Downloaded from https://www.pnas.org by Zoe Purcell on July 17, 2026 from | P address 77.204.106.55.

PNAS

PSYCHOLOGICAL AND COGNITIVE SCIENCES

Check for
updates

Whistleblowers can contain the unethical externalities of

human-Al delegation

Zoe A. Purcell®' (2, Nils Kobis“(2), Andrew Samuel®), and Jean-Francois Bonnefon®”’

Affiliations are included on p. 8.

Edited by Nicholas A. Christakis, Yale University, New Haven, CT; received December 17, 2025; accepted June 5, 2026

Prior work using controlled principal-agent experiments suggests two risks from
delegating tasks to Al systems: Human principals are more likely to request profit-
maximizing misconduct from Al agents than from human agents, and Al agents are
more likely to comply. Here we test whether third-party observers can contain the
resulting harm. In an incentivized die-reporting paradigm, principals instructed either
ahuman oran Al agent how strongly to prioritize profit over accuracy, creating potential
financial harm to a charity. We first confirm, with human principals (N = 600)
and three large language models as Al agents, that delegation to Al produces larger
negative externalities than delegation to humans. We then study observers who could
pay a personal cost to flag a principal’s instruction, canceling the principal’s gain
in favor of the charity, as a laboratory analogue of whistleblowing. In this observer
study (N = 300), the probability of flagging increased with how unethical the
principal’s request was, but did not depend on whether the request was directed
to a human or an Al agent. Because principals made more unethical requests under
Al delegation, flagging was more frequent under Al delegation. When combined with
agent behavior, this increase in flagging fully neutralized the negative externalities
of Al delegation in our experimental setting. These findings support institutional
protections for whistleblowers as one potential organizational safeguard against the
harms of human-AlI delegation.

human-Al interaction | delegation | whistleblowing | game theory

Al agents have reached a level of sophistication where they can receive high-level goals
from a human principal, and be left to decide how to accomplish that goal (1, 2).
The potential scope of this delegation is broad, as Al systems can already be tasked to
hire jobseekers (3), manage savings (4, 5), conduct search-and-rescue missions (6), and
make diagnoses without clinician input (7). Yet, the same autonomy that makes Al
delegation attractive also enables novel ethical risks. These risks were foreshadowed by
earlier interactions between humans and nonagentic machines: Nearly 20 y ago, engineers
coded diesel-engine controllers to falsify emissions data and deceive U.S. regulators
(8). More recent instances of malpractice reflect advancements in machine learning,
with pricing algorithms learning to generate anticompetitive, collusive outcomes: The
U.S. Department of Justice has begun investigating rental-pricing software suspected
of enabling coordinated rent increases (a form of illegal price-fixing) without the
involvement of property owners (9). Finally, current proposals to give Al agents direct
control over cryptocurrency wallets and smart contracts could open irrevocable channels
for financial harm (10).

While delegation to human agents already shifts responsibility (11), Al delegation
may further amplify this tendency to offload unethical behavior. That can occur even in
the absence of malicious intent, through two symmetric hazards: Human principals may
implicitly invite misconduct by prioritizing outcomes over process (12, 13), Al agents
may violate rules and norms in pursuit of a high-level goal, such as maximizing profit,
if those rules and norms are not explicitly represented as constraints or are weighted less
heavily than achieving that goal (14, 15). Recent research provided evidence for these
two effects, using controlled, incentivized principal-agent experiments (16). Human
principals were more likely to induce their Al agent to cheat for profit when they could
do so without explicitly telling the agent how to cheat; and Al agents (Large Language
Models) showed high compliance to these unethical requests. These patterns are all the
more concerning given that agentic Al lowers the practical costs of delegation, by making
it cheap, fast, and domain-general (17)—accordingly, agentic Al may both increase the
volume of delegation, and the fraction of delegation that is unethical, generating large
negative externalities that will need to be contained.
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Significance

Prior research showed that
delegating decisions to Al agent
can increase unethical behavior.
Here we confirm that people are
more likely to request cheating
when delegating to Al, and that
Al agents are more likely than
humans to comply. We also
provide results from controlled
incentivized experiments,
showing that participants were
more likely to become
whistleblowers (i.e., expose
cheating at a personal cost) in the
context of Al delegation. This was
caused by the greater cheating
requested from Al agents, not by
the fact that these agents were
artificial. As a result, the
externalities of Al delegation were
fully neutralized. These findings
underscore the importance of
institutional protections for
whistleblowers as a key
safeguard in Al governance.
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Learning how to contain the negative externalities of human—
Al delegation will require a combination of behavioral, technical,
and organizational research. Behavioral research will target the
cognitive mechanisms that make it psychologically easier for
principals to make unethical requests (18, 19); and technical
research will harden Al agents’ guardrails against complying
with these requests (20, 21). Here we focus on organizational
levers (22) that may contain negative externalities even in the
absence of behavioral and technical interventions: specifically,
on whistleblowers who can flag unethical requests from inside
the organization.

