. Yet, in these situations, the source 

matters more for perceptions about the response’s helpfulness. Therefore, under strong Gen-AI aversion, 

employees’ aversion to responses believed to come from AI would be greater for questions with higher 

revelatory potential (even if CEO and AI responses are difficult to tell apart). In contrast, under weak 

Gen-AI aversion, employees’ aversion to responses believed to come from AI would be less for 

potentially revelatory questions because CEO and AI responses are harder to tell apart. We investigate if 

the pattern of results fits with either. 

We measure a question’s revelatory potential using generative AI (for details, see section A.1. of 

the Online Appendix). We used eight LLMs: Claude 3 Haiku, Claude 3 Sonnet, Claude 3.5 Sonnet (from 

Anthropic), Llama 3.1 (from Meta), Mistral Large (from Mistral), GPT 3.5, GPT 4o-mini, and GPT 4o 

(from OpenAI). In the chain-of-thought prompt (Wei et al., 2022), we asked for a qualitative analysis of 

each question followed by a quantitative score on a scale of 0 (minimally revealing) to 10 (highly 

revealing). Each LLM assessed each question 10 times, with the scores averaged. The resulting scores are 

consistent across LLMs (Cronbach’s alpha equals 0.971). The range of scores across questions is [2.89, 

7.78]. 

Model 2 of Table 4 reports a linear regression with perceived helpfulness as the outcome variable. 

The specification is similar to model 1 but now includes an interaction between perceived AI and question 

revelatory potential. The interaction is negative (b = –0.059, p = 0.053), indicating that Gen-AI aversion 

is greater for questions with higher revelatory potential. Model 3 reports a logit regression of detection at 

the observation level, with random effects for employees. It includes question revelatory potential, 

without fixed effects for questions (because revelatory potential is constant by question). Question 

revelatory potential is associated with lower detection (b = –0.119, p < 0.001). Employees find it harder to 

correctly detect the source for potentially more revealing questions. These findings are consistent with the 

strong form of Gen-AI aversion because for questions with higher revelatory potential detection is low, 

yet aversion to responses believed to come from AI is high. In contrast, they are inconsistent with the 
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weak form of Gen-AI aversion because, under weak form, higher revelatory potential would link to higher 

detection and lower Gen-AI aversion.  

3.5. Additional Analyses 

As background, we provide additional analyses on the extent to which AI and CEO answers differed and 

on the extent to which accuracy and Gen-AI aversion differed across employees. 

3.5.1. Differences between answers 

The AI answers (M = 134.6, SD = 36.2) had more words than the CEO answers (M = 83.3, SD = 38.2; 

paired t-test: t(9) = 2.927, p = .017). 

We compared the answers’ content along five common CEO communication styles—excitable, 

stern, dramatic, rambling, and melancholy (Choudhury et al., 2019)—using Gen-AI (for details, see the 

section A.2 of the Online Appendix). We used eight LLMs: Claude 2.1, Claude 3 Haiku, Claude 3 Sonnet 

(from Anthropic), Llama 2 (from Meta), Mixtral 8x7B (from Mistral), GPT 3.5, GPT 4, and GPT 4 Turbo 

(from OpenAI). In the chain-of-thought prompt (Wei et al., 2022), we asked for a qualitative analysis of 

each answer followed by a quantitative score for each style on a scale of 0 (no presence) to 10 (maximum 

presence). Each LLM assessed each answer 10 times, with the scores averaged. The resulting scores are 

consistent across LLMs with Cronbach’s alphas of .947 (excitable), .953 (stern), .952 (dramatic), .778 

(rambling), and .963 (melancholy). 

Figure 4 shows the scores averaged across LLMs for AI and CEO answers. The AI answers were 

rated as more excitable (4.23 vs. 2.61; paired t-test: t(79) = 7.099, p < .001) and dramatic (2.52 vs. 1.54; 

t(79) = 5.032, p < .001). The CEO answers were rated as more stern (2.43 vs. 3.33; t(79) = –3.943, p < 

.001). Only small differences existed for rambling (1.14 vs. 1.00; t(79) = 2.057, p = .043) and melancholy 

(0.82 vs. 0.89; t(79) = –.864, p = .390), with these styles rated low for both CEO and AI. 

[[ INSERT FIGURE 4 ABOUT HERE ]] 

 

3.5.2. Differences between employees 
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We analyzed the accuracy of perceived origin by subgroup of employees (see section A.3 of the Online 

Appendix). In terms of position, senior managers (.646) score higher than others (.583) (95% CI for 

difference: [–.020, .149]). In terms of tenure, accuracy for those who had three years or more (.619) was 

higher than for those with less than three years (.582) (95% CI for difference: [–.017, .123]). Thus, those 

more exposed to the CEO appear to be more able to differentiate between CEO and AI answers, yet even 

the most exposed do not exceed accuracy of 65% on average. 

​ We also analyzed if the effect of perceived origin on perceived helpfulness differed by subgroup 

of employees. In a regression with interaction effects between perceived AI with seniority (managers) and 

another with tenure (three years or more), we find that the effect of perceived AI does not differ for senior 

managers (b = .008, p = .970). It is stronger for employees with longer tenure (b = –.239, p = .107), but 

not statistically so. 

 

4. STUDY 2 

Study 1 suggests the strong form of Gen-AI aversion exists. It revealed that employees regarded messages 

they believed were generated by AI as less helpful than those they thought came from the CEO, even 

when the two were nearly indistinguishable. Study 2 provides a causal test of the existence of the strong 

form of Gen-AI aversion. In this pre-registered study,10 we investigate whether people judge AI messages 

as less helpful than CEO messages, even if the messages are identical. Specifically, we manipulate a 

message’s labeled origin while keeping its content identical. Furthermore, we use an audience less 

familiar with the CEO and therefore less likely to recognize AI and CEO messages as such. 

