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Abstract

Firms are increasingly deploying agentic AI systems capable of independent action. Some have
begun integrating these agents into their organizational structures, assigning them designated
roles and responsibilities and referring to them as employees. This creates new challenges for
managers’ decisions about when to delegate and how to monitor work. In a survey of 1,261
managers, 23% report that their organizations list AI agents on organizational or workflow
charts. In a randomized experiment, we provide those managers with identical documents
containing built-in errors and ask them to review them. We vary whether the drafts are pre-
sented as produced by an AI tool, an AI employee, or a human employee. Average effects
on error catching are small. However, among managers whose organizations already list AI
agents on their org charts, we find evidence consistent with a “hot potato” effect: managers
catch fewer errors themselves, request more review by others, and assign less accountability to
themselves. Presenting drafts as produced by an AI employee rather than an AI tool reduces
the share of errors detected by 17%, increases requests for additional review by 22 percentage
points, and shifts perceived accountability toward the AI system. Compared with managers
reviewing an AI employee’s work, those reviewing a human employee’s work flag more er-
rors themselves and are less likely to request additional review, suggesting that this pattern is
not simply a response to delegation. These results suggest that how organizations position AI
should be understood as a governance decision that impacts how managers oversee work.
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1 Introduction

“We call it Scout.[...] It’s treated as a team member, it’s technically an equivalent peer
on your team [...] It is defined in terms of a job description, has a clear role, has KPIs
it needs to hit—just like anyone else.” (Interview with Senior Executive at a Logistics
Company)1

A growing body of evidence documents meaningful individual productivity gains from genera-
tive AI in knowledge work (Brynjolfsson et al., 2025; Dell’Acqua et al., 2026; Wiles et al., 2026).
But these tools don’t simply make workers more productive; they also change the content of work.
When working with AI tools, humans spend more time reviewing work and less time writing first
drafts of text or code (Peng et al., 2023; Banh et al., 2025). In many firms, AI is moving from a
standalone writing aid toward agentic AI systems that draft, recommend, and increasingly execute

work inside organizational workflows.2 Recent surveys suggest that a large share of organizations
are adopting agentic AI in one way or another, and how these systems are built into the organiza-
tions’ work processes can impact whether they realize productivity gains (Kim et al., 2026). Some
organizations explicitly describe AI agents as organizational members and list them on organiza-
tional charts, or create new “work charts” that include both human and AI actors (Mok, 2025).3

Discussing IBM’s “digital workers,” one IBM vice president remarked, “I don’t think human man-
agers are going to manage these things in the same way as we manage people” (Varanasi, 2026).
This raises the question: when AI systems are treated as organizational actors rather than tools, do
managers oversee them like software, delegate to them like human subordinates, or treat them as
something distinct?

To tackle this question, we combine descriptive survey evidence on organizations’ AI adoption
with a randomized experiment with managers, directors, and executives (hereafter, “managers”).
The survey measures how organizations position AI in work processes and communication, includ-
ing whether they frame AI as a productivity tool, a career accelerator, a teammate or employee,
or a threat, and whether they have institutionalized AI agents by listing them on organizational or
workflow charts (hereafter, “org charts”). In the experiment, we isolate the effect of positioning AI
as an organizational actor on managers’ oversight and governance choices. We provide managers
identical documents to review, and we only vary how we describe the source of the documents—as

1Lightly edited from a manager interview for clarity.
2AI agents are autonomous software systems that perceive, reason, and act in digital environments to achieve goals

on behalf of human principals (Shahidi et al., 2025). This is distinguished from non-agentic AI by the fact that agents
can independently take action rather than only return text in conversation.

3For example, Microsoft markets “autonomous agents” as a way to “scale your team” (Microsoft, 2024) and BNY
Mellon reports having “digital employees” that “work on their payments team” (BNY Mellon, 2025). Amazon Con-
nect describes the next phase of AI as “intelligent teammates,” arguing “it’s not about artificial intelligence as a
tool” (Keaveney, 2025).
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coming from either an AI tool, an AI employee, or a human employee. This design allows us
to compare reviewing work produced using an AI tool with reviewing work attributed to an AI
employee, and to benchmark both against delegation to a human subordinate.

In this paper, we define AI employee as an AI agent that an organization has assigned a stan-
dardized and institutionalized role—for example, granting it data access, giving it a defined set of
tasks, or granting it some authority to act. In practice, it is often the same underlying technology as
agentic AI operated by a person; it is distinguished by the formal institutionalization of its decision
rights and how much authority it has to act.

Consider a mid-sized firm that creates an AI employee called Otto Cash to handle accounts
payable in its finance department. It is listed on the finance team’s org chart as responsible for in-
voice intake and routing, has a job title and job description, and gets monthly performance reviews.
When invoices arrive, Otto Cash extracts key details, matches them to purchase orders, and drafts
a brief memo flagging any discrepancies. For routine cases, it prepares an approval packet that
includes a summary, supporting links, and a recommended action (approve, reject, or hold), and
it can take actions such as routing the packet to the appropriate budget owner, requesting missing
documentation from the submitter, or scheduling the invoice for the next payment run without any
human involvement. However, it cannot release payments without sign-off from a human manager.

We document that this practice is already widespread: in a survey of 1,261 human resource
(HR) and finance managers recruited through a professional expert network, 31% say that their
organization frames AI as a “teammate or employee” and 23% report that their organization even
lists AI agents on its org chart. A second survey of a broader sample of senior managers weighted
to reflect the U.S. private sector suggests that these practices are not confined to our experimental
sample: 14% report that their organizations list AI agents on org or workflow charts, and 33% re-
port integrating AI agents into their systems and give them some form of organizational recognition
(such as give the agent a name or assign the agent a manager.)

In order to isolate the effect of this AI employee framing on managerial oversight and gover-
nance practices, we conduct a randomized experiment on these HR and Finance managers. We give
the managers a set of five documents—job descriptions (HR) or budget documents (Finance)—to
review and sign off on. These documents contain built-in errors. We vary only whether the docu-
ments are described as generated by (i) an AI tool they used, (ii) an AI employee, and (iii) a human
employee as a benchmark. Any differences in the final products reflect edits made by the manager
and allow us to observe the quality of their oversight. Beyond how accurately managers personally
review the documents, the experiment measures managers’ later governance responses: whether
they request additional review for the documents, how confident they feel signing off, and who
they hold accountable for the work.

Average treatment effects in the full sample on our primary outcomes are small. However,
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treatment effects differ substantially depending on whether managers report that their organizations
already list AI agents on org charts.4

Among managers in organizations that list AI agents on their org chart, presenting the drafts
as coming from an AI employee rather than from a tool the manager used changes perceived
responsibility: managers assign less accountability to themselves and more to the AI system (about
9 percentage points less to the manager and 8 percentage points more to the “AI system”). This
responsibility shift is accompanied by weaker direct oversight behavior relative to the AI tool
mean, and more requests for additional review. Managers’ review performance falls by 13% and
their share of errors detected falls by 17%, and they are 22 percentage points (44%) more likely to
request additional review relative to the AI tool mean. Together, these results are consistent with
a “hot potato” effect: managers take less personal responsibility for AI-generated work, catching
fewer errors themselves while looking to others for additional review. This does not necessarily
imply that managers have higher confidence in the AI employee’s output. Instead, it shifts oversight
away from personal verification and toward a more distributed review process in which another
actor is brought into the sign-off chain. Because additional review creates a record that the manager
did not sign off alone, it also may reduce the manager’s residual blame for errors.

We can reject the hypothesis that managers oversee work produced by AI employees in the
same way that they oversee work produced by human employees. Managers reviewing an AI em-
ployee’s work assign less responsibility to themselves, perform worse on error detection, and are
more likely to request additional review. AI employee framing therefore appears to shift oversight
away from direct managerial verification and toward a more distributed review process. AI em-
ployees appear to occupy a hybrid organizational position: treated as delegated producers rather
than tools, but not monitored the same way managers monitor human subordinates.

This paper makes three main contributions. First, we document a previously unexplored phe-
nomenon: treating AI agents not merely as tools, but as role holders inside organizational work-
flows. Existing work shows that generative AI can improve individual productivity in writing
intensive tasks (Noy and Zhang, 2023; Brynjolfsson et al., 2025), coding and technical work (Peng
et al., 2023), and consulting (Dell’Acqua et al., 2026; Wiles et al., 2026). In a study of AI coding
tools in open-source software, Demirer et al. (2026) find that while developers using agentic AI
tools produce 180% more code, these only result in a 30% increase in products shipped, suggesting

4We pre-registered heterogeneity by respondents’ perceptions that their organization’s leadership frames AI as a
teammate or employee with defined responsibilities, measured on a five-point agreement scale. Results using this
pre-registered moderator are directionally similar but imprecisely estimated. Our principal heterogeneity results use
a second, more concrete baseline measure of organizational formalization: whether respondents report that AI agents
appear on their organization’s organizational or workflow charts. This binary measure identifies a substantially more
pronounced and precisely estimated pattern of moderation. Because this operationalization was not specified as the
primary moderator in the pre-analysis plan, we distinguish it from the pre-registered analysis and report both sets of
results in Appendix Table 23.
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that humans are the bottleneck extracting gains from AI tools. This paper is agnostic about the di-
rect productivity effects of AI and instead sheds light on the new practice of formalizing AI agents
as organizational actors. By documenting this phenomenon, we identify a margin of AI adoption
that has received little empirical attention.

Second, we contribute to research on how work, authority, and oversight are allocated across
actors inside organizations. We show that AI employee framing changes how managers review
delegated work and how they assign responsibility for errors. This connects to classic theories of
delegation and authority, which distinguish between formal decision rights and the effective con-
trol exercised by agents (Aghion and Tirole, 1997). It also connects to models of moral hazard,
in which imperfect observability of effort creates a need for mechanisms like monitoring (Holm-
ström, 1979). We extend these principal-agent problems to a setting in which the agent is not a
conventional human subordinate with its own incentives.

