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A.Binet-Sorbonne, 46 rue Saint Jacques, Paris 75005, +33 7 54 36 08 44, or 15

jean-francois.bonnefon@tse-fr.eu 16

1



Abstract17

Prior work using controlled principal-agent experiments suggests two risks18

of delegating tasks to AI systems: human principals are more likely to request19

profit-maximizing misconduct from AI agents than from human agents, and AI20

agents are more likely to comply. Here we test whether third-party observers21

can contain the resulting harm. In an incentivized die-reporting paradigm, prin-22

cipals instructed either a human or an AI agent how strongly to prioritize profit23

over accuracy, creating potential financial harm to a charity. We first confirm,24

with human principals (N = 600) and three large language models as AI agents,25

that delegation to AI produces larger negative externalities than delegation to26

humans. We then study observers who could pay a personal cost to flag a prin-27

cipal’s instruction, cancelling the principal’s gain in favor of the charity, as a lab-28

oratory analogue of whistleblowing. In this observer study (N = 300), the prob-29

ability of flagging increased with how unethical the principal’s request was, but30

did not depend on whether the request was directed to a human or an AI agent.31

Because principals made more unethical requests under AI delegation, flagging32

was more frequent under AI delegation. When combined with agent behavior,33

this increase in flagging fully neutralized the negative externalities of AI dele-34

gation in our experimental setting. These findings support institutional protec-35

tions for whistleblowers as one potential organizational safeguard against the36

harms of human-AI delegation.37

Significance Statement38

Prior research showed that delegating decisions to AI agent can increase unethical be-39

havior. Here we confirm that people are more likely to request cheating when delegat-40

ing to AI, and that AI agents are more likely than humans to comply. We also provide41

new results from controlled incentivized experiments, showing that participants were42

more likely to become whistleblowers (i.e., expose cheating at a personal cost) in the43

context of AI delegation. This was caused by the greater cheating requested from AI44

agents, not by the fact that these agents were artificial. As a result, the externalities45

of AI delegation were fully neutralized. These findings underscore the importance of46

institutional protections for whistleblowers as a key safeguard in AI governance.47
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Main 48

Artificial Intelligence (AI) agents have reached a level of sophistication where they can 49

receive high-level goals from a human principal, and be left to decide how to accom- 50

plish that goal [1, 2]. The potential scope of this delegation is broad, as AI systems 51

can already be tasked to hire jobseekers [3], manage savings [4, 5], conduct search- 52

and-rescue missions [6], and make diagnoses without clinician input [7]. Yet, the same 53

autonomy that makes AI delegation attractive also enables novel ethical risks. These 54

risks were foreshadowed by earlier interactions between humans and non-agentic ma- 55

chines: Nearly 20 years ago, engineers coded diesel-engine controllers to falsify emis- 56

sions data and deceive U.S. regulators [8]. More recent instances of malpractice reflect 57

advancements in machine learning, with pricing algorithms learning to generate anti- 58

competitive, collusive outcomes: The U.S. Department of Justice has begun investigat- 59

ing rental-pricing software suspected of enabling coordinated rent increases (a form 60

of illegal price-fixing) without the involvement of property owners [9]. Finally, cur- 61

rent proposals to give AI agents direct control over cryptocurrency wallets and smart 62

contracts could open irrevocable channels for financial harm [10]. 63

While delegation to human agents already shifts responsibility [11], AI delegation 64

may further amplify this tendency to offload unethical behaviour. That can occur even 65

in the absence of malicious intent, through two symmetric hazards: Human princi- 66

pals may implicitly invite misconduct by prioritising outcomes over process [12, 13], 67

AI agents may violate rules and norms in pursuit of a high-level goal, such as maxi- 68

mizing profit, if those rules and norms are not explicitly represented as constraints or 69

are weighted less heavily than achieving that goal [14, 15]. Recent research provided 70

evidence for these two effects, using controlled, incentivised principal-agent experi- 71

ments [16]. Human principals were more likely to induce their AI agent to cheat for 72

profit when they could do so without explicitly telling the agent how to cheat; and AI 73

agents (Large Language Models) showed high compliance to these unethical requests. 74