4.1. Methods 

4.1.1. Participants 

US-based participants were recruited via Prolific, an online platform. Based on power calculations, the 

target sample was 210, to which a 20% margin was added for potential exclusions based on predefined 

10 The pre-registration is available here: https://aspredicted.org/D2Z_52R 
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criteria.11 We opened 252 positions and paid a fixed fee of $2.05. We excluded 24 participants whose 

completion took less than two minutes or more than 15 minutes, and 12 participants who failed an 

attention check, yielding a sample size of 216 (57% female; M age = 37.3; SD age = 12.1). In the final 

sample, respondents’ usage of AI tools (e.g., text-generation, image-generation, coding assistants) for 

personal use or work over the last seven days was 0 days (28.2%), 1-3 days (34.3%), 4-6 days (19.4%), or 

7 days (19.1%). Employment status was full-time (55.9%), part-time (13.5%), or not (30.6%). In addition, 

54.2% had ever been employed as a knowledge worker (someone whose job focuses on information, 

ideas, or data, rather than manual labor). Finally, 45.4% of respondents had traded a stock or fund in the 

past year, 25.0% had done so more than a year ago, and 29.6% had never traded. 

4.1.2. Procedure 

Participants had to assess the answers to four questions asked by financial analysts during Q1 2024 

earnings calls. The questions were asked of the CEOs of Hershey, General Motors, Nvidia, and Amazon, 

and they were presented in the same order. To enhance generalizability (Shadish et al., 2002), we selected 

these companies because they differed in terms of industry and CEO characteristics (i.e., gender).12 Each 

participant saw one randomly chosen answer per question in a 2 * 2 within subject design: actual origin 

(CEO / AI) and labeled origin (CEO / AI). For actual origin, the answer was from either the CEO or an 

LLM instructed to mimic the CEO in both content and style. The LLM was based on GPT 4o from 

OpenAI and given access to company documents (e.g., annual reports) and CEO interview transcripts 

(e.g., earnings calls) from 2023. The AI answers were obtained prior to inviting participants and retained 

unchanged, except for cropping where necessary to approximately match the length of the CEO’s answer. 

For labeled origin, the answer was labeled as from either the CEO or an AI (Yin et al., 2024). The 

participants were told that the AI was trained on company information. The questions and answers are 

provided in the Online Appendix. The number of observations is 864 = 216 (participants) * 4 (questions). 

12 Even though these companies were not selected for their similarity with Pulse, we can compare them 
using the same criteria of industry and CEO gender. Pulse’s industry (“technology”) is closest to Amazon 
and Pulse’s CEO is male (as are the CEOs of Nvidia and Amazon). 

11 Calculations are based on α = 0.05, β = 0.95, and a standardized mean difference of 0.5, a medium 
effect size per Cohen (1992). 
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4.1.3. Measures 

We used two outcome variables. In line with study 1, perceived helpfulness was measured with the item 

“How helpful is this answer for making a decision on investing in the company?” (1 = not helpful at all, 5 

= extremely helpful). In addition, share purchase intention was measured with the item “Based on this 

answer, how likely are you to buy the company’s shares in the next 12 months?” (1 = not likely at all, 5 = 

extremely likely) (Morwitz, 2014). A difference in perceived helpfulness or share purchase intention 

following responses labeled as AI compared to those labeled as CEO is an indicator of Gen-AI aversion. 

4.2. Results 

Model 1 of Table 5 reports a linear regression with perceived helpfulness (M = 3.226, SD = 1.157) as the 

dependent variable, with fixed effects for questions and random effects for participants. As expected, the 

effect of labeled AI (i.e., an indicator that is 1 when the answer was labeled as AI and 0 otherwise) is 

negative (b = –0.146; p = .024), yielding a standardized mean difference of –0.126. Thus, answers labeled 

as from an AI were seen as less helpful than those labeled as from the CEO. In contrast, the effect of true 

AI (i.e., an indicator that is 1 when the answer is actually from the AI and 0 otherwise) is positive (b = 

0.879; p < .001). Answers actually from the AI were perceived as more helpful. The findings for share 

purchase intention (M = 2.819, SD = 1.197) are similar (see model 2). The AI-labeled answers reduce 

share purchase intention (b = –0.153; p = .016), whereas actual AI answers increase it (b = 0.675; p < 

.001). Hence, labeling answers as from an AI reduces their potency, even as actual AI answers compare 

favorably to those of the CEO. Thus, these findings provide evidence for the strong form of Gen-AI 

aversion. 

[[ INSERT TABLE 5 ABOUT HERE ]] 

4.2.1. Additional analyses 

First, we checked the manipulation. Participants were asked to recall whether the answer for the final 

company was provided by the CEO or the AI, and they tended to answer in line with the provided CEO or 

AI label (68.1%, Chi2(1) = 32.5, p < .001). Second, we assessed whether the effect of labeled AI differed 

for actual CEO and AI answers. The effect of labeled AI is less negative for actual AI answers (perceived 
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helpfulness: b = 0.088, p = 0.495; share purchase intention: b = 0.078, p = 0.541) (see Table B1 in the 

Online Appendix). 

 

5. DISCUSSION 

This study employs both a field and a lab experiment to investigate whether a CEO bot can impersonate a 

human CEO in performing asynchronous communication. It also examines how the bot-generated 

communication is perceived by recipients. In the field experiment, we collaborated with a firm to develop 

a Gen-AI-based chatbot that mimics the communication content and style of the actual CEO. Using a 

randomized control trial (RCT), we study whether employees exhibit a weak or strong form of Gen-AI 

aversion (i.e., contingent on Gen-AI performance or not) towards the bot-generated communication. The 

two main findings are as follows: the CEO bot performs well on the impersonation task (i.e., it nearly 

passes the Wade Test). However, employees display a strong form of Gen-AI aversion towards 

communication that they believe is generated by the CEO bot, especially if such communication reveals 

personal aspects of the CEO. The lab experiment provides further evidence that general audience 

members performing the role of an investor exhibit a strong form of Gen-AI aversion towards 

communication generated by the CEO bot.  