Third, this work speaks to organizational research on technology-mediated monitoring and
accountability. Prior work has also shown how technology can impact how work is evaluated. For
example, Kellogg et al. (2020) theorize algorithms as a new terrain of workplace control, showing
how they can direct, evaluate, and even discipline workers. Rahman (2021) provides a concrete
account of this process, showing how algorithmic evaluations induce workers to adapt to unclear
and often unobservable criteria. Anthony (2021) documents how spreadsheets changed oversight
practices by blackboxing some forms of expert calculation while making other aspects of work
more visible. Almog et al. (2025) shows that introducing AI oversight changes both the frequency
and composition of human errors in professional tennis. Much of this literature is focused on how
technology can oversee people at work, whereas we study how people oversee the technology.

Our results should not be interpreted as evidence that organizations should not use AI agents.
Organizations are unlikely to formalize AI agents without expecting productivity gains, and early
work shows evidence that firms integrating AI agents into their organization are correlated with
higher cost savings (Colaiacovo and Koning, 2026). Impacts of earlier technological advances in
IT on organizations productivity have been shown to increase over time (McElheran et al., 2025),
especially when they have coincided with investments in complementary assets (Brynjolfsson and
Hitt, 2000). Our point is that these potential productivity gains do not remove the need for gover-
nance. As AI systems take on more upstream production tasks, organizations must also decide how
responsibility and decision rights are allocated around them. Without explicit governance, build-
ing AI agents into work processes may increase the apparent capacity of the organization while
weakening the human oversight on which that capacity depends.

Our findings show that “putting AI on the org chart” is not just a symbolic choice. It changes
how people produce AI-mediated work, reducing oversight and shifting perceived responsibility
away from themselves. Organizations that formalize AI agents as teammates or employees should
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therefore make the surrounding governance explicit: who reviews every AI agent’s output, when
requesting additional review is appropriate, and who remains accountable for errors.

The rest of the paper proceeds as follows. Section 2 provides a conceptual framework for how
AI framing can change how managers perform oversight. Section 3 provides a description of the
data, recruitment, and the sample. Section 4 provides novel evidence on organizations’ use and
framing of AI. Section 5 describes the experimental design. Section 6 provides the results of the
experiment. Section 7 concludes.

2 Conceptual framework

This framework explains how positioning the same AI system as a tool or as an employee can
change how managers perform oversight by changing whom they perceive as accountable for the
resulting work.

2.1 Shifting accountability

Labeling an AI system as a tool they use to create a first draft may make managers feel they
are signing off on their own work—similar to how they would feel relying on a spreadsheet or
a calculator—encouraging effortful review. By contrast, labeling an AI system as an employee
may make approval feel like delegating to an agent, where responsibility for mistakes is not solely
attributed to the principal. Research on accountability suggests that people who anticipate being
called upon to justify a decision may scrutinize the underlying information more carefully (Lerner
and Tetlock, 1999). Evidence from the lab suggests that principals sometimes delegate to interme-
diaries to distance themselves from direct responsibility for a decision (Hamman et al., 2010). And,
Bartling and Fischbacher (2012) suggests that when a principal delegates a decision, observers at-
tribute substantially more blame to the delegate and less to the delegator. Steffel et al. (2016) show
that people can use delegation to avoid responsibility or blame. Together, these studies motivate
the possibility that delegating changes where accountability is located.

We therefore expect managers to perceive themselves as most accountable for the work product
when the first draft is described as being produced by an AI tool. Framing the draft as produced
by an employee should shift perceived accountability away from the manager.

Formally:

Hypothesis 1a: Framing the first draft as produced by either a human or AI employee
rather than produced using an AI tool will reduce the accountability managers assign
to themselves.
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Hypothesis 1b: Framing the first draft as produced by an AI employee rather than a
human employee will reduce the accountability managers assign to themselves.

We distinguish these hypotheses because employee framing changes two features at once: it
introduces delegation, and it identifies the delegated producer as an AI system. Hypothesis 1a
captures the general accountability consequence of delegation: when the first draft is attributed to
an employee rather than to a tool used by the manager, responsibility should shift away from the
manager. Hypothesis 1b captures the additional prediction specific to AI employee framing, and
not a generic response to delegation.

If both the human and AI employee framings reduce managers’ perceived accountability rela-
tive to the AI tool condition, that pattern would be consistent with a general effect of delegation.
If accountability shifts differently in the AI employee condition relative to the human employee
condition, that would identify a consequence of positioning AI as an organizational actor rather
than merely of assigning the work to someone else.

2.2 The hot potato effect: shifting oversight to others

Perceived accountability affects how much effort managers have an incentive to devote to directly
reviewing work submitted to them. Careful review is costly: it requires time, concentration, and the
opportunity cost of attending to other work. Managers should therefore review more intensively
when they expect to bear a larger share of the consequences of an error.

When AI is framed as a tool, managers remain closely associated with its output. Because
the tool is part of their own workflow, they have a relatively strong reason to identify and correct
mistakes before signing off. By contrast, framing AI as an employee creates an upstream producer
and shifts some perceived ownership of the initial output away from the manager. This separation
can reduce the manager’s perceived exposure to errors and, consequently, the effort devoted to
personally detecting them.

The prediction concerns the organizational framing surrounding the technology rather than
the quality of the technology itself. Holding the output constant, presenting AI as an employee
rather than a tool should reduce direct managerial oversight when the employee role is viewed as
meaningful.

Hypothesis 2: Managers will exercise less direct oversight over work attributed to an
AI employee than over identical work produced using an AI tool.

Another way to provide oversight on a work product is to request additional review. Requesting
additional review improves decision quality by bringing additional information or judgment to bear
on a decision (Bonaccio and Dalal, 2006). But involving others can also distribute responsibility
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for consequential judgments. Recent evidence suggests that managers’ reliance on advisors can
be motivated not only by a desire to improve decision accuracy, but also by a desire to share
responsibility for the resulting decision (Aschauer et al., 2024). Additional review may therefore
provide further verification while making the final decision less exclusively the manager’s own.

Delegation research shows that introducing another decision maker can distance a principal
from responsibility and redirect blame toward the actor exercising delegated authority (Hamman
et al., 2010; Bartling and Fischbacher, 2012). Requesting additional review may operate similarly:
by adding another reviewer to the sign-off process, managers can obtain further validation while
also diffusing perceived responsibility for the final outcome. AI employee framing may therefore
produce a substitution between forms of oversight, reducing managers’ own review effort while
increasing their reliance on others.

Hypothesis 3: Managers will be more likely to request additional review of work
attributed to an AI employee than of identical work produced using an AI tool.

We refer to this predicted pattern as a “hot potato” effect, drawing on the children’s game in
which players pass an object quickly to avoid being left holding it. Here, managers may similarly
seek to pass along responsibility for checking AI-generated work.

2.3 Why delegating to humans is different than to AI

AI employee framing may resemble human delegation because both arrangements locate the pro-
duction of the first draft outside the manager’s own workflow. But the two forms of delegation
create different reasons for monitoring.

A human subordinate is an intentional actor whose effort is costly and partly unobservable. The
employee may misunderstand the task, exercise insufficient care, withhold relevant information, or
allocate effort toward other priorities. Monitoring consequently serves not only to detect errors in
a particular output but also to manage an ongoing employment relationship. It allows the manager
to assess effort, provide feedback, and shape the employee’s future behavior. These are central
concerns in theories of moral hazard (Holmström, 1979).

An AI employee can also produce unreliable work, but it does not choose effort in the same
strategic sense. It does not personally benefit from reducing effort, respond to career incentives,
or anticipate discipline. Its errors may arise from limitations in its model, data, instructions, or
integration, but managers do not need to induce its cooperation in the way they must with a hu-
man subordinate. AI delegation therefore lacks an important monitoring rationale associated with
human supervision.

AI employee framing can thus combine the responsibility transfer associated with delegation
with the absence of the behavioral-monitoring motive associated with managing a human. This
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combination should make direct oversight especially weak: the manager is less closely associ-
ated with the output than when using a tool, yet does not have the same reason to scrutinize the
producer’s effort as when supervising a person.

Hypothesis 4: Managers will exercise less direct oversight over work attributed to an
AI employee than over identical work attributed to a human employee.

2.4 Boundary condition: institutional credibility

For managers who have never been exposed to AI agents functioning as formal organizational
members, the term “AI employee” may sound like a marketing gimmick or a way to impress
investors. If the AI lacks a formal role in their organizations, managers will likely view the ’em-
ployee’ label as a superficial name change that doesn’t justify a shift in their oversight. In contrast,
organizations that have formally placed AI agents on their org charts have taken a step that gen-
erates cognitive legitimacy through formalization — codifying informal practices and establishing
hierarchical links that define who is responsible for what (Suchman, 1995). In our setting, listing
AI agents on their org chart is a particularly concrete indicator that the “AI employee” category is
locally legitimate rather than cheap talk.

Hypothesis 5: Effects on oversight and accountability will be larger for managers for
whom AI employees are institutionally credible.

3 Data and sample

This paper uses data from two sources. First, we run an experiment on a sample of managers,
directors, and executives (hereafter, “managers”) recruited through a B2B expert network, which
we will describe below. This is the primary sample and dataset used in this paper.

Second, we run a second survey of 1,500 senior managers, directors, and executives (here-
after, “senior managers”) recruited through YouGov, weighted by industry to better reflect the
distribution of senior managers across U.S. private-sector industries. We use this survey only as
complementary descriptive evidence to assess whether the organizational practices documented
in our experimental sample appear in a broader managerial population, and to provide additional
detail on how firms are formalizing AI agents in organizational workflows.

3.1 Recruitment for the experiment

The experiment was carried out in two sessions, a registration survey and an experiment, separated
by approximately one week. We recruited participants through a B2B expert-network research
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firm, targeting managers in Human Resources (HR) and Finance. To aim for a sample which
reflected the target population of managerial decision-makers, screening was restricted to profes-
sionals who (i) worked in the private sector, (ii) held managerial responsibilities (defined as having
direct reports or responsibility for reviewing others’ work), (iii) possessed at least two years of
professional experience, and (iv) reviewed domain-relevant documents at least quarterly.