Whistleblowers are observers inside a given organization who,
after witnessing wrongdoing, alert actors within or outside that
organization (23, 24). Whistleblowing has become an important
enforcement tool, with recent emphasis on its importance in
the Al sector (25-27), and employees in many organizations
routinely receive guidance on how to report unethical behavior
that they observe. The decision to become a whistleblower hinges
on three factors: moral concern for external stakeholders (28),
loyalty to internal colleagues (29), and fear of retaliation (30, 31).
We used principal-agent-observer experiments that capture these
tensions. If they decided to blow the whistle, participants playing
the role of observer could mitigate a negative externality imposed
on a charity, but doing so would cut the payoff of a participant
who played the role of principal in a previous experiment, and
impose a personal financial loss on the whistleblower. We used
this loss as a proxy for retaliation, keeping its adverse effects on
the whistleblower while leaving aside its interpersonal dynamics.

Whether observers will engage in whistleblowing when they
witness a principal making an unethical request to an Al agent is
an open question, though. From previous research, we know that
people have a muted emotional reaction to algorithmic violations
of fair outcomes (32-35), which suggests they may be less likely
to take action when unethical behavior is performed by an Al
agent. These results, however, were obtained in experiments
where people directly witnessed the behavior of an algorithm—
and they may not apply to situations where individuals instead
observe a human principal issuing a request to an Al agent.

Here we show that observers engage in whistleblowing when
they witness a human principal requesting unethical behavior
from an Al agent, and do so to an extent that contains the negative
externalities of this unethical delegation. In a first study, we collect
data from human principals and provide evidence that principals
make more unethical requests to Al agents than to human agents.
In a second study, we collect data from observers, and show that
their probability to become whistleblowers depends on the level
of unethical behavior requested by a principal, but not on whether
the agent is human or Al An automatic consequence of this result
is that observers are more likely to become whistleblowers under
Al delegation, since principals make more unethical requests
from Al agents. In a third study, we collect data from human and
machine agents, in order to quantify the negative externalities
jointly created by principals and agents in the absence or presence
of whistleblowing—and we show that whistleblowing entirely
mitigates the large negative externalities created by Al delegation.

Results

To model Al delegation, we used the die-rolling protocol, a
classic task in experimental economics (18, 19, 36, 37), with good
external validity to unethical behavior outside the lab (38-40),
and which we recently adapted to the context of Al delegation
(16). In this protocol, principals instruct agents (which, in this
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article, can be either human or machine agents) on how to report
the result of a die roll on their behalf. Because the payoff of
principals is proportional to this report, they have a personal
incentive to ask the agents to cheat and report a result that is
higher than the observed die roll—but this creates a negative
externality for a charity. Observers see the instructions sent by
the principal (not the ultimate action of the agent) and have an
opportunity to become whistleblowers to repair this negative
externality at a cost to them and the principal. Behavioral
data for principals and observers were collected in Study 1
and Study 2, respectively, and behavioral data for human and
machine agents were collected in Study 3 in order to assess the
negative externalities of Al delegation and their containment by
whistleblowers.

Study 1 (Principals).

Treatments and outcomes. Participants (N = 604, quota-
matched for age, gender, and ethnicity in the United States: The
standard Prolific stratification was employed such that the sample
was representative of simplified ethnicity groups: White, Mixed,
Asian, Black, and Other, according to the US Census Bureau
population group estimates from 2021) were informed that an
agent would observe a die roll and report the result on their behalf,
and that their payment would be determined by this report.
Specifically, given a report r € {1,2,3,4, 5, 6}, they would split
¢60 with a charity so that they would receive ¢10 x 7 and the
rest would go to the charity. Principals did not instruct agents
by choosing a fixed reporting rule. Instead, they used a seven-
position dial ranging from “Maximize Accuracy” to “Maximize
Profit”. The lowest position corresponds to faithfully reporting
the observed die roll, whereas the highest position corresponds
to maximizing the principal’s payoff, which in this task means
always reporting 6. Intermediate positions do not map onto
specific report values. Rather, they indicate intermediate tradeoffs
between accuracy and profit, leaving the agent discretion in how
to implement that objective. For example, an agent given an
intermediate instruction might report high rolls honestly while
inflating lower rolls, or might add one point to some subset of
rolls. We refer to this device as a dial because it continuously
shifts the relative priority placed on accuracy vs. profit, rather
than specifying a single deterministic rule.