This study contributes to two research streams that are relevant to strategy and organizational 

scholars. The first is the growing literature on Gen-AI adoption and its impact on firms (e.g., Brynjolfsson 

et al., 2025; Eloundou et al., 2024). Prior studies show that Gen-AI can improve the productivity of 

individuals (Dell'Acqua et al., 2026; Noy & Zhang, 2023; Otis et al., 2024; Zhou & Lee, 2024), and may 

lead to drastic changes in how people operate within firms (Berg et al., 2023; Felten et al., 2021). We 

extend this literature by shifting the focus from employees and middle managers to the CEO, arguably the 

most consequential organizational actor. We focus on organizational communication, allowing us to 

explore the understudied impact of Gen-AI on an important organizational outcome and a main task for 

CEOs. Drawing on long-standing research in strategy that focuses on how CEOs can better employ 

technology to stay ahead of the “avalanche” of digital communication (e.g., Porter & Nohria, 2018), we 
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document both the potential of the personalized bot (i.e., nearly passing the Wade test) and its limitations 

(i.e., recipients exhibiting a strong form of Gen-AI aversion).  

The second research stream is the established literature on algorithm aversion (e.g., Berger et al., 

2021; Dietvorst et al., 2015; Jussupow et al., 2024). Extending past work that has extensively explored 

aversion to predictive algorithms, we present a conceptual framework of Gen-AI aversion (categorizing 

both weak and strong forms) and a typology of Gen-AI failures (categorizing three failure types). 

Crucially, we articulate conditions under which researchers can detect weak and strong aversion by 

pointing out how the weak and strong forms of aversion relate (or do not) to Gen-AI failures. Relatedly, 

we propose the Wade test to account for personalized Gen-AI technology and present the Wade test as a 

theoretical variant of the well-known Turing test. 

Our study is not without limitations, offering opportunities for future research. First, the field 

experiment was run within a single firm, as is frequently the case for organizational field experiments 

(e.g., Choudhury et al., 2023; Gong & Png, 2024; Lane et al., 2022). Although we expect the conceptual 

framework to apply to other firms and settings, the effectiveness of a CEO bot in other circumstances may 

vary depending on the quantity and quality of the available training data, the personality of the CEO, and 

firm-level characteristics such as firm size, geographic location(s), and geographic distribution of the 

firm. For example, the CEO bot in the first experiment was trained on a large set of textual data from the 

CEO’s communication history both internal and external to the firm. Consequently, the CEO bot in our 

study did well in the Wade test. However, it is plausible that a similar personalized bot developed for 

another CEO may not have access to high-quality training data, possibly because the CEO was recently 

appointed or due to a lack of digitized communication. In that case, the resulting CEO bot may struggle to 

mimic the CEO.  

Additionally, the CEO bot deployed in our study was developed in early 2024. It is conceivable 

that personalized bots will become even more powerful, given the rapid advancement of Gen-AI in new 

capabilities, including reasoning (e.g., Huang et al., 2022). Exciting recent developments include retrieval 

augmented generation (RAG) and online search capabilities, both of which help LLMs generate more 
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context-aware responses. RAG allows an LLM to retrieve information from a curated and frequently 

updated set of documents (e.g., market reports or competitive intelligence) at generation time, rather than 

relying solely on information available at training time. Similarly, LLMs with online search capabilities 

can access real-time information, making it possible to tailor messages to the latest developments inside 

and outside the firm. Even as LLMs can increasingly account for recent information, to what extent can 

then be used for forward-looking insights as required for strategic decision making? An active line of 

inquiry is whether LLMs have, or can produce, strategic foresight. Early evidence indicates that they may. 

For example, Doshi et al. (2025) document congruence between LLMs and human experts in predicting 

business model success. Furthermore, strategic foresight depends not only on forecasting outcomes but 

also on the ability to analyze and reason, which LLMs increasingly can (Zhang et al., 2024). 

Second, both of our experiments focus on the immediate usage of Gen-AI. They, therefore, do not 

allow us to track how effectively CEO bots can facilitate CEO communication in the long run. Prior 

studies on technology management suggest that it is possible for the weak form of aversion to reduce after 

repeated exposure to a new technology (e.g., Filiz et al., 2021). However, given that we report a strong 

form of aversion towards the CEO bot, it remains to be studied whether and how such aversion might be 

mitigated through longer-term exposure to CEO bots. 

Third, the field experiment’s participation rate of about 13% of employees of the firm is within 

the range of existing field experiments (e.g., Choudhury et al., 2023; Gong & Png, 2024; Guzman et al., 

2020) but nonetheless modest. This is because employees participated in the experiment voluntarily after 

seeing participation recruiting messages in the internal Slack channel. This raises the possibility of 

selection into the experiment based on the employee’s availability, interest in Gen-AI models, and interest 

in communicating with the CEO. It is possible that employees who were more interested in Gen-AI, 

self-selected to participate in the experiment. However, it is also plausible that self-selection by 

employees who are interested in Gen-AI leads to more conservative estimates of Gen-AI aversion. If all 

employees, including those who are less familiar with Gen-AI, had participated in the experiment, the 

degree of the strong form aversion might have been even greater.  
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Our findings open several avenues for future research on Gen-AI and the performance of tasks by 

top managers, such as the CEO. Researchers could study whether communication  practices such as 

adding an electronic signature or a disclaimer from the CEO to the bot-generated content change patterns 

of Gen-AI aversion. The strategy literature (e.g., Kaplan, 2008) has long documented the practice of 

adding the signature of the CEO to asynchronous communication prepared by other humans for company 

annual reports. In the case of the bot, it would be interesting to study whether appending the CEO 

signature to bot generated content or the CEO reviewing the bot generated content alters patterns of 

Gen-AI aversion. In a similar spirit, researchers could examine how audiences respond differently to 

bot-generated content compared to messages prepared by other humans supporting CEO communication. 

Both approaches involve content not directly authored by the CEO. However, the bot uniquely attempts to 

emulate the CEO’s personal style, whereas human writers typically do not have this explicit directive. It 

would be interesting to understand the implications of these similarities and differences.  

Researchers could go beyond LLMs to examine multimodal Gen-AI communication, including 

speech and video, building on recent examples of leaders using Gen-AI technologies to remotely “give” 

speeches (Zhuang, 2024). Relatedly, this study compared human or Gen-AI communication. Possibilities 

also exist to study how CEOs can augment their communication or decision making with Gen-AI tools. 