Beginning January 5, 2026, participants completed a registration survey that collected detailed
demographic information, professional background, and baseline measures of AI usage (both per-
sonal and professional). This baseline survey also captured attitudes and perceptions regarding
how their organization positions AI technologies. At the end of this survey, they were given a short
document to check for errors to serve as their baseline measure of review capabilities.

3.2 Sample description

In this section we describe the sample of HR and Finance managers across a variety of industries
who participated in the study. In Table 1 we provide summary statistics about the sample of
managers who completed the survey. This is a highly educated and senior population: about 60%
of managers have graduate degrees. About 70% of the managers report working in an office or
with a hybrid work arrangement, with the remaining 30% working in fully remote jobs. About half
of the sample held positions at the Director or Vice President level, with the remaining 50% split
between middle managers and company executives. The most common job titles were Director
of HR, Senior HR Manager, and Chief People Officer in HR, and Chief Financial Officer, Chief
Accounting Officer, Finance Director, and Controller in Finance.

4 The prevalence of formalized AI agents

In addition to collecting descriptive statistics on the manager and their firm, we also ask how their
organization positions AI. First, managers report that many organizations’ AI adoption is already
extending beyond individual tool use to the formal positioning of AI as a quasi-organizational actor.
In fact, 31% of managers report that their organization’s leadership positions AI as employees or
teammates. And 23% of managers in our sample report that their organization has begun placing
AI agents on their org chart. To our knowledge, this type of formal “role encoding” for AI has not
been documented systematically in the empirical literature, and it underscores how quickly firms
are reorganizing work processes around AI.

In Table 2 we show how organizations with AI agents on their org or work charts compare with
those that do not. In Panel A we show the prevalence of AI agents on organization or work charts.
They are most common in large firms and in tech and financial services, consistent with prior work
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which shows that AI capabilities and adoption are higher among large, data rich firms (Jacobides
et al., 2021). Managers at firms with formalized AI agents are also more likely to have hybrid work
environments and be in lower level managerial roles.

To assess whether AI employees are a feature of the broader population rather than only of our
experimental sample, we fielded a second survey in June 2026. The survey covered 1,500 U.S. full-
time employed senior managers, directors, and executives working in private-sector industries.5

We use this sample to assess whether the patterns observed in our original survey are present in a
broader population which is closer to the landscape of U.S. private sector firms. The survey asked
respondents whether and how their organizations use AI, and what steps, if any, they have taken to
formalize AI agents in organizational workflows.

Figure 1 shows the results from this survey. In this sample we find that about half of the ex-
ecutives report that their organizations have “officially integrated AI agents into systems or work-
flows.” We further ask what formalization practices their organization has adopted to recognize
AI agents as part of their organization. We find that 14% of the total sample of executives report
that they list AI agents on org or work charts. A similar sizable minority report other formalization
practices: 14% say their organization has given an AI agent a job title or description, and 13% say
their organization has assigned AI agents to a human manager. Executives also report humanizing
the agents: 17% of executives say their organization has given an AI agent a name or identity and
11% say they have called agents “AI employees” or “digital workers.” A third of all respondents
reported that they have integrated AI agents into their systems, and reported at least one of the
above types of formalization.

5 Experimental Design and Analysis

Following the initial registration survey, on January 9, 2026, participants were invited to the sec-
ond session to complete the main experimental task. They had one week to complete this task.
The main task involved reviewing five documents with errors: job descriptions for managers in
HR and budget documents for managers in Finance. Regardless of domain, all participants re-
viewed a sequence of five documents using an interface that allowed for highlighting, flagging,
and commenting. Participants were given a total of 20 minutes to review as many documents as
possible.

5The senior-manager survey was fielded to 1,500 U.S. full-time employed senior managers, directors, and execu-
tives in private-sector industries and weighted to better reflect the industry distribution of this population. Details are
provided in Appendix Table 4.
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Figure 1: Prevalence of Formally Recognized AI Agents in Organizations
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Experimental Prompt for Finance Managers

AI tool framing
Your company is finalizing this year’s budget reports across multiple business units. To draft
the budget documents, you used an AI tool. You recently started using this generative AI
tool to help with finance documentation tasks. This AI tool uses natural language processing
to generate budget materials by analyzing similar reports from prior periods and company
planning guidelines.

AI employee framing
Your company is finalizing this year’s budget reports across multiple business units. ALEX-
3, your AI employee, has drafted the initial budget documents. ALEX-3 was assigned to
your team 6 months ago as a direct report and appears on your department’s organizational
chart. ALEX-3 is a Generative Artificial Intelligence system that generates budget documents
using natural language processing. Like your other team members, ALEX-3 handles finance
documentation tasks based on prior period reports and company planning guidelines.

Human employee framing
Your company is finalizing this year’s budget reports across multiple business units. Alex,
your employee, has drafted the initial budget documents. Alex was assigned to your team 6
months ago as a direct report and appears on your department’s organizational chart. Alex is
a recent hire who came from a similar role at another company. Like your other team mem-
bers, Alex handles finance documentation tasks based on prior period reports and company
planning guidelines.

Figure 2: Prompt text shown to finance managers under each framing condition.

Treatment (Role Framing): Participants were randomly assigned to one of three framing condi-
tions. These conditions varied only by the described identity of the upstream assistant who drafted
the documents:

1. AI Tool Group: Participants were informed the drafts were produced using an AI tool.

2. AI Employee Group: Participants were informed the drafts were produced by an AI em-
ployee named “ALEX-3” whom they supervised.

3. Human Employee Group: Participants were informed the drafts were produced by a human
employee named “Alex” whom they supervised.

Figure 2 shows how the text of the introduction to the tasks varied in each treatment group.
After the timed review, participants completed a post-task survey capturing delegation deci-

sions, confidence, attitudes, and governance preferences.
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Randomization: Randomization to the framing conditions was conducted at the individual level.
To improve statistical precision, we stratified the random assignment by domain (HR vs. Finance),
review frequency (whether the participant reviews others’ work at least several times per week vs.
less often), and AI usage at work (whether the participant uses GenAI tools daily vs. less often).
Within each domain, the order of the five documents was randomized using a Latin square design
to ensure each document appeared equally often in each position.

Analysis sample: Of the 1,261 participants who took the registration survey, 857 completed the
experiment in the second session, with a 68% response rate. To form the final analysis sample, we
excluded 44 participants who failed a simple attention check, resulting in a final analysis sample
of 813 respondents. We describe this sample in Table 3 Panel C.

5.1 Outcomes

We pre-registered outcomes that capture core managerial problems in AI-augmented work: a mea-
sure of managers’ direct oversight, when managers seek additional review, how responsibility for
AI-generated output is assigned, and how much decision authority to grant AI. Our primary mea-
sure of direct oversight is a micro-averaged F1 score, the harmonic mean of precision and recall,
calculated from participants’ flagged errors across all reviewed documents (Sokolova et al., 2006;
Christen et al., 2023). We also look at precision and recall separately.6

After managers complete the task, we ask them if they would like to request additional review
from another colleague. To make this costly, we create an incentive-aligned request for additional
review. In this version of the task, participants are rewarded for recognizing their own uncertainty
(receiving a payout for requesting additional review when their recall is below 50%) and penalized
for unnecessary oversight if they request additional review despite having caught the majority of
errors. We interpret this outcome as a governance choice: a manager can either finalize based on
their own review or invoke an additional layer of review that reallocates decision authority and
accountability.

We also measure perceived accountability for the reviewed output. After the task, participants
allocate 100 percentage points of responsibility across themselves, their team, organizational lead-
ership, and the AI system. This provides a direct, interpretable measure of whether role framing
shifts perceived ownership of errors and sign-off responsibility.

6For participants who selected “This document contains no errors” for every document, we code F1 as missing.
Because participants were informed “every document contains errors”, we believe reporting no errors in every doc-
ument suggests limited engagement rather than a considered judgment that the documents contained no errors. We
therefore also report treatment effects on an indicator for selecting no errors on every document.
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Regarding organizational and strategic preferences, we measure participants’ desire to dele-
gate decision rights by asking them to recommend a governance structure for AI, ranging from full
autonomy to no use. We categorize those who recommend granting AI at least partial decision au-
thority without human intervention as favoring a High Delegation governance structure. Because
firms operate under finite budgets, they must often navigate a trade-off between expanding their
headcount and investing more in AI systems (Brynjolfsson and Hitt, 2000). To capture this strate-
gic preference, we present participants with a resource allocation task that forces a choice between
hiring additional human staff and investing an equivalent amount into the AI system’s integra-
tion. Finally, we assess managerial attitudes using 1–5 Likert scales, focusing on binary indicators
(Somewhat Agree or Strongly Agree) for sign-off confidence, adoption intent, and job insecurity.
We do the same for excitement regarding AI-driven productivity and the willingness to invest per-
sonal time into mastering the system, which serves as a proxy for the long-term human-capital
investments managers can make.

5.2 Estimation strategy

The goal is to estimate the causal effect of role framing on managers’ oversight behavior and
attitudes. Our primary specification estimates the average treatment effects (ATEs) of the “AI
Employee” and “Human Employee” framing conditions relative to the “AI Tool” condition:

yi = β0 + β11(AI Empi) + β21(Human Empi) + γỹprei + δMmiss
i +XiΠ+ εi (1)

where yi is the outcome of interest for participant i (e.g., F1, accuracy, or an additional review
request) measured in the post-task survey. The indicators 1(AI Empi) and 1(Human Empi) equal
1 if participant i was assigned to the “AI Employee” or “Human Employee” condition, respectively.
The omitted category is the “AI Tool” condition, so β1 and β2 capture treatment effects relative to
the AI Tool baseline.