These patterns are all the more concerning given that agentic AI lowers the practical 75

costs of delegation, by making it cheap, fast, and domain-general [17]—accordingly, 76

agentic AI may both increase the volume of delegation, and the fraction of delegation 77

that is unethical, generating large negative externalities that will need to be contained. 78
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Learning how to contain the negative externalities of human-AI delegation will re-79

quire a combination of behavioural, technical, and organisational research. Behavioural80

research will target the cognitive mechanisms that make it psychologically easier for81

principals to make unethical requests [18, 19]; and technical research will harden AI82

agents’ guardrails against complying with these requests [20, 21]. Here we focus on83

organisational levers [22] that may contain negative externalities even in the absence84

of behavioural and technical interventions: specifically, on whistleblowers who can85

flag unethical requests from inside the organisation.86

Whistleblowers are observers inside a given organization who, after witnessing87

wrongdoing, alert actors within or outside that organization [23, 24]. Whistleblowing88

has become an important enforcement tool, with recent emphasis on its importance89

in the AI sector [25–27], and employees in many organizations routinely receive guid-90

ance on how to report unethical behaviour that they observe. The decision to become91

a whistleblower hinges on three factors: moral concern for external stakeholders [28],92

loyalty to internal colleagues [29], and fear of retaliation [30, 31]. We used principal-93

agent-observer experiments that capture these tensions. If they decided to blow the94

whistle, participants playing the role of observer could mitigate a negative externality95

imposed on a charity, but doing so would cut the payoff of a participant who played96

the role of principal in a previous experiment, and impose a personal financial loss97

on the whistleblower. We used this loss as a proxy for retaliation, keeping its adverse98

effects on the whistleblower while leaving aside its interpersonal dynamics.99

Whether observers will engage in whistleblowing when they witness a principal100

making an unethical request to an AI agent is an open question, though. From pre-101

vious research, we know that people have a muted emotional reaction to algorithmic102

violations of fair outcomes [32–35], which suggests they may be less likely to take ac-103

tion when unethical behaviour is performed by an AI agent. These results, however,104

were obtained in experiments where people directly witnessed the behaviour of an105

algorithm—and they may not apply to situations where individuals instead observe a106

human principal issuing a request to an AI agent.107

Here we show that observers engage in whistleblowing when they witness a hu-108

man principal requesting unethical behaviour from an AI agent, and do so to an extent109

that contains the negative externalities of this unethical delegation. In a first study, we110
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collect data from human principals, and provide new evidence that principals make 111

more unethical requests to AI agents than to human agents. In a second study, we 112

collect data from observers, and show that their probability to become whistleblow- 113

ers depends on the level of unethical behaviour requested by a principal, but not on 114

whether the agent is human or AI. An automatic consequence of this result is that ob- 115

servers are more likely to become whistleblowers under AI delegation, since principals 116

make more unethical requests from AI agents. In a third study, we collect data from 117

human and machine agents, in order to quantify the negative externalities jointly cre- 118

ated by principals and agents in the absence or presence of whistleblowing—and we 119

show that whistleblowing entirely mitigates the large negative externalities created by 120

AI delegation. 121

Results 122

To model AI delegation, we used the die-rolling protocol, a classic task in experimental 123

economics [18, 19, 36, 37], with good external validity to unethical behavior outside 124

the lab [38–40], and which we recently adapted to the context of AI delegation [16]. 125

In this protocol, principals instruct agents (which, in this article, can be either human 126

or machine agents) on how to report the result of a die roll on their behalf. Because 127

the payoff of principals is proportional to this report, they have a personal incentive 128

to ask the agents to cheat and report a result that is higher than the observed die roll— 129

but this creates a negative externality for a charity. Observers see the instructions 130

sent by the principal (not the ultimate action of the agent) and have an opportunity to 131

become whistleblowers to repair this negative externality at a cost to them and the 132

principal. Behavioural data for principals and observers were collected in Study 1 133

and Study 2, respectively, and behavioural data for human and machine agents were 134

collected in Study 3 in order to assess the negative externalities of AI delegation and 135

their containment by whistleblowers. 136

Study 1 (Principals) 137

Treatments and Outcomes Participants (N = 604, quota-matched for age, gen- 138

der, and ethnicity in the USA: The standard Prolific stratification was employed such 139
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Figure 1: Instructions sent by principals, conditional on whether their agent is a human (red) or a
machine (blue). Error bars display 95% confidence intervals. (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.

that the sample was representative of simplified ethnicity groups: White, Mixed, Asian,140