Researchers could also estimate using a large sample of firms whether and to what extent, employing the 

CEO bot frees up CEO time to perform other tasks, what alternate tasks CEOs performed with the time 

saved, and what organizational outcomes follow. Crucially, studies could focus on whether and to what 

extent CEO bots might replace human administrative assistants who help CEOs with asynchronous 

communication.    

In addition to CEOs, future research could examine how personalized bots might effectively help 

other upper-echelon members, such as CFOs, with their asynchronous communication. Such studies could 

measure how communication purposes vary across C-suite roles. For instance, CFOs may prioritize 

conveying decisions rather than motivating employees or sharing personal stories. Researchers could then 

test whether the effectiveness of personalized bots differs across roles. Likewise, scholars could study 
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nonprofit or public-sector leaders, whose communication goals may differ from those of corporate 

executives. Beyond top managers such as the CEO, future studies could explore how personalized bots 

might affect communication by employees and middle managers. Recent reporting (e.g., David, 2024) 

indicates that firms like Otter.ai are developing personalized Gen-AI assistants that employees can 

delegate to perform communication and join meetings on their behalf. This raises the potential to study 

how personalized bots might affect organizational communication more broadly and what implications 

this might have for organizational and knowledge hierarchies (e.g., Garicano, 2000). 

Our results have practical implications for managers. In an interview, Eric Yuan (Zoom founder) 

outlined the promise of personalized bots: “one of the big benefits of AI at work will be letting us all 

create something he calls a “digital twin”—essentially a [copy] avatar of yourself that can go to Zoom 

meetings on your behalf and even make decisions for you while you spend your time on more important 

things, like your family.” (Patel, 2024). However, despite this ambitious vision, there exists a background 

of cautionary notes on the effectiveness of personalized bots: “There is also an argument that A.I. won’t 

truly be useful until it really understands its users — their communication styles, their likes and dislikes.” 

(Roose, 2023). Our study sheds light on both the promise and the limitations of personalized bots for 

CEOs. Gen-AI tools can help CEOs generate communication that can closely mimic their own, yet CEOs 

should weigh the purpose of each communication before delegating it. Gen-AI can assist, but employees 

may still prefer to hear from the CEO for certain purposes, not a Gen-AI that mimics the CEO. 

In conclusion, this study explores the use of Gen-AI for communication by CEOs. The Pulse 

CEO, an early experimenter with Gen-AI, has now fully integrated Gen-AI in his workflow. Several other 

CEOs have followed suit. Jensen Huang (Nvidia) has a personal AI tutor available to him all of the time. 

He describes a feeling of empowerment and the potential for productivity gains (Abram, 2025). Satya 

Nadella (Microsoft) uses a Gen-AI co-pilot during meetings with the CEOs of customers (Millward, 

2024). Similarly, Lisa Su (AMD) encourages the use of AI copilots throughout the organization and 

personally experiments with them for her workflow (Ignatius, 2025). This momentum presents a wealth 
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of research opportunities for scholars to understand the role and impact of Gen-AI on CEOs and their 

activities. 
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TABLE 1. Questions for the CEO and AI (Study 1) 
Number Theme Question 

1 Strategy and future 
planning 

Considering the rapid advancements in AI and competitive pressures, how 
does Pulse plan to adapt its strategy to maintain its growth and market 
position over the next five years? 

2 Company culture and 
values 

How do you ensure that Pulse’s core values are lived out in the day-to-day 
operations and decision-making processes at the company, especially as it 
continues to grow? 

3 Founders’ 
experiences and 
decisions 

Looking back on the early days of Pulse, what is one decision you believe 
was critical to the company’s success, and what lesson did it teach you 
about entrepreneurship? 

4 Product development 
and innovation 

As [...], how is Pulse positioning its products to lead in this space while 
also ensuring they meet the evolving needs of users? 

5 Challenges and 
mistakes 

Can you share a significant challenge Pulse faced in its growth journey 
and how you navigated it, including any mistakes made and the learnings 
taken from that experience? 

6 Market position and 
competitive 
landscape 

Who do you see as Pulse’s main competitors in the [...] industry, and how 
do you plan to differentiate and maintain a competitive advantage? 

7 Customer impact and 
use cases 

Can you share an example of a particularly innovative or impactful way 
that a customer has utilized Pulse to transform their business or daily 
operations? 

8 Team and personal 
development 

How does Pulse foster a culture of continuous learning and development 
among its team members, and can you share a personal growth story from 
your journey within the company? 

9 Global expansion 
and localization 

[...] 
 

10 [...] 10. What have been some of the most challenging aspects of [...] at scale, 
and how has Pulse overcome these challenges to ensure a seamless user 
experience? 

Note. Original text in brackets omitted to preserve anonymity. 
 
 

TABLE 2. Confusion matrix of answer’s origin (Study 1) 
  Actual origin 
  AI CEO 

Perceived 
origin 

AI 26.7% 20.6% 
CEO 20.5% 32.3% 

Note. N = 1,050. 
 
 

33 



 

TABLE 3. Regressions of perceived AI and perceived helpfulness (Study 1) 
 (1) (2) 
 Perceived AI Perceived helpfulness 
 b se  b se  

Perceived AI    –0.764 0.063  
True AI 0.824 0.136  0.020 0.047  
Questions FE   FE   
Employees RE   FE   
Constant 0.322 0.218  3.957 0.079  
n observations 1,050   1,050   
n employees 105   105   
Chi2 134.0      
LL –640.8      
F    35.2   
R2    0.182   

Note.  RE is random effects and FE is fixed effects. Model 1 is a logistic regression. Model 2 is a linear 
regression with standard errors clustered by employee. 
 