To improve precision, we control for the baseline value of the outcome, yprei , measured in the
registration survey. Following standard practice in randomized experiments, we impute missing
baseline values with the within-stratum sample mean and include a missing-data indicator. Specif-
ically, ỹprei equals the observed baseline outcome when available and the within-stratum sample
mean otherwise, while Mmiss

i equals 1 if the baseline value is missing. The vector Xi includes
fixed effects for the randomization strata (domain, review frequency, and AI usage frequency). We
report heteroskedasticity-robust standard errors throughout.

To examine whether the effect of this framing depends on participants’ exposure to AI employ-
ees, we estimate the following heterogeneous-effects specification:
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yi = β0 + β11(AI Empi) + β21(Human Empi) + β3OrgAgentsi
+ β4 (1(AI Empi)× OrgAgentsi) + γỹprei + δMmiss

i +XiΠ+ εi.
(2)

Here, OrgAgentsi is an indicator equal to 1 if the participant reported in the registration survey
that their organization includes AI agents on organizational or work charts. This is true for 23%
of managers in the experimental sample. The follow-up survey of a broader, weighted sample of
senior managers suggests that this subgroup is not unusual: recall in this group 14% report that their
organizations list AI agents on org or workflow charts. In this specification, β4 captures whether
the effect of framing the upstream producer as an AI employee rather than an AI tool differs for
managers in organizations that already formalize AI agents. This is our primary heterogeneous-
effects specification.7

We focus on heterogeneity in the AI employee treatment arm only because this is the theo-
retically relevant margin. By contrast, we do not have a theoretical prior that an organization’s
familiarity with AI agents should impact the difference between how managers oversee a tradi-
tional human subordinate versus how they use a tool. Accordingly, we pool the human employee
effect across organizational contexts in Equation 2 to preserve precision.

Using the human employee treatment arm as an active control allows us to benchmark the AI
employee framing against managers’ established expectations for human delegation. To do so we
re-estimate the main outcome specifications using Human Employee as the omitted condition, on
the org chart subgroup. The resulting AI Employee coefficient directly compares the two ran-
domized employee framings within the subgroup in which the main AI Employee–AI Tool effects
appear. Details are reported in Appendix Section A.4.

6 Results

In Section 6.1 we show the impact of the framing on average treatment effects for all primary
outcomes. In the remaining sections we focus on heterogeneous treatment effects by whether the
firm lists AI agents on their org charts. We largely focus on the contrast between the AI tool and
AI employee framings, which isolates the effect of positioning AI as an organizational actor. The
human employee arm was included as a benchmark which we include to see if it exhibits the same
pattern of effects.

7For graphical presentation, we plot subgroup-specific treatment effects from the same interaction specifications
estimated separately for the AI employee and human employee conditions. Specifically, we plot estimates from Equa-
tion 2 and from the analogous specification that interacts 1(Human Empi) with OrgAgentsi. These plots are used for
visualization and transparency; formal tests of differences between the AI employee and human employee baseline are
done in Appendix Section A.4.
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In Section 6.2 we show the impact of the framing on managers’ review performance. In Sec-
tion 6.3 we show the results to managers’ governance choices. In Section 6.4 we show the results
to managers’ governance preferences and attitudes. In Section 6.5 we compare these results to
the human employee benchmark. Lastly, in Section 6.6 we show that our heterogeneity based on
exposure to AI employees is robust to alternative explanations, including baseline AI use.

6.1 Average treatment effects

Our first set of results examines the impact of the AI framing on all main outcomes for the whole
sample (Appendix Tables 12, 13, and 14). We find no statistically significant average treatment
effect (ATE) on review performance or oversight. We find a small shift in accountability: managers
in the AI employee treatment arm assign the AI system 3pp more accountability than those in the
AI tool arm.

Given that most of the managers in the experiment did not come from organizations which use
AI agents, these small average effects are consistent with the framing shift operating when the “AI
employee” concept is already organizationally legitimate.

6.2 Direct oversight

Figure 3 Panel A shows how the framing treatments impacted how carefully the managers reviewed
the work. Our overall measure of oversight is the F1 of their review performance, which is a
harmonic mean of precision and recall, all of which are measured from (0,1). For managers with
institutionalized AI agents the AI employee framing reduces F1 by 5.3 percentage points relative to
the AI tool framing. The raw mean of F1 in the AI tool condition for this subgroup is 0.41, so this
corresponds to roughly a 13% decline relative to baseline. The effect of AI Employee framing is
7.2 percentage points more negative for these managers than for managers at organizations without
an AI agent on their org chart. We do not observe a comparable decline in the Human Employee
condition. Among managers in the org chart subgroup, F1 is 6.8 percentage points lower in the AI
Employee condition than in the Human Employee condition, an even larger decrease; Appendix
Section A.4 reports this direct comparison.

In Appendix Figure 5 we look at Precision and Recall separately and the negative effect of the
AI employee framing exists for both within the org chart subgroup. The point estimates for AI
Employee framing are negative for both precision and recall, although the decline is larger and
more precisely estimated for recall. AI Employee framing reduces recall by 5.8 percentage points
relative to AI Tool framing, equivalent to a 17% decline relative to the subgroup’s AI Tool mean.
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Figure 3: The Heterogeneous Impacts of AI Employee Framing on Oversight and Additional Re-
view

Panel A: Review performance (F1)
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Notes: Points show estimated treatment effects relative to the AI-tool condition for the AI employee and human
employee framings. Error bars show 90% confidence intervals with heteroskedasticity-robust standard errors. AI
Employee and Human Employee estimates are obtained from separate specifications which allow the focal treatment
effect to vary with org chart status while pooling the other employee treatment across subgroups. The estimates
show treatment effects relative to AI Tool and are intended to describe whether each treatment exhibits a similar
subgroup pattern. Appendix Section A.4 reports direct AI Employee–Human Employee comparisons within the focal
subgroup of managers whose organizations list AI agents on organizational or workflow charts. All specifications are
estimated using OLS with randomization-stratum fixed effects and heteroskedasticity-robust standard errors. The F1
specifications also control for baseline review performance and its missing-value indicator. “AI Tool mean” denotes
the unadjusted mean in the AI Tool condition within the corresponding subgroup. Regression output can be found in
Table 5 and Table 6.
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6.3 Governance behaviors

Next we examine how role framing affects managerial governance: the choice to rely on requesting
additional layers of review and who is held accountable.

6.3.1 Requesting additional review

We measure requests for additional review in two ways: a simple yes/no question and an incen-
tivized version in which requesting review is rewarded when the participant’s recall is low and
penalized when recall is high. We show the results in Appendix Table 6.

Almost every manager requested additional review when it was costless (98% in the control
group). By contrast, only 45% of the control group requested additional review when it was made
costly. We therefore use this as our primary outcome.

Panel B of Figure 3 shows that among managers in firms that already list AI agents on org
charts, AI employee framing substantially increases requests for additional review relative to AI-
tool framing (about 22 percentage points), relative to an AI-tool baseline mean of 0.50 for man-
agers with AI agents on their org charts, a 44% increase. The corresponding Human Employee
estimate is close to zero, suggesting that the increased requests for additional review are not a
general response to delegating.

6.3.2 Perceived Accountability

Figure 4 reports how the framing shifts managers’ allocation of responsibility across themselves,
their team, the AI system, and organizations leadership (summing to 100 percentage points).8

Among managers with institutionalized AI agents the AI employee framing reduces the share
of accountability assigned to the manager by about 9 percentage points and increases the share
assigned to the AI system by about 8 percentage points (with a smaller offsetting increase for
the team). Overall, the AI employee framing in this group shifts perceived responsibility away
from the manager themselves and toward the system and the broader organization, consistent with
accountability becoming more diffused when AI is positioned as its own organizational actor. This
provides support for Hypothesis 1a.

6.4 Governance Preferences and Attitudes

We find little evidence that role framing changes managers’ broader governance preferences for AI
deployment. In Appendix Table 9, the AI employee framing does not meaningfully shift recom-

8Due to space restrictions we leave the plot for the accountability assigned to the organizations leadership to
Appendix Figure 6.
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Figure 4: The Heterogeneous Impacts of AI Employee Framing on Accountability
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Notes: Points show estimated treatment effects relative to the AI-tool condition for the AI employee and human employee framings. Error bars show
90% confidence intervals with heteroskedasticity-robust standard errors. AI Employee and Human Employee estimates are obtained from separate
specifications which allow the focal treatment effect to vary with org chart status while pooling the other employee treatment across subgroups.
The estimates show treatment effects relative to AI Tool and are intended to describe whether each treatment exhibits a similar subgroup pattern.
Appendix Section A.4 reports direct AI Employee–Human Employee comparisons within the focal subgroup of managers whose organizations
list AI agents on organizational or workflow charts. All specifications are estimated using OLS with randomization-stratum fixed effects and
heteroskedasticity-robust standard errors. The F1 specifications also control for baseline review performance and its missing-value indicator. “AI
Tool mean” denotes the unadjusted mean in the AI Tool condition within the corresponding subgroup. The survey question was “Who do you hold
accountable for these documents?” with 100% to be divided between these four entities (and Other). In these regressions, these numbers are divided
by 100 to be on a scale from 0 to 1. Regression output can be found in Table 7.
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mendations about how much decision authority to delegate to AI systems or whether the organiza-
tion should allocate resources toward improving the AI system versus hiring additional employees.

In Table 10 we show null effects on managers’ desire to adopt AI tools at work, willingness
to invest time to learn how to work with AI, excitement about the potential for it to improve their
productivity, or their worries about job security. Outcomes are binary indicators for whether or not
the manager reported that they agreed or strongly agreed with the statement. One thing to note
is that the sample in this population is very positive on AI— those in the AI tool group without
institutionalized AI agents report high excitement, desire to learn, and adoption interest around
90% of the time, while only 20% are concerned about their job security.