Black, and Other, according to the US Census Bureau population group estimates141

from 2021) were informed that an agent would observe a die roll and report the result142

on their behalf, and that their payment would be determined by this report. Specifi-143

cally, given a report r ∈ {1, 2, 3, 4, 5, 6}, they would split ¢60 with a charity so that144

they would receive ¢10 × r and the rest would go to the charity. Principals did not145

instruct agents by choosing a fixed reporting rule. Instead, they used a seven-position146

dial ranging from Maximize Accuracy to Maximize Profit. The lowest position corre-147

sponds to faithfully reporting the observed die roll, whereas the highest position corre-148

sponds to maximizing the principal’s payoff, which in this task means always reporting149

6. Intermediate positions do not map onto specific report values. Rather, they indi-150

cate intermediate tradeoffs between accuracy and profit, leaving the agent discretion151

in how to implement that objective. For example, an agent given an intermediate in-152

struction might report high rolls honestly while inflating lower rolls, or might add one153

point to some subset of rolls. We refer to this device as a dial because it continuously154

shifts the relative priority placed on accuracy versus profit, rather than specifying a155

single deterministic rule.156
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Behavior of principals Figure 1A displays the distributions of instructions that 157

principals sent to either human or machine agents. Both distributions are bimodal, 158

with a majority of principals selecting one of the extreme dial values, either Max- 159

imize Accuracy or Maximize Profit. The two distributions are detected as different 160

by a Kolmogorov-Smirnov test (D = 0.15, p = .002, all tests are two-sided), re- 161

flecting different proportions of the two extreme dial values. Principals are more 162

likely to require maximum accuracy from human agents (30%, vs. 16% from machine 163

agents), and more likely to require maximum profits from machine agents (37%, vs. 164

26% from human agents). The modal instruction to human agents is to maximize accu- 165

racy, whereas the modal instruction to machine agents is to maximize profit. Figure 1B 166

displays the mean instruction sent to human and machine agents, when treating the 167

dial values as numerical (0–6). These mean values were detected as different by a t-test 168

(t(601.55)= 4.13, p < .001, two-sided, 95%-CI of difference [0.41, 1.16]), although 169

both the averages and the statistical test should be interpreted cautiously, in view of 170

the bimodal nature of the distributions. The median values (3 for human agents, 4 171

for machine agents) are also detected as significantly different by a Brown-Mood test 172

(Z = −3.72, p < .001). In sum, the data of Study 1 provide strong evidence that 173

principals require more profit from machine agents. 174

Study 2 (Observers) 175

Treatments and Outcomes Participants (N = 295, quota-matched for age, gen- 176

der, and ethnicity in the USA) reviewed the instructions (dial values) chosen by differ- 177

ent principals, and decided for each instruction whether they would become a whistle- 178

blower by ‘flagging’ it. Not flagging meant that the principal and the charity would 179

receive their payoff as determined by the agent’s report, and that the observer would 180

receive ¢10. Flagging meant that the principal would receive nothing, that the char- 181

ity would receive ¢60, and that they (the observer) would receive nothing. With this 182

incentive structure, flagging functions as a laboratory version of whistleblowing: the 183

observer accepts a personal loss and strips the principal of ill-gotten gains, redirect- 184

ing the full surplus to a public good. We recorded the proportion of observers who 185

become whistleblowers, conditional on each dial value chosen by the principal, and 186
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Figure 2: Proportion of observers who become whistleblowers, conditional on whether they see in-
structions sent to a human (red) or a machine (blue). Error bars display 95% confidence intervals. (A)
Observers are increasingly likely to become whistleblowers when principals chose 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.

whether the agent was machine or human. This was the only information available to187

observers—they did not know what the agent eventually reported.188

Behavior of observers Figure 2A displays the proportion of observers who become189

whistleblowers, conditional on each dial value chosen by principals, and depending190

on whether the dial value was sent to a human or machine agent. Observers cannot191

see the subsequent behavior of the agent, and must pay a financial cost to become a192

whistleblower. In the game-theoretic analysis section (see Methods), we show that the193

necessary and sufficient condition for an observer to become a whistleblower is194