 

TABLE 4. Regressions assessing the strong form of Gen-AI aversion (Study 1) 
 (1)  

Perceived helpfulness 
(2) 

Perceived helpfulness 
(3) 

Detection 
 b se  b se  b se  

Perceived AI –1.619 0.379  –0.471 0.148     
True AI 0.006 0.060  0.011 0.059  –0.163 0.129  
Perceived AI * question 
detection  

1.444 0.618        

Perceived AI * question 
revelatory potential 

   –0.059 0.027 +    

Question revelatory potential       –0.119 0.035  
Questions FE   FE   No   
Employees FE   FE   RE   
Constant 3.982 0.043  3.970 0.042  1.054 0.198  
n observations 1,050   1,050   1,050   
n employees 105   105   105   
F 39.0   39.5      
R2 0.614   0.614      
Chi2       14.0   
LL       –701.9   

Note. FE denotes fixed effects and RE is random effects. Models 1 and 2 are linear regressions with 
standard errors clustered by employee and question. Model 3 is a logistic regression. Question detection 
(model 1) and question revelatory potential (model 2) are constant by question, and therefore are 
accounted for via question fixed effects. Question detection is the accuracy or the proportion of times the 
source was correctly identified for a given question. Question revelatory potential is the degree to which a 
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question seeks to elicit a response that reveals aspects of the CEO themselves. The outcome variable in 
model 3, detection, is at the level of the observation (i.e., an employee correctly identifying or not the 
source of a communication). 
 
 

TABLE 5. Regressions of perceived helpfulness and purchase intention (Study 2) 
 (1) (2) 
 Perceived helpfulness Share purchase intention 
 b se  b se  

Labeled AI –0.146 0.065  –0.153 0.064  
True AI 0.879 0.065  0.675 0.064  
Companies FE   FE   
Participants RE   RE   
Constant 3.080 0.085  2.855 0.089  
n observations 864   864   
n participants 216   216   
Chi2 244.1   175.8   
R2 0.190   0.124   

Note. FE is fixed effects and RE is random effects. Models 1 and 2 are linear regressions.  
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FIGURE 1. Relationship between algorithm failures and forms of algorithm aversion  
 
 
 

 
FIGURE 2. Accuracy of perceived origin (Study 1) 

Note. Bootstrapped 95% CIs are shown, each based on 10,000 samples. For all questions combined 
(“all”), bootstrapping is at the employee level to take into account the nested data structure. 
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FIGURE 3. Accuracy and difference in perceived helpfulness per question (Study 1) 

Note. The correlation is .555. Difference in perceived helpfulness captures a negative view of 
communication believed to come from AI compared to those from the CEO. Gen-AI aversion is greater as 
this difference is more negative. Greater accuracy indicates that employees are better able to detect the 
communication’s true origin. 
 
 

 
FIGURE 4. Average scores of CEO and AI answers on five communication styles (Study 1) 

Note. Each bar represents the average of 10 answers assessed by 8 LLMs. 
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A. STUDY 1 
A.1. Questions 
Table A1 provides the values used for Figure 2. 
 

TABLE A1. Accuracy of perceived origin (Study 1) 
Question Mean 95% CI low 95% CI high 

1  0.552 0.457 0.648 
2  0.495 0.400 0.590 
3  0.552 0.457 0.648 
4  0.648 0.562 0.743 
5  0.514 0.419 0.610 
6  0.705 0.619 0.790 
7  0.543 0.448 0.638 
8  0.524 0.429 0.619 
9  0.695 0.610 0.790 
10  0.667 0.581 0.762 
all 0.590 0.556 0.624 

Note. Bootstrapped 95% CIs are shown, each based on 10,000 samples. For all questions combined 
(“all”), bootstrapping is at the employee level to take into account the nested data structure. 
 
Table A2 (model 2) provides the values used for Figure 3. 
 

TABLE A2. Difference in perceived helpfulness per question (Study 1) 
 (1) (2) 
 Perceived helpfulness Perceived helpfulness 
 b se  b se  

Perceived AI –0.764 0.081     
True AI 0.020 0.060  0.007 0.061  
Perceived AI * Q1    –0.615 0.105  
Perceived AI * Q2    –0.971 0.092  
Perceived AI * Q3    –1.095 0.067  
Perceived AI * Q4    –0.603 0.084  
Perceived AI * Q5    –0.786 0.125  
Perceived AI * Q6    –0.609 0.070  
Perceived AI * Q7    –0.950 0.088  
Perceived AI * Q8    –0.736 0.093  
Perceived AI * Q9    –0.825 0.080  
Perceived AI * Q10    –0.406 0.084  
Questions FE   FE   
Employees FE   FE   
Constant 3.972 0.046  3.987 0.032  
n observations 1,050   1,050   
n employees 105   105   
F 44.8      
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R2 0.612   0.620   
Note. FE is fixed effects. Models 1 and 2 are linear regressions. Standard errors are clustered by employee 
and question. 
 
A.1.1. Large language models (LLMs) 
We used generative artificial intelligence (AI) to assess a question’s revelatory potential (Liu et al., 2023). 
We employed the eight LLMs shown in Table A3. 
 

TABLE A3. Summary of LLMs used for evaluating question revelatory potential (Study 1) 
Name Developer Version Release date 
Claude 3 Haiku Anthropic claude-3-haiku-20240307 7 March 2024 
Claude 3 Sonnet Anthropic claude-3-sonnet-20240229 29 February 2024 
Claude 3.5 Sonnet Anthropic claude-3-5-sonnet-20241022 22 October 2024 
Llama 3.1 Meta llama3-1-70b-instruct-v1 23 July 2024 
Mistral Large Mistral mistral-large-2402-v1 26 February 2024 
GPT 3.5 OpenAI gpt-3.5-turbo-0125 25 January 2024 
GPT 4o-mini OpenAI gpt-4o-mini-2024-07-18 18 July 2024 
GPT 4o  OpenAI gpt-4o-2024-08-06 6 August 2024 

 
A.1.2. Prompts 
We followed a chain-of-thought prompt (Wei et al., 2022), which started with a system message (a general 
instruction to the AI) and then alternated between human and AI messages. The dynamic text <question> 
refers to the question posed to the CEO and AI, with the company’s name changed to simply “company”. 
The requested JSON format is a standard format for representing structured data. 
 