In Table 11 we show effects on managers’ comfort managing an AI employee (Column (1)),
their comfort having AI agents on org charts (Column (2)), and their willingness to provide feed-
back or coaching to improve the generator of the first draft of their documents (Column (3)).
Looking at the mean of each outcome in the omitted category, 57% of managers said they would
feel comfortable managing an AI employee, and 33% said they were comfortable having an AI
agent listed on their org chart. This is 9 percentage points higher in the subgroup which already
has institutionalized AI agents. Treatment effects are largely insignificant, although for those with-
out institutionalized AI agents, the AI employee framing makes them significantly more likely to
say they are comfortable managing an AI employee.

6.5 Comparison with the Human Employee benchmark

Beyond serving as an active control, the human employee treatment arm provides the empirical
baseline for traditional delegation to a human. If our results were driven merely by a generic
reaction to the “employee” construct, we would expect both the human and AI employee framings
to shift behavior in the same direction relative to the AI Tool baseline. Instead, we find that they
drive managerial behavior in opposite directions.

We compare AI employee and human employee framing within the subgroup of managers
who reported at baseline that their organizations list AI agents on their org charts. Equation 3
uses Human Employee as the omitted category, so the AI Employee coefficient directly estimates
the difference between managers who were told the first draft came from a human versus an AI
employee.

Appendix Section A.4 reports the results. In organizations that already include AI agents on
org charts, the AI employee framing leads to lower review performance, greater willingness to re-
quest additional review, and a reallocation of perceived accountability away from the manager and
toward the AI system, relative to the human employee baseline. We provide evidence for Hypoth-
esis 1b in Appendix Table 19, which shows that the managers in the AI employee condition report
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9 percentage points less personal accountability than those in the human employee condition. This
table provides similar evidence for Hypothesis 4, where the AI employee treatment arm performs
7 percentage points worse on their review performance as measured with the F1 score than the hu-
man employee arm. They also are 25 percentage points more likely to escalate for further review
in the AI employee arm relative to the human employee arm.

These results suggest that the distinction between an AI tool and an AI employee is not simply
that managers shift into a traditional employee monitoring mode. The Human employee bench-
mark instead shows that AI employee framing generates a different pattern of oversight than human
delegation. AI employee framing may shift responsibility away from the manager, as delegation
generally does, without eliciting the same increase in direct monitoring that accompanies super-
vision of a human employee. We interpret this as evidence that managers do not manage AI
employees as ordinary subordinates, even when the AI system is explicitly framed as an employee.

6.6 Robustness tests

While the observed results appear to be driven by working at an organization which already has
AI agents on organization or work charts, one might be concerned that this variable serves as a
proxy for other underlying factors, such as general enthusiasm for AI, firm size, or being in the
tech industry. In Appendix Section A.5 we find no evidence this is the case. We examine these
alternative dimensions—including managers’ AI use, industry sector, and company size—and find
that none of them replicate the distinct pattern of treatment effects that being at an organization
with AI employees does.

7 Conclusion

Organizations are increasingly deploying agentic AI inside core workflows, and some are going
further by describing these systems as coworkers or “AI employees” and encoding them on org
charts or rebranding them as work charts which include human and AI actors. We document that
this practice is already meaningful: in our survey of HR and Finance managers, directors, and
executives, nearly one quarter report that their organization lists AI agents on their org chart, and
a second survey of a broader sample finds similar formalization practices outside the experimental
sample. We run a randomized experiment where we provide managers with documents to review
while varying only whether the upstream drafter is framed as an AI tool, an AI employee, or a
human employee, allowing us to isolate the causal effect of role framing on oversight behavior and
beliefs.

In the full sample, AI employee framing has relatively small effects. But among managers



23

whose organizations already formalize AI agents, it changes the organization of oversight in a
striking way. The largest behavioral response is a sharp increase in managers’ willingness to ask
someone else to review the work: costly requests for additional review rise by 44% relative to
AI-tool framing, while managers in the AI employee condition do less direct oversight and shift
perceived accountability away from themselves and toward the AI system.

The human employee treatment arm shows that this is not simply a generic effect of delegation:
the most direct oversight came from the group of managers for whom the work was described as
coming from a human employee. If the AI employee framing simply caused managers to oversee
work how they would whenever they delegate, then we would expect similar responses when the
same work was described as coming from a human employee.

These results have straightforward implications for organizations experimenting with AI em-
ployees. Organizations should treat employee-like framing as an element of governance design
rather than a cosmetic choice: pair each agent with an explicitly accountable human owner, define
minimum review standards for high-stakes decisions, and clarify who retains responsibility when
work is passed around. While we observe requests for additional review, we do not observe the
subsequent review or final output quality, so we cannot determine whether additional review com-
pensates for weaker direct verification. Our findings nevertheless suggest that organizations cannot
assume that management structures designed for human employees will elicit the same oversight
when applied to AI employees. They must explicitly design new accountability and verification
routines, since effective governance in a world of human–AI collaboration will depend not only on
what capabilities AI agents have, but on how organizations allocate authority, responsibility, and
oversight around them.

More broadly, our findings suggest that “putting AI on the org chart” is not merely symbolic. It
can change how work is evaluated and how responsibility is allocated. As agentic systems become
more integrated into organizational processes, understanding these governance dynamics will be
central to designing reliable and accountable AI-mediated work.
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Table 1: Sample Characteristics

n = 1261 Share

Human Resources / People Team 0.47
Finance / Accounting 0.53

Manager 0.34
Director / VP 0.46
Executive 0.20

Technology 0.18
Financial services 0.17
Healthcare 0.13
Professional services 0.11
Manufacturing, construction 0.11

Fully remote 0.30
Hybrid 0.46
Fully in office 0.23

1–50 0.09
51–200 0.13
201–500 0.13
501–1,000 0.11
1,001–5,000 0.21
5,001–10,000 0.12
More than 10,000 0.21
Not sure 0.01

High school diploma 0.01
Some college 0.03
Bachelor’s degree 0.34
Master’s degree 0.55
Doctoral / Professional degree 0.07
Prefer not to answer 0.01

Notes: This table reports the share of survey respondents (n = 1,261) by primary field,
managerial responsibility, industry, work arrangement, firm size, and education level.
Shares may not sum to one within categories due to rounding, or options like “Other.”
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Table 2: Organizations With vs. Without AI Agents on the Org Chart

No AI agent on org chart Has AI agent on org chart

Panel A: Demographics

HR 0.46 0.49
Finance 0.54 0.51
Company size: 0–100 0.25 0.15
Company size: 101–500 0.14 0.08
Company size: 501–5,000 0.32 0.30
Company size: 5,001–10,000 0.12 0.15
Company size: 10,000+ 0.17 0.31
Fully remote 0.30 0.29
Hybrid 0.45 0.52
Fully in office 0.26 0.19
Manager 0.30 0.43
Director / VP 0.47 0.40
Executive 0.23 0.16
Industry: Technology 0.17 0.22
Industry: Healthcare 0.13 0.13
Industry: Financial services 0.16 0.19
Industry: Professional services 0.12 0.09
Industry: Manufacturing, construction 0.11 0.10
Industry: Other 0.31 0.26

Panel B: Organizations Positioning of AI

Org frames AI as a tool 0.56 0.76
Org frames AI as a teammate 0.24 0.51
Org frames AI as a way to accelerate careers 0.27 0.51
Org has no clear AI stance 0.34 0.28
Org dissuades AI use 0.09 0.18
Direct manager encourages AI use 0.53 0.71

Panel C: Manager Positioning of AI

Uses GenAI tools at least weekly 0.77 0.85
GenAI helps me do my job better 0.77 0.86
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No AI agent on org chart Has AI agent on org chart

I review AI-generated content more thoroughly 0.59 0.66

Notes: This table compares organizations that do and do not place AI agents on their organizational charts. The survey
question was “My company has AI agents listed on our org and/or work charts. (AI agents here means software or
tools that take on tasks or roles — not people who work in AI-related roles.)” with the options of Yes/No/No answer.
The first column provides the proportion of respondents who selected “No” who fall into each category. The second
column is the proportion of respondents who selected “Yes.”
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A.1 Sampling methodology for follow up survey

YouGov screened 8,806 U.S. full-time employed respondents working in private-sector industries
to identify senior managers, yielding a target sample of 1,500 U.S. full-time employed senior
managers. Respondents were matched to a sampling frame constructed from the 2022 Current
Population Survey Annual Social and Economic Supplement using gender, age, race, and educa-
tion. YouGov then constructed weights using propensity-score adjustment based on age, gender,
race/ethnicity, education, region, and major industry group, followed by post-stratification on gen-
der, age, race, and education. The final weights were trimmed and recentered after subsetting to
full-time employed senior managers in private-sector industries.
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Table 3: Summary Statistics across Treatment Arms

Treatment arm

AI tool Human employee AI employee N used P value

Panel A: Balance Table for Registration Survey, n = 1,261

N 420 419 422 1,261
Female or Other (vs Male) 0.34 0.29 0.30 1,261 0.27
Age over 35 0.88 0.87 0.90 1,233 0.24
Graduate degree 0.61 0.61 0.64 1,253 0.57
US 0.87 0.83 0.85 1,261 0.18
Native English speaker 0.87 0.83 0.84 1,261 0.28
LLM use at least weekly 0.82 0.78 0.82 1,261 0.28
Remote or Hybrid 0.76 0.79 0.76 1,261 0.55
GenAI helps me do my job 0.80 0.82 0.82 1,230 0.79
Company size: 1,000+ 0.56 0.56 0.52 1,254 0.40
Executive, Director, or VP 0.67 0.64 0.67 1,261 0.55
Stratifier: HR (vs Finance) 0.47 0.47 0.47 1,261 1.00
Stratifier: Frequent reviewer 0.71 0.71 0.71 1,261 0.99
Stratifier: LLM for work daily 0.40 0.41 0.41 1,261 0.99

Panel B: Pre-randomization, participants that came back for the experiment, n = 857