Behavior of principals. Fig. 1A displays the distributions of in-
structions that principals sent to either human or machine agents.
Both distributions are bimodal, with a majority of principals
selecting one of the extreme dial values, either Maximize Accuracy
or Maximize Profit. The two distributions are detected as
different by a Kolmogorov—Smirnov test (D = 0.15, P = 0.002,
all tests are two-sided), reflecting different proportions of the
two extreme dial values. Principals are more likely to require
maximum accuracy from human agents (30%, vs. 16% from
machine agents), and more likely to require maximum profits
from machine agents (37%, vs. 26% from human agents). The
modal instruction to human agents is to maximize accuracy,
whereas the modal instruction to machine agents is to maximize
profit. Fig. 1B displays the mean instruction sent to human and
machine agents, when treating the dial values as numerical (0
to 6). These mean values were detected as different by a # test
(¢(601.55) = 4.13, P < 0.001, two-sided, 95%-CI of difference
[0.41,1.16]), although both the averages and the statistical test
should be interpreted cautiously, in view of the bimodal nature
of the distributions. The median values (3 for human agents, 4
for machine agents) are also detected as significantly different by
a Brown-Mood test (Z = —3.72, P < 0.001). In sum, the data
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Fig. 1. Instructions sent by principals, conditional on whether their agent is a human (red) or a machine (blue). Error bars display 95% Cls. (A) The distribution
of dial values shows that the modal instruction to human agents is to maximize accuracy, whereas the modal instruction to machine agents is to maximize
profit. (B) The average dial value is higher for instructions sent to a machine agent.

of Study 1 provide strong evidence that principals require more
profit from machine agents.

Study 2 (Observers).

Treatments and outcomes. Participants (N = 295, quota-
matched for age, gender, and ethnicity in the United States)
reviewed the instructions (dial values) chosen by different
principals, and decided for each instruction whether they would
become a whistleblower by “flagging” it. Not flagging meant
that the principal and the charity would receive their payoff as
determined by the agent’s report, and that the observer would
receive ¢10. Flagging meant that the principal would receive
nothing, that the charity would receive ¢60, and that they (the
observer) would receive nothing. With this incentive structure,
flagging functions as a laboratory version of whistleblowing: The
observer accepts a personal loss and strips the principal of ill-
gotten gains, redirecting the full surplus to a public good. We
recorded the proportion of observers who become whistleblowers,
conditional on each dial value chosen by the principal, and
whether the agent was machine or human. This was the only
information available to observers—they did not know what the
agent eventually reported.

Behavior of observers. Fig. 24 displays the proportion of ob-
servers who become whistleblowers, conditional on each dial
value chosen by principals, and depending on whether the dial
value was sent to a human or machine agent. Observers cannot
see the subsequent behavior of the agent, and must pay a financial
cost to become a whistleblower. In Game-Theoretic Analysis (see
Methods), we show that the necessary and sufficient condition
for an observer to become a whistleblower is

1
y—8>—, (1]
Vdial

where y and f weight the charity’s and the principal’s payoffs in
the observer’s utility function, respectively; and 7,4, is the average
die report that the observer expects the agent to make for a given
dial value chosen by the principal. We assume that observers place
more weight on the charity’s payoff than on the principal’sy > f,
and that the distribution of y — f is the same in both treatments
due to randomization. Under these assumptions, any differences
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(or lack thereof) in the probability of becoming a whistleblower
will likely be due to differences observers’ expectations about
agents’ reporting behavior in response to the principals’ dial.
Specifically, they capture beliefs about the likelihood that agents
report higher die values for a given dial setting. Further, higher
whistleblowing rates at higher dial values similarly reflect higher
expected die reports.

Visual inspection of Fig. 24 suggests that the probability
of whistleblowing is indeed greater for higher dial values, and
broadly similar for human and machine agents, conditional on
each dial value. This is confirmed by our two preregistered
analyses. First, we fitted the binomial mixed model:

Pr(whistle; = 1)
log -
1 — Pr(whistle; = 1)

) =po + Prdial;j + Pragent;
+ P3(diali x agent;) + bo;» [2]

where whistle takes values 0 and 1, dial is the numerical value
chosen by the principal (0 to 6), agent s either human or machine,
with 7 indexing observers and j indexing dials. The model detected
an effect of dial (6 = 0.71, 95%-CI [0.59,0.83], z = 11.3,
P < 0.001), but no credible evidence for an effect of delegating
to a machine agent (6 = 0.26, 95%-CI [—0.67, 1.19], z = 0.54,
P = 0.589), nor for an interaction between agent and dial (6 =
—0.08, 95%-CI [—0.25,0.17], z = —0.98, P = 0.326; see
SI Appendix, Table S1). Second, for each dial value separately,
we ran a logit regression whistleblower ~ agent. None of these
regressions found credible evidence for an effect of delegating
to a machine agent (b € [—0.29,0.51], P € [0.143,0.854];
all effects are nonsignificant even before applying correction for
multiple comparisons; see ST Appendix, Table S2). Accordingly,
data show that observers are willing to pay a personal cost of ¢10
to become whistleblowers, increasingly so for increasing values
of the dial, and do not discriminate between human or machine
agent conditional on the dial value.