System: As a social scientist specializing in textual analysis, your task is to analyze a question related to 
an anonymous company and evaluate the degree to which it seeks to elicit a response from the CEO that 
reveals aspects of themselves (e.g., inner psychological processes or personality traits). 
Human: Carefully read the question provided below. Your task is to qualitatively assess the extent to 
which this question seeks to elicit a response from the CEO that reveals less obvious or hidden aspects of 
themselves. Reflect on the degree to which the question requires the CEO to disclose their personality, 
motivations, or inner thought processes. Indicate whether the question inherently promotes a revelatory 
and introspective response or an impersonal one. You don’t need to provide your assessment in a 
numerical form yet; just form your opinion on the level of revelatory potential of the question to the 
company. 
 
The question posed to the CEO is: 
<question> 
AI: <response> 
Human: Based on your qualitative assessment of the question’s ability to reveal less obvious or hidden 
aspects of the CEO, now quantitatively score its revelatory potential on a scale from 0 to 10. A score of 0 
indicates that the question is minimally revealing and a response is unlikely to provide meaningful or 
unique insights into the CEO. A score of 10 signifies that the question is highly revealing and a response 
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is likely to provide meaningful or unique insights into the CEO. Ensure that your score is represented 
accurately in a JSON object, with “question” as a key and the assigned score as its value. 
AI: <response> 
 
A.1.3. Settings 
Each LLM assessed each question ten times, with the scores averaged. Before averaging, each LLM 
provided 10 (questions) * 10 (repeats) = 100 assessments. After averaging, each LLM yielded one score 
for each question. 
 
Temperature is a setting that controls the randomness of the response. It was 0.5 for the first AI response 
(to allow the qualitative analysis to highlight different aspects) and 0 for the second AI response (to 
ensure the quantitative analysis returned its most confident response and in the correct JSON format). 
 
A.1.4. Results 
 

TABLE A4. Cronbach’s alpha for question revelatory potential by LLM (Study 1) 
LLM Cronbach’s 

alpha 
Claude 3 Haiku 0.932 
Claude 3 Sonnet 0.989 
Claude 3.5 Sonnet 0.999 
Llama 3.1 0.992 
Mistral 0.985 
GPT3.5 0.948 
GPT4o mini 0.975 
GPT4o 0.996 

 
TABLE A5. Cronbach’s alpha for question revelatory potential across LLMs (Study 1) 

LLMs Cronbach’s 
alpha 

8 0.971 
Note. The Cronbach’s alphas shown here are for the measure used (i.e., after averaging assessments by 
LLM). 

 
TABLE A6. Scores of question revelatory potential (Study 1) 

Question mean s.d. 
1 3.21 1.42 
2 6.29 1.50 
3  7.35 0.74 
4 3.35 1.69 
5  7.78 0.65 
6 4.00 1.81 
7  3.99 1.81 
8 7.36 0.91 
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9  2.89 1.05 
10 3.94 1.44 

 
 

 
FIGURE A1. Average scores of question revelatory potential by LLM (Study 1) 

Note. Each bar represents the average of 10 answers assessed by 1 LLM. 
 
A.2. Answers 
A.2.1. Large language models (LLMs) 
We used generative artificial intelligence (AI) to assess five CEO communication styles—excitable, stern, 
dramatic, rambling, and melancholy (Choudhury et al., 2019)—of the CEO and AI answers. We 
employed the eight LLMs shown in Table A7. 
 

TABLE A7. Summary of LLMs used for evaluating communication styles (Study 1) 
Name Developer Version Release date 
Claude 2.1 Anthropic claude-2.1 21 November 2023 
Claude 3 Haiku Anthropic claude-3-haiku-20240307 7 March 2024 
Claude 3 Sonnet Anthropic claude-3-sonnet-20240229 29 February 2024 
Llama 2 Meta llama2-70b-chat 18 July 2023 
Mixtral 8x7B Mistral mixtral-8x7b-instruct-v0.1 11 December 2023 
GPT 3.5 OpenAI gpt-3.5-turbo-0125 25 January 2024 
GPT 4 OpenAI gpt-4-0613 13 June 2023 
GPT 4 Turbo OpenAI gpt-4-0125-preview 25 January 2024 

 
A.2.2. Prompts 
We followed a chain-of-thought prompt (Wei et al., 2022), which started with a system message (a general 
instruction to the AI) and then alternated between human and AI messages. The dynamic text <answer> 
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refers to the answers provided by the CEO and AI. The requested JSON format is a standard format for 
representing structured data. 
 
System: As a social scientist specializing in textual analysis, your task is to conduct a qualitative 
assessment of a text’s style, followed by quantifying this assessment into specific categories. 
Human: Carefully read the text provided below. Your task is to qualitatively assess the style of the 
writing. Consider how excitable, stern, dramatic, rambling, and melancholy the text is. Think about the 
word choice, sentence structure, and overall tone. You don’t need to provide your assessment in a 
numerical form yet; just form your opinion on the prominence of each style within the text. The text is: 
<answer> 
AI: <response> 
Human: Now, based on your assessment of the text’s style, create a JSON object where you score each of 
the five stylistic categories—excitable, stern, dramatic, rambling, and melancholy—on a scale from 0 to 
10. Each category should receive a score reflecting its intensity in the text, with 0 indicating no presence 
and 10 indicating maximum presence. Ensure that your scores are represented accurately in the JSON, 
with each style as a key and the assigned score as its value. 
AI: <response> 
 
A.2.3. Settings 
Each LLM assessed each answer ten times, with the scores averaged. Before averaging, each LLM 
provided 10 (questions) * 2 (answers [CEO and AI]) * 10 (repeats) = 200 assessments (except Claude 2.1, 
which refused to respond in 20 assessments). After averaging, each LLM yielded 10 (questions) * 2 
(answers [CEO and AI]) = 20 scores for each of excitable, stern, dramatic, rambling, and melancholy. 
 
Temperature is a setting that controls the randomness of the response. It was 0.5 for the first AI response 
(to allow the qualitative analysis to highlight different aspects) and 0 for the second AI response (to 
ensure the quantitative analysis returned its most confident response and in the correct JSON format). 
 