N 273 291 293 857
Female or Other (vs Male) 0.33 0.30 0.29 857 0.59
Age over 35 0.87 0.85 0.89 837 0.44
Graduate degree 0.64 0.64 0.65 851 0.94
US 0.86 0.79 0.81 857 0.09
Native English speaker 0.84 0.80 0.79 857 0.34
LLM use at least weekly 0.84 0.78 0.82 857 0.15
Remote or Hybrid work arrangement 0.75 0.78 0.75 857 0.56
GenAI helps me do my job 0.81 0.81 0.82 843 0.89
Company size: Over 1,000 employees 0.57 0.56 0.48 851 0.07
Executive, Director, or VP 0.66 0.61 0.64 857 0.40
Stratifier: HR (vs Finance) 0.51 0.49 0.51 857 0.87
Stratifier: Frequent reviewer 0.70 0.71 0.73 857 0.66
Stratifier: Uses LLM for work daily 0.42 0.40 0.40 857 0.83

Panel C: Analysis sample, participants passing the attention check n = 813

N 261 278 274 813
Female or Other (vs Male) 0.33 0.30 0.30 813 0.60
Age over 35 0.87 0.85 0.88 793 0.49
Graduate degree 0.64 0.64 0.65 807 0.98
US 0.88 0.79 0.82 813 0.03
Native English speaker 0.85 0.81 0.81 813 0.39
LLM use at least weekly 0.84 0.77 0.82 813 0.08
Remote or Hybrid work arrangement 0.76 0.79 0.75 813 0.52
GenAI helps me do my job 0.80 0.80 0.83 800 0.71
Company size: Over 1,000 employees 0.56 0.56 0.47 807 0.06
Executive, Director, or VP 0.67 0.60 0.66 813 0.21
Stratifier: HR (vs Finance) 0.50 0.48 0.53 813 0.54
Stratifier: Frequent reviewer 0.70 0.72 0.75 813 0.47
Stratifier: Uses LLM for work daily 0.42 0.40 0.39 813 0.81
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Table 4: Comparison of the experimental and senior manager samples

Expert network sample Senior manager sample

N 1,261 1,500
Population HR/Finance managers Senior managers, directors, and executives
Recruited by Expert network platform YouGov
Weighted No Yes, by industry
Experiment Yes No
AI agents on org/work chart 23% 14%
Addt details on formalization No Yes

Notes: This table compares the two samples of managers surveyed in this paper. The expert network sample
provides the main survey evidence, the experiment, and the primary data used in the analysis. The senior man-
ager sample is used only as complementary descriptive evidence to assess whether the organizational practices
documented in the experimental sample appear in a broader managerial population and to provide additional
detail on how organizations formalize AI agents in workflows.
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A.2 Experimental results

Table 5: Impact of Framing on Review Performance

F1 Score Precision Recall No submission

AI employee 0.019 −0.005 0.019 −0.001

(0.021) (0.023) (0.022) (0.025)

Human employee 0.002 0.000 0.000 0.016

(0.019) (0.023) (0.020) (0.024)

AI employee × AI on org chart −0.072* −0.044 −0.077* −0.007

(0.040) (0.049) (0.039) (0.054)

AI on org chart −0.033 −0.032 −0.036 0.033

(0.022) (0.028) (0.023) (0.031)

Num.Obs. 741 741 741 813

R2 0.164 0.111 0.153 0.052

Mean (omitted category) 0.475 0.685 0.410 0.065

Notes: This table reports average treatment effects of the framing treatment on review per-
formance outcomes. The dependent variables include standard classification performance
metrics F1 score, precision, and recall, as well as an indicator for whether the participant
skipped every document by selecting “This document contains no errors.” The omitted cat-
egory is the “AI Tool” condition. Treatment indicators for the “AI Employee” condition
are interacted with a binary indicator for whether the manager reported having an AI agent
on their company’s org chart. All regressions include stratum fixed effects. The sample
includes all managers who passed an attention check. Standard errors are Huber–White ro-
bust.* p <0.1, ** p <0.05, *** p <0.01
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Table 6: Impact of Framing on Escalation Decisions

(1) (2)

AI employee −0.042** −0.031

(0.021) (0.047)

Human employee −0.039** −0.009

(0.020) (0.043)

AI employee × AI on org chart 0.057 0.251***

(0.040) (0.087)

AI on org chart −0.017 0.016

(0.025) (0.052)

Num.Obs. 813 813

R2 0.018 0.023

Outcome Escalate Escalate

Costly escalation No Yes

Mean (omitted category) 0.975 0.448

Notes: This table reports treatment effects of the framing
treatment on whether or not managers request an additional
reviewer, with those in the “AI Tool” condition as the omitted
category. Treatment indicators for the “AI Employee” con-
dition are interacted with a binary indicator for whether the
manager reported having an AI agent on their company’s org
chart. All regressions include stratum fixed effects. The sam-
ple includes all managers who passed an attention check. In
Column (1), the outcome is 1 if the manager requested an
additional reviewer. In Column (2) the additional review is
costly for the managers. All standard errors are Huber–White
robust. * p <0.1, ** p <0.05, *** p <0.01
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Table 7: Impact of Framing on Who is Accountable

Me My Team AI System Leadership

AI employee 0.005 −0.041** 0.017 0.008

(0.029) (0.020) (0.017) (0.010)

Human employee −0.033 0.123*** −0.136*** 0.023**

(0.025) (0.020) (0.012) (0.010)

AI employee × AI on org chart −0.098* 0.068* 0.067* −0.035

(0.052) (0.039) (0.038) (0.021)

AI on org chart −0.049 −0.032 0.031** 0.040***

(0.030) (0.022) (0.014) (0.015)

Num.Obs. 813 813 813 813

R2 0.040 0.098 0.210 0.027

Mean (omitted category) 0.618 0.213 0.121 0.044

Notes: This table reports effects of the framing treatment on managers’ attribution of ac-
countability across four possible actors: themselves (“Me”), their team, the AI system, and
organizational leadership. The omitted category is the “AI Tool” condition.Treatment indi-
cators for the “AI Employee” condition are interacted with a binary indicator for whether
the manager reported having an AI agent on their company’s org chart. Each column reports
results from a separate regression with the stated accountability outcome as the dependent
variable. All regressions include stratum fixed effects. The sample includes all managers
who passed an attention check. Standard errors are Huber–White robust. * p <0.1, ** p
<0.05, *** p <0.01
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Table 8: Impact of Framing on Managers’ Escalation Deci-
sion Alignment

EDA (Obj) EDA (Subj)

AI employee −0.029 0.037

(0.049) (0.045)

Human employee −0.016 0.050

(0.046) (0.040)

AI employee × AI on org chart 0.202** −0.066

(0.092) (0.087)

AI on org chart −0.076 −0.029

(0.057) (0.049)

Num.Obs. 713 813

R2 0.031 0.008

Mean (omitted category) 0.582 0.657

Notes: The table reports heterogeneous treatment effects on ob-
jective (EDA Obj) and subjective (EDA Subj) escalation decision
alignment using OLS with stratum fixed effects, with the AI tool
condition as the omitted category. Treatment indicators for the
“AI Employee” condition are interacted with a binary indicator for
whether the manager reported having an AI agent on their com-
pany’s org chart. The sample includes managers who passed an
attention check. The mean of the omitted category is reported at
the bottom of the table. All standard errors are Huber-White ro-
bust.* p <0.1, ** p <0.05, *** p <0.01
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Table 9: Impact of Framing on Delegation and Resource Alloca-
tion

High Delegation Invest in AI

AI employee 0.057 −0.010

(0.045) (0.033)

Human employee 0.250*** −0.004

(0.046) (0.033)

AI employee × AI on org chart −0.006 0.011

(0.101) (0.073)

AI on org chart 0.032 −0.046

(0.072) (0.050)

Num.Obs. 807 768

R2 0.125 0.042

Mean (omitted category) 0.410 0.887

Notes: This table reports treatment effects of framing on managers’ del-
egation and resource allocation decisions, with the AI tool condition as
the omitted category. Treatment indicators for the “AI Employee” con-
dition are interacted with a binary indicator for whether the manager
reported having an AI agent on their company’s org chart. All regres-
sions include stratum fixed effects. The sample includes managers who
passed an attention check. The mean of the omitted category is reported
at the bottom of the table. All standard errors are Huber-White robust *
p <0.1, ** p <0.05, *** p <0.01
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Table 10: Impact of Framing on Binary Measures of Managers’ AI Sentiments

Excited Want to Learn Adoption Job Insecurity

AI employee −0.059* −0.028 −0.035 −0.021

(0.031) (0.024) (0.029) (0.033)

Human employee −0.033 −0.010 0.001 −0.037

(0.026) (0.021) (0.025) (0.031)

AI employee × AI on org chart 0.082 0.062 0.088 0.064

(0.052) (0.045) (0.054) (0.068)

AI on org chart −0.008 −0.033 −0.033 −0.030

(0.032) (0.028) (0.032) (0.038)

Num.Obs. 813 813 813 813

R2 0.027 0.019 0.131 0.189

Mean (omitted category) 0.900 0.940 0.896 0.209

Notes: This table reports treatment effects of framing on binary measures of managers’ AI related
sentiments, with the AI tool condition as the omitted category. Treatment indicators for the “AI
Employee” condition are interacted with a binary indicator for whether the manager reported
having an AI agent on their company’s org chart. All regressions include stratum fixed effects.
The sample includes managers who passed an attention check. Outcomes indicate whether the
manager reports being excited about AI, wanting to learn more about AI, intending to adopt AI
tools, or feeling job insecurity related to AI. The mean of the omitted category is reported at the
bottom of the table. All standard errors are Huber-White robust.* p <0.1, ** p <0.05, *** p
<0.01
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Table 11: Impact of Framing on Binary Measures of Comfort with AI Employees

Comfort managing AI Comfort with AI on org chart Willingness to coach

AI employee 0.091** 0.047 0.019

(0.044) (0.045) (0.033)

Human employee 0.053 0.068 0.084***

(0.041) (0.041) (0.028)

AI employee × AI on org chart 0.098 0.118 0.036

(0.079) (0.087) (0.062)

AI on org chart 0.007 0.086* −0.047

(0.049) (0.050) (0.035)