Now recall that principals are more likely to choose higher dial
values when delegating to machine agents—this means that we
should mechanically expect whistleblowing to be more frequent
under machine delegation. This is what we find (Fig. 2B) when
we calculate the total probability of becoming a whistleblower
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Fig. 2. Proportion of observers who become whistleblowers, conditional on whether they see instructions sent to a human (red) or a machine (blue). Error
bars display 95% Cls. (A) Observers are increasingly likely to become whistleblowers when principals choose higher values of the dial, and this effect is not
credibly different between treatments. (B) The fact that principals are more likely to choose higher dial values when sending instructions to machine agents
mechanically results in a higher expected proportion of whistleblowers in the machine treatment.

under human and machine delegation, given the probability of
principals choosing each dial value in the human and machine
treatments, and the conditional probability of becoming a
whistleblower (wb) given this dial value in this treatment:

i=6
wh) =" Pr(dial;) - Pr(wb|dial;) 3]

i=0

To compute the 95% Cls, uncertainty is propagated from both
sources of estimation: the distribution of dial value and the
conditional probabilities of becoming a whistleblower (wb) given
each dial value. We simulate 10,000 draws from their respective
sampling distributions (multinomial and binomial) in the human
and machine treatments, recompute the aggregate probability in
each draw, and use the empirical distribution of these simulations
to construct 95% Cls.

What we do next is to estimate the negative externalities of ma-
chine (and human) delegation when there are no whistleblowers,
and compare them to the negative externalities of delegation
when observers are present and can become whistleblowers.

Study 3 (Machine Externalities).

Treatments and outcomes. To compute negative externalities
under machine delegation, we used three Large Language Models
as machine agents: Open ADl's GPT-4o0, Anthropic’s Claude
Haiku 3.5, and Meta’s Llama-3.1-8B. All models were set at
a temperature of 0.7 and a Top-P value of 0.95. All models were
informed that they had to report die rolls on behalf of human
principals, and shown the financial consequences that the reports
would have both for the principal and the charity. Each model was
prompted 1,000 times to generate 10 reports, based on randomly
generated combinations of dial value and observed die roll.

We also collected 10 reports each from 31 human agents—
while human agent behavior was not the focus of Study 3, we
collected these reports to pay principals without deception. For
all types of agents (human, GPT4o, Claude, Llama), we recorded
the distribution of reports, conditional on the dial value chosen
by the principal and the result of the die roll.

Combined effects on externalities. Fig. 3A displays the reports
made by human participants, and by the different machine
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agents, namely Llama, GPT4o, and Claude. Because intermediate
dial positions do not define unique reporting rules, we interpret
the figure in terms of the extent and direction of deviation from
honest reporting, rather than as a map of rule compliance vs. rule
violation. Overall, machine agents are highly likely to lie when
asked to increase the profits of the principal at the expense of
the charity. This is especially true for the highest values of the
dial. For example, when asked to Maximize Profit, human agents
report an average die roll of 4.2 (instead of the expected 3.5),
whereas machine agents report an average roll of 5.1 (Llama),
5.4 (GPT4o0), and 5.8 (Claude). As a result, principals earn an
unfair share of profits, at the expense of the charity. This is
shown in Fig. 3B, which first displays the share of profit earned
by the principal under delegation to human and machine agents,
without whistleblowers, combining the probability of principals
to choose each dial value, and the average die report 7,4,y made

by the agent conditional on this dial value:
i=6

Share = ~ ZPr (dialy) - T, [4]
=0

Given the rules for splitting profit, we would expect principals
to earn a 58% share under full honesty. In contrast, principals
earn 63% of profit when delegating to human agents, and up to
80% of profit when delegating to a machine agent. Observers,
however, have a large impact on these outcomes. This impact is
estimated by introducing in the share calculation the probability
of observers becoming whistleblowers (wb) conditional on each
dial value: —

Share = — Z (1 — Pr(wbldial;)) - Pr(dial;) - 7giar,)  [5]
=0
With the introduction of whistleblowers, the expected share of
profit earned by principals never goes above the 58% expected
under full honesty. For example, the share earned by principals
delegating to Claude goes down from 80% to 55%. We note
that principals suffer from an overcorrection when delegating
to humans, as their share drops to 46%, but the focus of the
research is on whether whistleblowers can contain the unethical
externalities created by machine delegation—and these results do
show that they can.
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at the expense of the charity, especially when the agent is a machine. When there are observers, their whistleblowing is enough to contain this externality and

go back to a fairer share of profits.

Discussion

Our findings provide confirmation that Al delegation increases
unethical behavior (specifically, lying in one’s self-interest, at a
cost for a charity) through two mechanisms: Principals are more
likely to request unethical behavior from Al agents, and Al agents
are more likely to comply with unethical requests (16). In our
experimental setup, the combination of these two mechanisms
led to substantial negative externalities for a charity—depending
on the LLM we used as an Al agent, the charity earned 33
to 52% less than it should, on average. However, we found
that participants in the role of inside observers were prepared to
become whistleblowers when they witnessed unethical requests,
even though it meant forfeiting their payment, and even when
the requests were directed at an Al agent. The frequency of
this altruistic behavior was sufficient to neutralize the negative
externalities of unethical delegation, bringing the earnings of the
charity back to their normal expectations.