A.2.4. Results 
 

TABLE A8. Cronbach’s alpha for communication styles by LLM (Study 1) 
LLM Cronbach’s 

alpha 
Claude 2.1 0.921 
Claude 3 Haiku 0.904 
Claude 3 Sonnet 0.951 
Llama 2 0.849 
Mixtral 0.892 
GPT3.5 0.898 
GPT4 0.833 
GPT4 Turbo 0.919 

Note. First, for each LLM and each communication style a Cronbach’s alpha is calculated before 
averaging assessments. Second, these Cronbach’s alphas are averaged by LLM and shown here. 
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TABLE A9. Cronbach’s alpha for communication styles across LLMs (Study 1) 
Communication 

style 
Cronbach’s 

alpha 
excitable 0.947 
stern 0.953 
dramatic 0.952 
rambling 0.778 
melancholy 0.963 

Note. The Cronbach’s alphas shown here are for the measures used (i.e., after averaging assessments by 
LLM). 

 
TABLE A10. Scores of CEO and AI answers on five communication styles (Study 1) 

Communication 
style 

AI CEO p-value 

excitable 4.23 2.61 < .001 
 (2.32) (1.63)  
stern 2.43 3.33 < .001 
 (1.35) (1.63)  
dramatic 2.52 1.54 < .001 
 (1.62) (0.77)  
rambling 1.14 1.00 .043 
 (0.75) (0.79)  
melancholy 0.82 0.89 .390 
 (0.94) (0.97)  

Note. The means are provided with the standard deviation in parentheses. The p-value is from a paired 
t-test with 79 degrees of freedom. 
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FIGURE A2. Average scores of CEO and AI answers on five communication styles by LLM (Study 
1) 

Note. Each bar represents the average of 10 answers assessed by 1 LLM. 
 
A.3. Employees  
We compared the sample with the organization overall for seniority level and tenure (see Table A11). 
 

TABLE A11. A comparison of the sample with organization overall 
  Sample Organization p-value 
Senior Senior management 13.0% 6.0% 0.016 
 Other 87.0% 94.0%  
Tenure Less than 1 year 13.0% 16.7% 0.208 
 From 1 year to less than 3 years 44.0% 35.2%  
 3 years or more 43.0% 48.1%  
Sample size  100 employees –  
Organization size  800+ employees 800+ employees  
Note. The sample percentages are from the time of the experiment (March 2024) and the organization 
percentages are from the time of a review (March 2025). The p-value is from a Chi2-test assuming 800 
employees for the current organization. 
 
We analyzed the accuracy of perceived origin (see Table A12) and perceived helpfulness (see Table A13) 
by employee subgroup. 
 
 

TABLE A12. Accuracy of perceived origin by subgroup (Study 1) 
Subgroup Value Number of 

employees 
Mean 95% CI low 95% CI high 

Senior management 0 87 0.583 0.544 0.622 
Senior management 1 13 0.646 0.569 0.723 

Tenure x < 3  57 0.565 0.520 0.611 
Tenure x >= 3  43 0.619 0.567 0.672 

Note. Bootstrapped 95% CIs are shown, each based on 10,000 samples. Bootstrapping is at the employee 
level to take into account the nested data structure. Five employees did not provide their position and five 
did not provide their tenure. 
 

TABLE A13. Regressions of perceived helpfulness by subgroup (Study 1) 
 (1) 
 Perceived helpfulness 
 b se  

Perceived AI –0.673 0.095  
True AI 0.026 0.061  

Perceived AI * Senior 0.008 0.202  
Perceived AI * Tenure (>= 3years) –0.239 0.133  

Questions FE   
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Employees FE   
Constant 4.033 0.045  

n observations 990   
n employees 99   

F 23.9   
R2 0.572   

Note. FE is fixed effects. Model 1 is a linear regression with standard errors clustered by employee and 
question. Six employees did not provide their position or tenure. 
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B. STUDY 2 
 
B1. CEO and AI Answers 
B1.1. Hershey 
Financial analyst: What are your capacity expansion plans? 
CEO: We’ve continued to invest in capacity in brands and businesses across the portfolio that have 
growth and opportunity ahead. Over the past couple of years, we’ve focused on Reese’s—we were short 
on capacity—so that we could fulfill consumer demand. Then, the other big area of focus we had was on 
the Gummies side of the business, in Sweets, and the first part of this year, we complete and have capacity 
coming online for that business, that we will be able to leverage to better participate in that segment in the 
back half of the year. 
AI: At Hershey, our capacity expansion plans are focused on several key areas to support our growth and 
meet increasing consumer demand. We are increasing our production capacity by 15% this year, 
particularly focusing on our Reese’s brand and the Gummies segment within our sweets business. This 
expansion is crucial to fulfill consumer demand and leverage growth opportunities in these high-demand 
areas. Additionally, we have invested significantly in our technology and organizational capabilities to 
improve our end-to-end connectivity and efficiency. These investments include the implementation of the 
S/4 ERP system and enhancements in automation and process optimization, which will drive productivity 
across our supply chain and manufacturing operations. These strategic expansions and technological 
advancements will enable us to better meet consumer needs and support our long-term growth objectives​​​​. 
 