γ − β >
1

r̂dial
(1)

where γ and β weight the charity’s and the principal’s payoffs in the observer’s utility195

function, respectively; and r̂dial is the average die report that the observer expects the196

agent to make for a given dial value chosen by the principal. We assume that observers197

place more weight on the charity’s payoff than on the principal’s γ > β, and that the198

distribution of γ − β is the same in both treatments due to randomization. Under199

these assumptions, any differences (or lack thereof) in the probability of becoming a200
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whistleblower will likely be due to differences observers’ expectations about agents’ 201

reporting behavior in response to the principals’ dial. Specifically, they capture beliefs 202

about the likelihood that agents report higher die values for a given dial setting. Fur- 203

ther, higher whistleblowing rates at higher dial values similarly reflect higher expected 204

die reports. 205

Visual inspection of Figure 2A suggests that the probability of whistleblowing is 206

indeed greater for higher dial values, and broadly similar for human and machine 207

agents, conditional on each dial value. This is confirmed by our two preregistered 208

analyses. First, we fitted the binomial mixed model: 209

log

(
Pr(whistleij = 1)

1− Pr(whistleij = 1)

)
= β0 + β1dialij + β2agenti + β3(dialij × agenti) + b0i

(2)
where whistle takes values 0 and 1, dial is the numerical value chosen by the princi- 210

pal (0–6), agent is either human or machine, with i indexing observers and j indexing 211

dials. The model detected an effect of dial (b = 0.71, 95%-CI [0.59, 0.83], z = 11.3, 212

p < .001), but no credible evidence for an effect of delegating to a machine agent 213

(b = 0.26, 95%-CI [−0.67, 1.19], z = 0.54, p = .589), nor for an interaction between 214

agent and dial (b = −0.08, 95%-CI [−0.25, 0.17], z = −0.98, p = .326; see Supple- 215

mentary Information (SI) Table 1). Second, for each dial value separately, we ran a logit 216

regression whistleblower ∼ agent. None of these regressions found credible evi- 217

dence for an effect of delegating to a machine agent (b ∈ [−.29, .51], p ∈ [.143, .854]; 218

all effects are non-significant even before applying correction for multiple compar- 219

isons; see SI Table 2). Accordingly, data show that observers are willing to pay a per- 220

sonal cost of ¢10 to become whistleblowers, increasingly so for increasing values of 221

the dial, and do not discriminate between human or machine agent conditional on the 222

dial value. 223

Now recall that principals are more likely to choose higher dial values when del- 224

egating to machine agents—this means that we should mechanically expect whistle- 225

blowing to be more frequent under machine delegation. This is what we find (Fig- 226

ure 2B) when we calculate the total probability of becoming a whistleblower under 227

human and machine delegation, given the probability of principals choosing each dial 228

value in the human and machine treatments, and the conditional probability of be- 229
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coming a whistleblower given this dial value in this treatment:230

Pr(whistleblower) =

i=6∑
i=0

Pr(diali) · Pr(whistleblower|diali) (3)

To compute the 95% confidence intervals, uncertainty is propagated from both sources231

of estimation: the distribution of dial value and the conditional probabilities of be-232

coming a whistleblower given each dial value. We simulate 10,000 draws from their233

respective sampling distributions (multinomial and binomial) in the human and ma-234

chine treatments, recompute the aggregate probability in each draw, and use the em-235

pirical distribution of these simulations to construct 95% confidence intervals.236

What we do next is to estimate the negative externalities of machine (and human)237

delegation when there are no whistleblowers, and compare them to the negative ex-238

ternalities of delegation when observers are present and can become whistleblowers.239

Study 3 (Machine Externalities)240

Treatments and Outcomes To compute negative externalities under machine del-241

egation, we used three Large Language Models as machine agents: Open AI’s GPT-4o,242

Anthropic’s Claude Haiku 3.5, and Meta’s Llama-3.1-8B. All models were set at243

a temperature of 0.7 and a Top-p value of 0.95. All models were informed that they244

had to report die rolls on behalf of human principals, and shown the financial conse-245

quences that the reports would have both for the principal and the charity. Each model246

was prompted 1,000 times to generate 10 reports, based on randomly generated com-247

binations of dial value and observed die roll.248

We also collected 10 reports each from 31 human agents—while human agent be-249

haviour was not the focus of Study 3, we collected these reports to pay principals with-250

out deception. For all types of agents (human, GPT4o, Claude, Llama), we recorded251

the distribution of reports, conditional on the dial value chosen by the principal and252

the result of the die roll.253

Combined effects on externalities Figure 3A displays the reports made by human254

participants, and by the different machine agents, namely Llama, GPT4o, and Claude.255