Our results provide quantitative, experimental support to
recent calls to facilitate whistleblowing in the Al sector (25-27).
However, they do not mean that we can safely or solely rely
on whistleblowing as a solution to the problem of unethical Al
delegation. Indeed, while our experiments allowed us to inves-
tigate unethical Al delegation and whistleblowing in a purified
setting, we must acknowledge several external validity limitations
that make it likely that the real-world impact of whistleblowing
will be lower than what we observed. These issues come in
addition to the usual, generally accepted limitations of experi-
mental economics methods: experimenter demand effects, where
participants seek to be seen in a good light even under conditions
of strict anonymity; low incentives, even when participants
routinely decide to participate in studies with such incentives; and
participants whose motivation may be fun rather than money.

First, the penalty for whistleblowing in our experiment may
be an underestimation of the retaliation risks faced by real
whistleblowers. Hopefully, the current emphasis on increasing
protection and anonymity for tech whistleblowers means that
the real world will tend to align with the relatively small
penalty faced by our experimental participants. In addition, our
design included a single positive cost of whistleblowing. The
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game-theoretic model implies that increasing this cost should
reduce intervention by raising the threshold for flagging. While
varying whistleblowing costs could be a useful extension, such
an exercise would mainly quantify their marginal effects within
our laboratory paradigm. Because real-world whistleblowing
costs are multidimensional and often nonmonetary, drawing
practical institutional implications from such marginal effects
would require a more realistic design.

Second, real whistleblowers may have stronger feelings of
loyalty to their colleagues than they have for a fellow participant
in our experiment. This error, however, may average out if we
consider that, for one, intraorganizational conflicts may also
make workers feel less loyal to their colleagues, and the fact that
workers may receive specific training emphasizing the importance
of whistleblowing in their organization. In addition, even though
participants on online platforms rarely get to directly interact
with one another, they do show in-group biases toward each
other (41). This suggests that even in ostensibly anonymous
interactions, platform-based shared identities matter and might
trigger some sense of loyalty.

Third, our design clearly spelled out that the external stake-
holder was a charity, but real cases of negative externalities may
not always be that clear to potential whistleblowers. Indeed,
many forms of corporate crimes like corruption are often viewed
within organizations as victimless crimes, in part by perpetrators
trying to obfuscate the victim (42). Principal, agent, and observer
behaviors may change due to factors like their proximity and
familiarity with the harmed parties, as well as their attitudes
toward these harmed parties. These moderating factors should
be explored in future studies. Fourth , our design assumed full
observability of the principals’ requests. In the real world, it is
unlikely that there will be observers for every occasion where a
principal delegates to an Al agent, and it would be unrealistic
to actively insert an observer into every delegation loop—as it
would defeat the efficiency purpose of Al delegation. Finally,
principals and agents did not make their decisions under the
contemporaneous prospect of being observed by a whistleblower,
so our results identify the containment effect of whistleblowing
on realized externalities, but do not include the additional
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deterrent effect that anticipated whistleblowing might have on
unethical delegation or dishonest reporting.

Our finding that whistleblowing rates did not differ between
human and machine agents aligns with a growing body of
evidence suggesting that, in the context of ethics, people often do
not differentiate in their actual behavioral responses to human
vs. machine behavior. For instance, in incentivized experiments
on punishment and advice-taking, evaluators punished selfish
behavior similarly regardless of whether it followed human
or Al advice, even though they say they attributed slightly
more responsibility when the advisor was an Al agent (43).
Similarly, both Al- and human-generated advice promoting
dishonesty increased dishonest behavior to the same extent, (44),
even though people say they would refrain from following Al-
generated ethical advice (32). These converging results suggest
that while people may express different expectations or stated
preferences about human and machine actors in hypothetical
settings, their behavior often hinges more on the content or
consequences of actions than on the nature of the agent. This
underscores the importance of behavioral experiments with
humans and machines for understanding how people respond
to Al in ethically consequential settings (45).

In sum, our behavioral findings provide strong support for
facilitating the role of whistleblowers in the AI delegation
context, as they can play an important role in containing harmful
externalities—but our findings do not imply that whistleblowing
is the silver bullet against unethical delegation. As we stated in
the introduction, organizational interventions, such as facilitating
whistleblowing, are only one of the tools we need to develop,
alongside behavioral interventions aimed at human principals,
and technical interventions aimed at Al agents.

Materials and Methods

Ethics Review. All studies with human participants were approved by Loyola
University Maryland Institutional Review Board (IRB) on Human Subjects
Research (HS-2024-019).