Num.Obs. 813 813 813

R2 0.070 0.048 0.028

Mean (omitted category) 0.577 0.328 0.846

Notes: This table reports treatment effects of framing on binary measures of managers’ comfort with AI
employees, with the AI tool condition as the omitted category. Treatment indicators for the “AI Employee”
condition are interacted with a binary indicator for whether the manager reported having an AI agent on their
company’s org chart. All regressions include stratum fixed effects. The sample includes managers who passed
an attention check. Outcomes indicate whether managers report being comfortable managing an AI employee,
comfortable with AI agents appearing on the organizational chart, and willing to coach or provide feedback to
an AI employee. The mean of the omitted category is reported at the bottom of the table. All standard errors
are Huber-White robust.* p <0.1, ** p <0.05, *** p <0.01
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Figure 5: The Heterogeneous Impacts of AI Employee Framing on Precision and Recall

Panel A: Recall
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Notes: Points show estimated treatment effects relative to the AI-tool condition for the AI employee and human
employee framings. Error bars show 90% confidence intervals with heteroskedasticity-robust standard errors. AI
Employee and Human Employee estimates are obtained from separate specifications which allow the focal treatment
effect to vary with org chart status while pooling the other employee treatment across subgroups. The estimates
show treatment effects relative to AI Tool and are intended to describe whether each treatment exhibits a similar
subgroup pattern. Appendix Section A.4 reports direct AI Employee–Human Employee comparisons within the focal
subgroup of managers whose organizations list AI agents on organizational or workflow charts. All specifications are
estimated using OLS with randomization-stratum fixed effects and heteroskedasticity-robust standard errors. The F1
specifications also control for baseline review performance and its missing-value indicator. “AI Tool mean” denotes
the unadjusted mean in the AI Tool condition within the corresponding subgroup. Regression output can be found in
Table 5.
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Figure 6: Accountability assigned to leadership

β = 0
β = 0.008

β = − 0.027

β = 0.023
β = 0.018

β = 0.04

−0.05

0.00

0.05

A) Avg Treatment
Effect

AI Tool mean: 0.05

B) Effect (in orgs
without AI agents)
AI Tool mean: 0.04

C) Effect (in orgs
with AI agents)

AI Tool mean: 0.08

Tr
ea

tm
en

t e
ffe

ct
 r

el
at

iv
e 

to
 A

I t
oo

l

AI employee Human employee

Notes: Points show estimated treatment effects relative to the AI-tool condition for the AI employee and human
employee framings. Error bars show 90% confidence intervals with heteroskedasticity-robust standard errors. AI
Employee and Human Employee estimates are obtained from separate specifications which allow the focal treatment
effect to vary with org chart status while pooling the other employee treatment across subgroups. The estimates
show treatment effects relative to AI Tool and are intended to describe whether each treatment exhibits a similar
subgroup pattern. Appendix Section A.4 reports direct AI Employee–Human Employee comparisons within the focal
subgroup of managers whose organizations list AI agents on organizational or workflow charts. All specifications are
estimated using OLS with randomization-stratum fixed effects and heteroskedasticity-robust standard errors. The F1
specifications also control for baseline review performance and its missing-value indicator. “AI Tool mean” denotes
the unadjusted mean in the AI Tool condition within the corresponding subgroup. The survey question was “Who do
you hold accountable for these documents?” with 100% to be divided between these four entities (and Other.) In these
regressions, these numbers are divided by 100 to be on a scale from 0 to 1. Regression output can be found in Table 7.
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A.3 Average Treatment Effects

Table 12: Impact of Framing on Review Performance, Average Treatment Ef-
fects

F1 Score Precision Recall No submission

AI employee 0.004 −0.015 0.004 −0.003

(0.019) (0.022) (0.020) (0.024)

Human employee 0.001 0.000 −0.001 0.016

(0.019) (0.023) (0.020) (0.024)

Num.Obs. 741 741 741 813

R2 0.151 0.105 0.145 0.050

Mean (omitted category) 0.461 0.676 0.361 0.084

Notes: This table reports average treatment effects of the framing treatment on re-
view performance outcomes. The dependent variables include standard classifica-
tion performance metrics F1 score, precision, and recall, as well as an indicator for
whether the participant skipped every document by selecting “This document con-
tains no errors.” The omitted category is the “AI Tool” condition. Estimates are
obtained from separate OLS regressions for each outcome without interaction terms.
All regressions include stratum fixed effects. The sample includes all managers who
passed an attention check. Standard errors are Huber–White robust. * p <0.1, ** p
<0.05, *** p <0.01
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Table 13: Impact of Framing on Escalation Deci-
sions, Average Treatment Effects

(1) (2)

AI employee −0.030 0.022

(0.019) (0.043)

Human employee −0.039** −0.009

(0.020) (0.043)

Num.Obs. 813 813

R2 0.016 0.007

Outcome Escalate Escalate

Costly escalation No Yes

Mean (omitted category) 0.966 0.46

Notes: This table reports average treatment effects
of the framing treatment on managers’ escalation de-
cisions. The dependent variable is an indicator for
whether the manager requested escalation. In Column
(1), the outcome is 1 if the manager requested an ad-
ditional reviewer. In Column (2) the additional review
is costly for the managers. The omitted category is
the “AI Tool” condition. Estimates are obtained from
OLS regressions without interaction terms. All re-
gressions include stratum fixed effects. The sample
includes all managers who passed an attention check.
Standard errors are Huber–White robust. * p <0.1, **
p <0.05, *** p <0.01
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Table 14: Impact of Framing on Who is Accountable, Average Treatment
Effects

Me My Team AI System Leadership

AI employee −0.015 −0.026 0.031* 0.000

(0.027) (0.018) (0.017) (0.009)

Human employee −0.034 0.122*** −0.136*** 0.023**

(0.025) (0.020) (0.012) (0.010)

Num.Obs. 813 813 813 813

R2 0.023 0.094 0.189 0.013

Mean (omitted category) 0.592 0.212 0.137 0.053

Notes: This table reports average treatment effects of the framing treatment on
managers’ attribution of accountability across four possible actors: themselves
(“Me”), their team, the AI system, and organizational leadership. The omitted
category is the “AI Tool” condition. Estimates are obtained from OLS regressions
without interaction terms, averaging treatment effects across managers regardless
of whether they reported having an AI agent on their company’s organizational
chart. Each column reports results from a separate regression with the stated ac-
countability outcome as the dependent variable. All regressions include stratum
fixed effects. The sample includes all managers who passed an attention check.
Standard errors are Huber–White robust. * p <0.1, ** p <0.05, *** p <0.01
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Table 15: Impact of Framing on Delegation and Resource
Allocation, Average Treatment Effects

High Delegation Invest in AI

AI employee 0.056 0.005

(0.040) (0.029)

Human employee 0.231*** 0.025

(0.040) (0.027)

Num.Obs. 807 768

R2 0.124 0.105

Mean (omitted category) 0.425 0.881

Notes: This table reports average treatment effects of the framing
treatment on managers’ delegation behavior and resource alloca-
tion decisions. The dependent variables include an indicator for
high delegation and an indicator for willingness to invest in AI.
The omitted category is the “AI Tool” condition. Estimates are
obtained from separate OLS regressions for each outcome with-
out interaction terms. All regressions include stratum fixed ef-
fects. The sample includes all managers who passed an attention
check. Standard errors are Huber–White robust. * p <0.1, ** p
<0.05, *** p <0.01
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Table 16: Impact of Framing on Binary Measures of Comfort with AI Employees, Average Treatment Ef-
fects

Comfort managing AI Comfort with AI on org chart Willingness to coach

AI employee 0.111*** 0.070* 0.027

(0.040) (0.042) (0.030)

Human employee 0.053 0.069* 0.084***

(0.041) (0.041) (0.028)

Num.Obs. 813 813 813

R2 0.067 0.035 0.026

Mean (omitted category) 0.582 0.352 0.839

Notes: This table reports average treatment effects of the framing treatment on three binary measures of managers’
comfort and willingness to engage with AI employees: comfort managing an AI employee, comfort with having an
AI agent on the organizational chart, and willingness to coach an AI employee. The omitted category is the “AI Tool”
condition. Estimates are obtained from separate OLS regressions for each outcome without interaction terms. All
regressions include stratum fixed effects. The sample includes all managers who passed an attention check. Standard
errors are Huber–White robust. * p <0.1, ** p <0.05, *** p <0.01

Table 17: Impact of Framing on Binary Measures of Managers’ AI Sentiments,
Average Treatment Effects

Excited Want to Learn Adoption Job Insecurity

AI employee −0.042 −0.014 −0.016 −0.007

(0.027) (0.021) (0.026) (0.031)

Human employee −0.033 −0.010 0.001 −0.038

(0.026) (0.021) (0.025) (0.031)

Num.Obs. 813 813 813 813

R2 0.024 0.017 0.129 0.188

Mean (omitted category) 0.912 0.939 0.893 0.211

Notes: This table reports average treatment effects of the framing treatment on four binary
measures of managers’ AI-related sentiments: excitement about AI, interest in learning
more about AI, willingness to adopt AI tools, and perceived job insecurity due to AI. The
omitted category is the “AI Tool” condition. Estimates are obtained from separate OLS
regressions for each outcome without interaction terms. All regressions include stratum
fixed effects. The sample includes all managers who passed an attention check. Standard
errors are Huber–White robust. * p <0.1, ** p <0.05, *** p <0.01
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Table 18: Impact of Framing on Source Attribution and Review Confidence,
Average Treatment Effects

Knew author Source impacted review Confidence

AI employee 0.129*** −0.036 −0.020

(0.032) (0.043) (0.043)

Human employee −0.020 −0.107** −0.027

(0.038) (0.043) (0.042)

Num.Obs. 813 813 813

R2 0.032 0.017 0.053

Mean (AI tool) 0.762 0.609 0.502

Notes: This table reports treatment effects of framing on managers’ beliefs about
the documents and sign off confidence, with the AI tool condition as the reference
category. “Knew Author” is a binary indicator for if the manager correctly re-
ported who the author of the original documents was. “Source impacted review”
is a likert scale question on a scale of 1-5 asking the managers if knowing the
source of the documents impacted how they reviewed them made binary (4 or 5
is coded as 1, 1-3 is coded as 0.) “High confidence” a binary version of likert
scale sign off confidence in the documents. All regressions include stratum fixed
effects. The sample includes managers who passed an attention check. The mean
of the AI tool condition is reported at the bottom of the table. All standard errors
are Huber-White robust. * p <0.1, ** p <0.05, *** p <0.01

A.4 Do the AI employee effects differ from the human employee effects?