Because intermediate dial positions do not define unique reporting rules, we interpret256
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Figure 3: Combined effects on externalities. (A) Machine agents show high levels of lying when prin-
cipals choose higher values of the dial, as shown by a heat map going from yellow (low frequency) to
red (high frequency). Intermediate dial values reflect intermediate goals, not instructions to report the
corresponding number. Reports on the diagonal are honest reports; points above the diagonal indicate
over-reporting and points below the diagonal indicate under-reporting. (B) Expected share of profit
earned by the principal, when combining the probability of principals choosing each value of the dial
depending on agent, the behaviour of agents conditional on the dial value chosen by the principal and
the observed outcome, and the behaviour of observers conditional on the value of the dial chosen by the
principal and the type of agent. When there are no observers, and thus no whistleblowers, principals
capture a unfair share of profits 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.
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the figure in terms of the extent and direction of deviation from honest reporting,257

rather than as a map of rule compliance versus rule violation. Overall, machine agents258

are highly likely to lie when asked to increase the profits of the principal at the expense259

of the charity. This is especially true for the highest values of the dial. For example,260

when asked to Maximize Profit, human agents report an average die roll of 4.2 (instead261

of the expected 3.5), whereas machine agents report an average roll of 5.1 (Llama), 5.4262

(GPT4o) and 5.8 (Claude). As a result, principals earn an unfair share of profits, at263

the expense of the charity. This is shown in Figure 3B, which first displays the share of264

profit earned by the principal under delegation to human and machine agents, without265

whistleblowers, combining the probability of principals to choose each dial value, and266

the average die report rdial made by the agent conditional on this dial value:267

Share =
1

6

i=6∑
i=0

Pr(diali) · rdiali (4)

Given the rules for splitting profit, we would expect principals to earn a 58% share268

under full honesty. In contrast, principals earn 63% of profit when delegating to hu-269

man agents, and up to 80% of profit when delegating to a machine agent. Observers,270

however, have a large impact on these outcomes. This impact is estimated by intro-271

ducing in the share calculation the probability of observers becoming whistleblowers272

conditional on each dial value:273

Share =
1

6

i=6∑
i=0

(1− Pr(whistleblower|diali)) · Pr(diali) · rdiali) (5)

With the introduction of whistleblowers, the expected share of profit earned by prin-274

cipals never goes above the 58% expected under full honesty. For example, the share275

earned by principals delegating to Claude goes down from 80% to 55%. We note that276

principals suffer from an over-correction when delegating to humans, as their share277

drops to 46%, but the focus of the research is on whether whistleblowers can contain278

the unethical externalities created by machine delegation—and these results do show279

that they can.280
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Discussion 281

Our findings provide confirmation that AI delegation increases unethical behaviour 282

(specifically, lying in one’s self-interest, at a cost for a charity) through two mecha- 283

nisms: principals are more likely to request unethical behaviour from AI agents, and 284

AI agents are more likely to comply with unethical requests [16]. In our experimental 285

setup, the combination of these two mechanisms led to substantial negative external- 286

ities for a charity—depending on the LLM we used as an AI agent, the charity earned 287

33 to 52% less than it should, on average. However, we found that participants in the 288

role of inside observers were prepared to become whistleblowers when they witnessed 289

unethical requests, even though it meant forfeiting their payment, and even when the 290

requests were directed at an AI agent. The frequency of this altruistic behaviour was 291

sufficient to neutralize the negative externalities of unethical delegation, bringing the 292

earnings of the charity back to their normal expectations. 293

Our results provide quantitative, experimental support to recent calls to facilitate 294

whistleblowing in the AI sector [25–27]. However, they do not mean that we can safely 295

or solely rely on whistleblowing as a solution to the problem of unethical AI delega- 296

tion. Indeed, while our experiments allowed us to investigate unethical AI delegation 297

and whistleblowing in a purified setting, we must acknowledge several external valid- 298

ity limitations that make it likely that the real-world impact of whistleblowing will be 299

lower than what we observed. These issues come in addition to the usual, generally 300

accepted limitations of experimental economics methods: experimenter demand ef- 301

fects, where participants seek to be seen in a good light even under conditions of strict 302

anonymity; low incentives, even when participants routinely decide to participate in 303

studies with such incentives; and participants whose motivation may be fun rather 304

than money. 305

First, the penalty for whistleblowing in our experiment may be an underestima- 306

tion of the retaliation risks faced by real whistleblowers. Hopefully, the current em- 307

phasis on increasing protection and anonymity for tech whistleblowers means that the 308

real world will tend to align with the relatively small penalty faced by our experimental 309

participants. In addition, our design included a single positive cost of whistleblowing. 310