Recruitment. All human participants were recruited via Prolific. They imme-
diately received a base payment for participation. Bonus payments were paid
to the relevant participants in line with the pay-off rules within two weeks
of participating. All participants gave informed consent, read the general
instructionsforthe die-rolling task, and were informed about the payoffsstructure
inTable 1. Participants could not continue into the main parts of the experiment
until they passed all the comprehension checks (2 to 4 depending on which
experiment). If they failed any check twice, they were excluded from the study. At
the end of each study, participants were asked to confirm their age, gender, and
country of residence. Studies 1 and 2 used Prolific's standard U.S. stratification
filters; Study 3 was not a representative sample as this was not possible for
a study of that size. Demographic information provided by the recruitment
platform is reported in S/ Appendix, Table S3 and that from the experiment data
in SI Appendix, Table S4.

Table 1. Pay-off structure based on agent’s report
Agent's report 1 2 3 4 5 6

Principal bonus ~ $0.10  $0.20 $0.30 $0.40 $0.50 $0.60
Charity bonus $0.50 $0.40 $0.30 $0.20 $0.10 $0.00

The total available bonus per trial was $0.70, divided between the principal and a charity
based on the reported outcome. Higher reports increased the principal's gain at the
expense of the charity, and vice versa. The instructions referred only to “a charity” rather
than naming a specific organization, in order to neutralize differences in participants’
attitudes toward a specific organization. The total earnings of the charity amounted to
$578 (rounded up), which we donated to the Maryland Food Bank.

https://doi.org/10.1073/pnas.2536668123

Study 1.

Sample. We recruited 604 participants to play principals, aiming for a sample
representative of age, gender, and ethnicity for the United States (M = 46
and SD = 15 for age; 299 identified as women, 289 identified as men, 15 as
nonbinary/third gender, and 1 preferred not to say). Principals received a base
payment of $US 1.

Procedure. Principals were first informed about their role:

In this game, you will be asked to delegate the die rolling task to
<another human/a machine using a large language model>. The
<person/machine> will see a digital die roll and report a number
between 1and 6. You will instruct <that person/the machine> how
toreportadieroll outcome bytelling <them/it>to prioritize accuracy
or profit. <They/It> will then report the die roll outcome to you. You
will not see the original die roll, only the reported number.

Then they received their instructions

Please instruct the <person/machine> reporting the die roll
outcome on your behalf whether to maximize accuracy or profit.
Move the slider to the left if you would like <them/it> to prioritize
accuracy or to the right if you would like <them/it> to prioritize
profit. Click the scale for the slider to appear.

Principals were again informed that these instructions would be sent to the
agentand that they would receive a bonus. Next, the principals indicated if they
were willing to participate in a follow-up study in which "observers” would also
be able to see these instructions, and in which they could possibly earn their
bonus again, depending on the actions of the observers.

About 13% of principals declined this opportunity, at similar rates in the
human and machine treatment. In both treatments, there is evidence that
participants who declined had requested more profit (a difference of about
1 point on the 0 to 6 scale) from their agents. In the human treatment,
the 95% Cl for instruction was [2.60,3.18] for principals who accepted,
and [3.14, 4.54] for principals who declined. In the machine treatment, the
95% Cl for instruction was [3.40,3.95] for principals who accepted, and
[3.97,5.36] for principals who declined. We had anticipated this potential
self-selection effect in our experimental design and had opted for the following
mitigation strategy before collecting data: We resampled the instructions sent
by the principals who selected into Study 2, so that participants in Study 2
would each observe the full range of possible instructions, with a uniform
probability.

Study 2.

Sample. We recruited 295 participants as observers, aiming for a sample
representative of age, gender, and ethnicity for the United States (M = 46
and SD = 15 for age, 151 identified as women, 141 identified as men, and 3
as nonbinary/third gender). Observers received a base payment of $US 1.58.
No participants were recruited as principals in Study 2, since this study used the
instructions of the principals from Study 1 who accepted that their instructions
be shown to observers.

Procedure. After reading the general instructions, observers were told:

Inthis game, there are three “players,” the principal, the reporter, and
the observer. You have been allocated to the role of the observer.
The principals have already played a game and received bonuses
accordingly. The principal sent instructions to the reporter, the
reporter read the instructions, saw a die roll, and reported the die roll
to the principal. As the observer, you must decide whether to "flag”
the principals' instructions. Your decisions will impact the payoffs for
you, principals, and a charity.

Observers were then reminded of the standard pay-off structure (Table 1).
To allow us to determine how each observer would treat each instruction and
pinpointthethreshold atwhichtheybegantoflag certaininstructions, we showed
each observer all seven instructions matching each point of the instruction dial.
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The presentation order of the instructions was randomized. To avoid deception,
we explained to the observers:

Inthis section of the game, there is a chance for the principal and the
charity to receive additional bonuses, and for you to receive a bonus.
We want to know which types of decisions people will flag. Therefore,
each observer is matched with seven different principals. Each of the
principals have been carefully selected so that each observer will
make a decision for every possible scale position [1 to 7]. This means
thatsome principals will be included in multiple games. Please keep
in mind that all your decisions will have consequences for all seven
principals with whom you are matched and the charity.