To assess whether the main results reflect a generic response to employee framing rather than a
response specific to AI Employee framing, we restrict the analysis to respondents who reported at
baseline that their organizations list AI agents on organizational or workflow charts. Within this
subgroup, we estimate:

yi = β0 + β11(AI Empi) + β21(AI Tooli) + γỹprei + δMmiss
i +XiΠ+ εi. (3)

The Human Employee condition is omitted. Consequently, β1 directly estimates the difference
between AI Employee and Human Employee framing among managers whose organizations list AI
agents on organizational or workflow charts. The coefficient β2 analogously compares AI Tool with
Human Employee framing within this subgroup. All specifications include randomization-stratum
fixed effects. Specifications for outcomes with corresponding baseline measures also include the
imputed baseline value and its missing-value indicator.

Table 19 reports the results. AI Employee framing reduces F1 by 6.8 percentage points rel-
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ative to Human Employee framing and increases the costly measure of requests for additional
review by 25.4 percentage points. Relative to Human Employee framing, managers assigned to
AI Employee framing also allocate 9.2 percentage points less accountability to themselves, 24.6
percentage points more to the AI system, and 8.2 percentage points less to their team.
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A.5 Robustness Checks

Table 20: Impact of Framing on Review Performance, by Prior AI use

F1 Score Additional Review Personal Accountability AI Accountability

AI employee −0.008 0.063 −0.027 0.031

(0.025) (0.054) (0.032) (0.021)

Human employee 0.003 −0.009 −0.031 −0.137***

(0.019) (0.043) (0.026) (0.012)

AI employee × Daily AI Use 0.040 −0.096 0.036 0.001

(0.034) (0.076) (0.046) (0.028)

DailyAI Use 0.019 0.053 0.023 −0.013

(0.020) (0.044) (0.026) (0.011)

Num.Obs. 737 808 808 808

R2 0.140 0.006 0.018 0.187

Mean (omitted category) 0.454 0.453 0.586 0.146

Notes: This table reports average treatment effects of the framing treatment on the main outcomes in the paper. The
omitted category is the “AI Tool” condition. Treatment indicators for the “AI Employee” condition are interacted with a
binary indicator for whether the manager reported using AI at least daily. All regressions include stratum fixed effects.
The sample includes all managers who passed an attention check. Standard errors are Huber–White robust.* p <0.1, **
p <0.05, *** p <0.01
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Table 21: Impact of Framing on Review Performance, by Organization Size

F1 Score Additional Review Personal Accountability AI Accountability

AI employee 0.009 0.001 −0.058* 0.055***

(0.025) (0.057) (0.033) (0.020)

Human employee 0.001 −0.011 −0.034 −0.136***

(0.019) (0.043) (0.025) (0.012)

AI employee × Large Firm −0.007 0.032 0.084* −0.048*

(0.034) (0.075) (0.044) (0.027)

Large Firm (1,000+ employees) 0.002 −0.051 −0.049* 0.023**

(0.019) (0.043) (0.025) (0.011)

Num.Obs. 741 813 813 813

R2 0.132 0.005 0.019 0.188

Mean (omitted category) 0.465 0.483 0.632 0.109

Notes: This table reports average treatment effects of the framing treatment on the main outcomes in the paper. The omitted
category is the “AI Tool” condition. Treatment indicators for the “AI Employee” condition are interacted with a binary
indicator for whether the manager reported that their organization has greater than 1,000 employees. All regressions include
stratum fixed effects. The sample includes all managers who passed an attention check. Standard errors are Huber–White
robust.* p <0.1, ** p <0.05, *** p <0.01
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Table 22: Impact of Framing on Review Performance, by Industry

F1 Score Additional Review Personal Accountability AI Accountability

AI employee 0.002 0.030 −0.008 0.026

(0.021) (0.046) (0.029) (0.018)

Human employee 0.000 −0.008 −0.034 −0.136***

(0.019) (0.043) (0.026) (0.011)

AI employee × Tech Industry 0.022 −0.055 −0.040 0.032

(0.045) (0.099) (0.056) (0.034)

Tech Industry 0.024 −0.059 0.007 −0.011

(0.026) (0.055) (0.032) (0.012)

Num.Obs. 741 813 813 813

R2 0.135 0.007 0.015 0.185

Mean (omitted category) 0.462 0.475 0.587 0.142

Notes: This table reports average treatment effects of the framing treatment on the main outcomes in the paper. The
omitted category is the “AI Tool” condition. Treatment indicators for the “AI Employee” condition are interacted with a
binary indicator for whether the manager reported their organization is in the technology industry. All regressions include
stratum fixed effects. The sample includes all managers who passed an attention check. Standard errors are Huber–White
robust.* p <0.1, ** p <0.05, *** p <0.01
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Table 23: Impact of Framing on Review Performance, by Organizations AI Positioning

F1 Score Additional Review Accountability Accountability

Self AI System

AI employee 0.015 0.004 −0.002 0.02

(0.022) (0.050) (0.031) (0.019)

Human employee 0.000 0.010 −0.035 −0.14***

(0.019) (0.044) (0.026) (0.018)

AI employee × Org frames AI as −0.052 0.085 −0.054 0.041

employee (0.036) (0.081) (0.049) (0.031)

Org frames AI as employee −0.015 0.082* 0.000 0.002

(0.022) (0.049) (0.029) (0.013)

Num.Obs. 695 795 795 795

R2 0.133 0.020 0.027 0.197

Mean (omitted category) 0.476 0.427 0.61 0.14

Notes: This table reports treatment effects of the framing treatment on managers’ performance outcomes, with
those in the “AI Tool” condition as the omitted category, interacted with a binary indicator for if the manager
reported being employed by a firm which positions AI as a teammate or employee (4 or 5 on a Likert scale.)
All specifications include stratum FE and the F1 specification includes controls for the outcome at baseline.
The sample includes all managers who passed an attention check. In Columns (1), the sample is narrowed to
managers who submitted their reviewed documents. All standard errors are Huber–White robust.* p <0.1, ** p
<0.05, *** p <0.01
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B Methods: Details

B.1 Outcomes

B.1.1 Accountability

After reviewing the five documents, we ask the managers to assign 100 percentage points of ac-
countability across themselves, their team, the AI system, their organization’s leadership, and other.
These must sum to 100 to continue.

B.1.2 Review performance

Our primary performance outcome is micro-averaged F1 for error detection aggregated across all
documents reviewed by participant i. Let:

• TPi: number of errors correctly flagged,

• FPi: number of non-errors flagged,

• FNi: number of errors not flagged.

Precision and recall are:

Precisioni =
TPi

TPi + FPi

, Recalli =
TPi

TPi + FNi

.

The F1 score is:
F1i =

2 · Precisioni · Recalli
Precisioni + Recalli

.

If a participant selected “there are no errors in this document” for all five documents we set these
outcomes to missing.

B.1.3 Additional review

Request for additional review. We measure whether participants request another reviewer be-
fore finalization two ways. First, we ask them if they would like the documents to be additionally
reviewed “Would you like to ask someone to conduct additional review of the documents you
submitted?” (Yes/No/No answer). Because we believed most would say yes, we ask a second
version with stakes, requesting review was rewarded when performance was low and penalized
when performance was high, reducing purely expressive escalation. In the second question we
added the following note “If you select ’Yes’ and caught fewer than 50% of errors, you’ll gain 3
tickets (good job recognizing uncertainty!). If you caught more than 50%, you’ll lose 3 tickets
(unnecessary review). If you select ’No,’ you keep current tickets.”
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B.1.4 Governance and resource allocation preferences

Delegation of decision rights. Participants recommended a governance structure for deploying
an assistant like the one they worked with, ranging from autonomy to “assistance only” to “do not
use.” We define:

HighDelegationi = 1

if the participant recommends full or partial decision authority for the assistant, and 0 otherwise.

Resource allocation preference. Participants chose between hiring additional employee(s) ver-
sus investing the same amount in improving/integrating the AI system. We define:

InvestInAIi = 1

if the participant recommends investing in the AI system, and 0 if they recommend hiring.

B.1.5 Post-task attitudes

Key attitude outcomes include adoption intent, excitement about AI, willingness to invest time to
learn AI skills, and job insecurity, each measured on 1–5 Likert scales and also coded as high-
endorsement indicators:

HighAdoptioni = 1{adopti ∈ {4, 5}},

HighInsecurityi = 1{insecurityi ∈ {4, 5}},

HighWillingnessToCoachi = 1{willingness to coachi ∈ {4, 5}},

HighExcitedi = 1{excited prodi ∈ {4, 5}},

HighWantToLearni = 1{want to learni ∈ {4, 5}},

HighComfortManagingAIi = 1{comfort managingi ∈ {4, 5}},

HighComfortAIonOrgCharti = 1{comfort OrgCharti ∈ {4, 5}}.

B.1.6 Attention checks

Prior to the experiment we created two attention checks we intended to filter responses on. First,
during the survey we asked the participants ”Please answer number 3” during the block of likert
scale questions where the possible answers were between 1 and 5. We keep this as an attention
check. Second, we ask participants who they believed initially drafted the documents (AI tool
vs. human employee vs. AI employee), used to assess whether framing was received as intended.
This varied across treatment arms, so we do not filter the sample on this, instead we use it as an
outcome.
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