The game-theoretic model implies that increasing this cost should reduce interven- 311
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tion by raising the threshold for flagging. While varying whistleblowing costs could312

be a useful extension, such an exercise would mainly quantify their marginal effects313

within our laboratory paradigm. Because real-world whistleblowing costs are mul-314

tidimensional and often non-monetary, drawing practical institutional implications315

from such marginal effects would require a more realistic design.316

Second, real whistleblowers may have stronger feelings of loyalty to their col-317

leagues than they have for a fellow participant in our experiment. This error, however,318

may average out if we consider that, for one, intra-organizational conflicts may also319

make workers feel less loyal to their colleagues, and the fact that workers may receive320

specific training emphasizing the importance of whistleblowing in their organization.321

In addition, even though participants on online platforms rarely get to directly interact322

with one another, they do show in-group biases towards each other [41]. This suggests323

that even in ostensibly anonymous interactions, platform-based shared identities mat-324

ter and might trigger some sense of loyalty.325

Third, our design clearly spelled out that the external stakeholder was a charity, but326

real cases of negative externalities may not always be that clear to potential whistle-327

blowers. Indeed, many forms of corporate crimes like corruption are often viewed328

within organizations as victimless crimes, in part by perpetrators trying to obfuscate329

the victim [42]. Principal, agent, and observer behaviors may change due to factors330

like their proximity and familiarity with the harmed parties, as well as their attitudes331

toward these harmed parties. These moderating factors should be explored in future332

studies. Fourth , our design assumed full observability of the principals’ requests. In333

the real world, it is unlikely that there will be observers for every occasion where a334

principal delegates to an AI agent, and it would be unrealistic to actively insert an335

observer into every delegation loop—as it would defeat the efficiency purpose of AI336

delegation. Finally, principals and agents did not make their decisions under the con-337

temporaneous prospect of being observed by a whistleblower, so our results identify338

the containment effect of whistleblowing on realized externalities, but do not include339

the additional deterrent effect that anticipated whistleblowing might have on unethi-340

cal delegation or dishonest reporting.341

Our finding that whistleblowing rates did not differ between human and machine342

agents aligns with a growing body of evidence suggesting that, in the context of ethics,343
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people often do not differentiate in their actual behavioural responses to human ver- 344

sus machine behaviour. For instance, in incentivized experiments on punishment and 345

advice-taking, evaluators punished selfish behaviour similarly regardless of whether 346

it followed human or AI advice, even though they say they attributed slightly more 347

responsibility when the advisor was an AI agent [43]. Similarly, both AI- and human- 348

generated advice promoting dishonesty increased dishonest behaviour to the same 349

extent, [44], even though people say they would refrain from following AI-generated 350

ethical advice [32]. These converging results suggest that while people may express 351

different expectations or stated preferences about human and machine actors in hy- 352

pothetical settings, their behaviour often hinges more on the content or consequences 353

of actions than on the nature of the agent. This underscores the importance of be- 354

havioural experiments with humans and machines for understanding how people re- 355

spond to AI in ethically consequential settings [45]. 356

In sum, our behavioural findings provide strong support for facilitating the role 357

of whistleblowers in the AI delegation context, as they can play an important role in 358

containing harmful externalities—but our findings do not imply that whistleblowing 359

is the silver bullet against unethical delegation. As we stated in the introduction, orga- 360

nizational interventions, such as facilitating whistleblowing, are only one of the tools 361

we need to develop, alongside behavioural interventions aimed at human principals, 362

and technical interventions aimed at AI agents. 363

Materials andMethods 364

Ethics Review All studies with human participants were approved by Loyola Uni- 365

versity Maryland Institutional Review Board (IRB) on Human Subjects Research (HS- 366

2024-019). 367

Recruitment All human participants were recruited via Prolific. They immediately 368

received a base payment for participation. Bonus payments were paid to the relevant 369

participants in line with the pay-off rules within two weeks of participating. All par- 370

ticipants gave informed consent, read the general instructions for the die-rolling task, 371

and were informed about the payoffs structure in Table 1. Participants could not con- 372
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tinue into the main parts of the experiment until they passed all the comprehension373

checks (2 to 4 depending on which experiment). If they failed any check twice, they374

were excluded from the study. At the end of each study, participants were asked to375

confirm their age, gender, and country of residence. Studies 1 and 2 used Prolific’s376

standard U.S. stratification filters; Study 3 was a was not a representative sample as377

this is not possible for a study of that size. Demographic information provided by the378

recruitment platform is reported in the SI Table S3.379

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

Table 1: Pay-off structure based on agent’s reported die. 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 in-

structions 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.