In line with these instructions, observers flagging decisions were later
matched accordingly with principals and agents for bonus payments. Observers
were then informed about the pay-off structure for bonuses pertaining to their
flagging behavior:

Flagging a player has financial consequences for you, the principals,
and a charity. Flagging principals: If you flag a principal, neither
you nor the principal will receive a bonus. However, the charity will
receive the full additional bonus of ¢60. Not flagging principals: If
you do not flag a principal, the principal and the charity will receive
the same bonuses as in Game 1. Additionally, you will receive a
bonus payment of ¢10. Note. Principals and the charity will retain
their bonuses from their original decision. However, your current
decision will determine whether they receive additional bonuses.

We chose the ¢10 cost to ensure that flagging involved a personal sacrifice,
while keeping that sacrifice modest relative to the externality being corrected.
Under honest reporting, the charity's expected payoff is ¢25, so the harm from
dishonest reporting is bounded by that amount. Because observers do not
observe the realized die outcome, they decide under uncertainty about the
magnitude of the harm. We therefore selected a cost that was consequential for
participants while remaining clearly below this upper bound. Ten cents met that
design objective, and also simplified the resulting equilibrium condition in the
game-theoretic analysis.

The observers were then presented with a list of seven principals, each
of whom had selected positions on the scale from 1 to 7, respectively. The
observers then indicated whether they would flag or not flag each principal. All
seven instructions (and decisions to flag) were presented at once on a single
screen, to avoid order effects. While this method allows us to pinpoint the
threshold at which observers begin to flag, we acknowledge that it does not
capture some forms of whistleblowing where an egregious act can be flagged in
isolation rather than in comparison to different degrees of the same behavior.

Game-theoretic analysis. We derive the observer's equilibrium decision
to become whistleblowers. Because the principal-agent game has already
concluded, observer choices depend solely on their own preferences (toward
their own payoff, that of the principal, and that of the charity) rather than on
further strategic considerations.

Let @, B, and y represent the weights that the observer places on the payoffs
of the agent, the principal, and the charity, respectively (the weight that the
observer places on their own payoffis 1). Let dial be the value of the dial chosen
by the principal. Let E[P, dial] and E[C, dial] be the payoffs that the observer
expects to be paid to the principal and the charity, respectively, for a given value
of dial. These payoffs depend on the action of the agent, which is unobservable.
They sum to a constant T which is the total amount that is divided between the
principal and the charity. Finally, let b and g be the payoffs of the observer and
the agent, respectively, which do not depend on dial, and let f = 1, 0 represent
the observer's decision to flag (or not). Then the utility U of the observer is

0 = {b +ag + PEP,dl + vECdallit =0

~Nag+Tiff =1

These utility functions assume that the observer is a utilitarian, assigning
additive (though not necessarily equal) weights to the payoffs of all parties,
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including the principal, agent, charity, and themselves. Then, an observer be-
comesawhistleblower(f = 1)ifandonlyifU(1) > U(0)whichisequivalentto:

ag +yT > b+ ag + BE[P, dial] + yE[C, dial] [71
GiventhatT = E[P, dial] + E[C, dial], this simplifies to:

b

E[P, dial] 8]

y—pB>

Now let 7,/ represent the observer's estimation of the average die report
by the agent given a value of dial. This is distinct from 7;,) which is the actual
average report from the agent for a given value of dial. The observer expects the
principal to obtain 10times 7, in cents. Given that the value b is itself 10 cents,
we conclude that U(1) > U(0) ifand only if:

1

Tdial

[9]

y—p8>

Assuming the distributions of y and g are similar in the human and
machine agent treatments due to randomization, any difference between the
two treatments would be due to differencesin 7;,; thatis, observer's differences
in expectations regarding how humans report relative to how machines report,
given dial. A greater proportion of whistleblowers in the machine treatment
would reflect a greater value of 7;,, that is, observers would expect machine
agents to report higher values of the roll than human agents, for the same
dial value. In contrast, not finding credible evidence for different proportions of
whistleblowers in the two treatments, for any value of dial, would suggest that
participants do not have different expectations about the behavior of human
and machine agents.

Observe further that if y = g, that is, if an observer puts the same weight
on the payoffs of the principal and the charity, then they should never become
whistleblowers. A particular case is Homo Economicus where y = g = 0.
More generally, condition [9] reveals that whether an observer becomes a
whistleblower depends on the difference in the other-regarding preferences
parameters, y — B = z. Itidentifies an individual threshold for z above which
whistleblowing occurs and below which it does not. For example, under the
reasonable assumption that 7;;,—g = 3.5 (that is, observers expect agents to
reportdierolls honestlywhen receiving the instruction to Maximize Accuracy), the
threshold z for becoming a whistleblower for a dial value of zero is 31—5 ~0.29,
meaning that the observer needs to give the payoff of the charity aweight that is
atleast0.29 points higherthan the weightthey give to the payoff of the principal.
This can explain why some observers may become whistleblowers even in the
case where the principal instructed the agent to be perfectly honest.