B1.2. General Motors 
Financial analyst: I’m interested in hearing sort of your updated views on competition from the Chinese 
outside China. What's GM’s stance on this? 
CEO: Yeah, it’s a great question. And first of all, you know, I think, in general, we want to have our best 
products. And if there’s a level playing field, then it’s—you know, we want to compete based on product. 
I think you have to look at where is there a level playing field and—and what’s happening around the 
world. But, you know, there’s a lot that can happen from a regulatory or—you know, a trade perspective, 
but we're focused on is making sure we have great vehicles at the right price. So, what is going to help, 
you know, GM maintain its share around the world, you know, when you look at South America, the 
Chevy brand is incredibly strong. And we’re going to continue to focus on having great designs with 
great—great product portfolio with the right features and functions. And we’re constantly working on 
taking cost out of the system. So, it’s a—there's value there as well. And that's the way we’re going to 
compete around the world. 
AI: GM views competition from Chinese automakers outside of China with a strategic and balanced 
approach. We recognize the increasing presence and capability of Chinese manufacturers, especially in 
regions like South America. While we advocate for fair competition, we believe that maintaining a level 
playing field is crucial. This means addressing both tariff and non-tariff barriers that can skew the market 
dynamics. Protectionism is not our preferred route; instead, we support a balanced trade policy that 
ensures equitable conditions for all players. By focusing on our strengths, such as innovation, quality, and 
customer experience, we aim to compete effectively in the global market without resorting to restrictive 
trade practices​​​​. 
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B1.3. Nvidia 
Financial analyst: I wanted to follow up on the 40% of revenues coming from inference. That’s a bigger 
number than I expected. Can you give us some sense of where that number was maybe a year before, how 
much you’re seeing growth around LLMs from inference? 
CEO: I’ll go backwards. The estimate is probably understated. And—but we estimated it. And let me tell 
you why. Whenever—a year ago, the recommender systems that people are—when you run the internet, 
the news, the videos, the music, the products that are being recommended to you because as you know, 
the internet has trillions—I don’t know how many trillions, but trillions of things out there and your 
phone is 3-inches square. And so the ability for them to fit all of that information down to something, 
such a small real estate, is through a system, an amazing system called recommender systems. These 
recommender systems used to be all based on CPU approaches. But the recent migration to deep learning 
and now generative AI has really put these recommender systems now directly into the path of GPU 
acceleration. It needs GPU acceleration for the embeddings. It needs GPU acceleration for the nearest 
neighbor search. It needs GPU acceleration for the re-ranking and it needs GPU acceleration to generate 
the augmented information for you. So GPUs are in every single step of a recommender system now. And 
as you know, recommender system is the single largest software engine on the planet. Almost every major 
company in the world has to run these large recommender systems. Whenever you use ChatGPT, it’s 
being inferenced. Whenever you hear about Midjourney and just the number of things that they’re 
generating for consumers, when you when you see Getty, the work that we do with Getty and Firefly from 
Adobe. These are all generative models. The list goes on. And none of these, as I mentioned, existed a 
year ago, 100% new. 
AI: Inference workloads now make up 40% of NVIDIA's revenue, a significant rise driven by the rapid 
adoption of large language models (LLMs) and generative AI technologies. A year ago, this percentage 
was notably lower, showing accelerated growth in AI deployment across sectors. This increase is fueled 
by the extensive use of our GPUs for both training and inference tasks. We measure inference 
contributions through sophisticated tracking of GPU utilization. Many GPUs serve dual purposes, but our 
detailed telemetry and analytics ensure robust metrics that differentiate between tasks, providing accurate 
revenue impact data. Generative AI, especially LLMs, is a key driver of this growth. These models have 
transformed data processing from retrieval-based to generative approaches, enabling applications like 
text-to-image and text-to-video. The transition to natural language queries has revolutionized data 
interaction. NVIDIA AI Foundations help businesses create custom LLMs and generative AI models with 
proprietary data, enhancing productivity and innovation across industries like healthcare, automotive, and 
finance. Collaborations with cloud providers like AWS, Google Cloud, and Microsoft Azure support this 
growth by offering scalable, AI-ready infrastructure. The surge in data center revenues driven by AI 
demand highlights the transformative impact of these technologies. Emerging AI factories, specialized 
data centers for AI processing, reflect the trend towards energy-efficient, high-performance computing 
solutions. In summary, the rise in inference-related revenues underscores the broad adoption of AI 
technologies, the effectiveness of our measurement systems, and the strategic expansion of our AI 
infrastructure​​​​​​. 
 
B1.4. Amazon 
Financial analyst: On logistics, in September, you launched Amazon Supply Chain. Can you just help us 
understand the opportunity you see there? 
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CEO: I think that it’s interesting what’s happening with the business we’re building in third-party 
logistics. It really kind of, in some ways, mirrors some of the other businesses we’ve gotten involved in, 
AWS being an example of it, even though it’s—they’re very different businesses in that we realized that 
we had our own internal need to build a bunch of these capabilities, and we figured that there were 
probably others who had those same needs, and we decided to build services out of them. So as our 
business has grown, it turns out to be pretty hard work to actually import items from overseas, get them 
through customs and through the border and then ship them from that point to various facilities. And then 
it turns out that you don’t want to store those facilities in fulfillment centers because that space is really 
scarce, so you’d like to have them in upstream storage facilities that are very inexpensive. And then you’d 
like to have a way to be able to know when your more scarce supply in the fulfillment centers needs 
replenishment and be able to do it automatically from those upstream storage facilities. 
AI: Absolutely. When we look at Amazon Supply Chain, we see a significant opportunity to leverage our 
extensive logistics network and technology expertise. This initiative allows us to offer a comprehensive 
suite of services to businesses of all sizes, helping them manage their supply chain more efficiently. We’re 
already well down the road in this journey, having built a robust logistics infrastructure that includes 
fulfillment centers, transportation, and last-mile delivery capabilities. These assets give us a strong 
foundation to extend our logistics services beyond our own needs to support other companies. In terms of 
CapEx, it’s important to note that while there is an investment component, much of the infrastructure we 
need is already in place, thanks to years of building and refining our logistics network. Future investments 
will focus on enhancing our capabilities, incorporating more automation, and scaling up our services 
globally. Overall, we see this as a natural extension of our business that can drive growth, improve 
efficiency for our customers, and ultimately create more value across the board. 
 
B2. Additional Analyses 
 

TABLE B1. Regressions of perceived helpfulness and buying intentions (Study 2) 
 (1) (2) 
 Perceived helpfulness Share purchase intentions 
 b se  b se  

Labeled AI –0.190 0.091  –0.192 0.090  
True AI 0.835 0.091  0.636 0.090  
Labeled AI * True AI 0.088 0.129  0.078 0.127  
Companies FE   FE   
Participants RE   RE   
Constant 3.101 0.090  2.873 0.094  
n observations 864   864   
n participants 216   216   
Chi2 244.4   176.0   
R2 0.191   0.125   

Note. FE is fixed effects and RE is random effects. Models 1 and 2 are linear regressions.  
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