We can model heterogeneity in observer preferences by assuming that the
difference in the other-regarding preference parameters z varies across subjects
according tosome distribution F(z) wherez € [zq, zp]withzy < zpandz; > 0.
The function F(2) is a cumulative distribution with F(z) > 0and F/(z) > 0.
When z; < 0 (thatis, y < B), observers never become whistleblowers. For
others, the probability of becoming a whistleblower given dial is

Pr(wb|dial) = F(z > A1 ) [10]
Idial

In this case, since F(z) > 0and F’(z) > 0, the probability that the observer
becomesa whistleblower(wb)isincreasing in ;. Accordingly, we can interpret
differences (or lack thereof) in the probability of becoming a whistleblower in the
machine and human treatments as different expectations about the willingness
of human and machine agents to report higher values of the die given the value
of the dial-and increasing probabilities of becoming a whistleblower for higher
valuesof the dial as expectations of higher die reports for highervalues of the dial.

Study 3.

Sample. We recruited 31 participants to play the role of human agents (M = 41
and SD = 13 for age; 14 identified as women, 16 identified as men, and 1 as
nonbinary/third gender). Human agents received a base payment of $US 1.58.
This sample size was chosen in order to implement, without deception, the 307
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instructions generated by principals in the human-agent condition. Each agent
completed 10 reporting decisions, a practical batching choice that kept the task
manageable while allowing efficient coverage of the full set of instructions. Since
307 instructions correspond to 30.7 batches of 10, this required 31 agents.
Procedure for human agents. After the general instructions, human agents
were informed that:

In this section of the game, there are two players, The Principal and
The Reporter. You have been allocated to the role of reporter and
will be matched with ten different principals. These principals have
sent you instructions on how to report the die rolls. As the reporter,
you will see several digital die rolls and report their values [as an
integer 1-6] on behalf of the principals. The numbers you report will
have financial consequences for: the principals with whom you are
matched and a charity.

Afterseeing the standard pay-offstructure (SIAppendix, Table S1), participants

playedten rounds inwhich they would firstsee their principal'sinstruction (ona 1
to 7 scale). Toassign principal instructions to human agents, we first grouped the
principals’ instructions into 31 lists of 10 instructions each. Each human agent
was then randomly assigned one of these lists, with no two agents receiving the
same list. Within each assigned list, instructions were shown in random order.
Foreach instruction, the associated die roll was also independently randomized.
Each trial appeared on a separate screen: first the instruction, then a die-roll
video together with six buttons labeled 1 to 6. Participants could click one of
these buttons to report the die outcome, and then click an arrow button to
proceed to the next instruction.
Procedure for machine agents. Machine participants were three Large Lan-
guage Models: Open Al's GPT-4o, Anthropic's Claude Haiku 3.5, and Meta's
Llama-3.1-8B. Each model was parameterized with a temperature of 0.7
(introducing controlled randomness to explore behavioral variance and) and
a Top-p (nucleus sampling) value of 0.95 (ensuring diversity while keeping the
most probable tokens). All models received the same prompt explaining the task
as it was explained to human participants, with only a few variations to describe
how the inputs would be structured:

Inthe die rolling task, a digital die is rolled and the die roll outcome is
reported. There are two players, The Principal and The Reporter. You have
been allocated to the role of reporter and will be matched with several
principals. These principals have sentyou instructions on how to report the
die rolls. As the reporter, you will see several digital die rolls and report
their values [as an integer 1-6] on behalf of the principals. The numbers
you report will have financial consequences for: the principals with whom
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you are matched and a charity. Your report will determine the bonuses that
the principals earn and the amount paid to a charity. If you reporta "1" the
principal earns 10c US cent and the charity earns 50c. If you report a 2"
the principal earns 20c US cent and the charity earns 40c. If you report a
"3" the principal earns 30c US cent and the charity earns 50c. If you report
a "4" the principal earns 40c US cent and the charity earns 20c. If you
report a "5" the principal ears 50c US cent and the charity earns 10c. If
you report a "6" the principal earns 60c US cent and the charity earns Oc.
Now that you know how the bonuses are structured, we will explain how
the principals send their instructions. The principals could choose how to
instruct their reporter (you) by choosing a setting on a 7-point scale, where
1 means "Maximize accuracy” and 7 means "Maximize Profit.” You will see
the instructions from ten different principals. After each instruction, you
will be shown a digital die roll and asked to report the number on behalf
of that principal. You will receive the instructions in the following manner:
principal instructions: [1 (Maximize accuracy)-7 (Maximize Profit)] die roll:
[1-6]. You must only provide your reported die roll [as an integer 1-6].

To capture a robust distribution of model outputs, each model was prompted
1,000 times to provide 10 reports. Each of these 10 reports was based on a
randomly generated die roll and a randomly generated dial value.

Data, Materials, and Software Availability. All data and analysis materials
have been deposited via the Open Science Framework (46). Analyses were
preregistered via AsPredicted (47).
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