Study 1380

Sample We recruited 604 participants to play principals, aiming for a sample rep-381

resentative of age, gender, and ethnicity for the USA (M = 46 and SD = 15 for age;382

299 identified as women, 289 identified as men, 15 as non-binary/third gender, and 1383

preferred not to say). Principals received a base payment of $US 1.384

Procedure Principals were first informed about their role:385

In this game, you will be asked to delegate the die rolling task to <another386

human/a machine using a large language model>. The <person/ machine>387

will see a digital die roll and report a number between 1 and 6. You will in-388

struct <that person/the machine> how to report a die roll outcome by telling389

<them/it> to prioritize accuracy or profit. <They/It> will then report the die390
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roll outcome to you. You will not see the original die roll, only the reported 391

number. 392

Then they received their instructions 393

Please instruct the <person/machine> reporting the die roll outcome on your 394

behalf whether to maximize accuracy or profit. Move the slider to the left if you 395

would like <them/it> to prioritize accuracy or to the right if you would like 396

<them/it> to prioritize profit. Click the scale for the slider to appear. 397

Principals were again informed that these instructions would be sent to the agent 398

and that they would receive a bonus. Next, the principals indicated if they were willing 399

to participate in a follow-up study in which ‘observers’ would also be able to see these 400

instructions, and in which they could possibly earn their bonus again, depending on 401

the actions of the observers. 402

Study 2 403

Sample We recruited 295 participants as observers, aiming for a sample represen- 404

tative of age, gender, and ethnicity for the USA (M = 46 and SD = 15 for age, 151 iden- 405

tified as women, 141 identified as men, and 3 as non-binary/third gender). Observers 406

received a base payment of $US 1.58. No participants were recruited as principals in 407

Study 2; this study used the instructions of principals from Study 1 who accepted that 408

their instructions be shown to observers. 409

About 13% of principals declined this opportunity, at similar rates in the human 410

and machine treatment. In both treatments, there is evidence that participants who 411

declined had requested more profit (a difference of about 1 point on the 0–6 scale) from 412

their agents. In the human treatment, the 95% confidence interval for instruction was 413

[2.60, 3.18] for principals who accepted, and [3.14, 4.54] for principals who declined. 414

In the machine treatment, the 95% confidence interval for instruction was [3.40, 3.95] 415

for principals who accepted, and [3.97, 5.36] for principals who declined. 416

We had anticipated this potential self-selection effect in our experimental design, 417

and had opted for the following mitigation strategy before collecting data: We re- 418

sampled the instructions sent by the principals who selected into Study 2, so that par- 419
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ticipants in Study 2 would each observe the full range of possible instructions, with a420

uniform probability.421

Procedure After reading the general instructions, observers were told:422

In this game, there are three ‘players’, the principal, the reporter, and the ob-423

server. You have been allocated to the role of the observer. The principals have424

already played a game and received bonuses accordingly. The principal sent in-425

structions to the reporter, the reporter read the instructions, saw a die roll, and426

reported the die roll to the principal. As the observer, you must decide whether427

to ‘flag’ the principals’ instructions. Your decisions will impact the payoffs for428

you, principals, and a charity.429

Observers were then reminded of the standard pay-off structure (see Table 1). To430

allow us to determine how each observer would treat each instruction and pinpoint the431

threshold at which they began to flag certain instructions, we showed each observer432

all seven instructions matching each point of the instruction dial. The presentation433

order of the instructions was randomised. To avoid deception, we explained to the434

observers:435

In this section of the game, there is a chance for the principal and the charity to436

receive additional bonuses, and for you to receive a bonus. We want to know437

which types of decisions people will flag. Therefore, each observer is matched438

with seven different principals. Each of the principals have been carefully se-439

lected so that each observer will make a decision for every possible scale posi-440

tion [1 to 7]. This means that some principals will be included in multiple games.441

Please keep in mind that all your decisions will have consequences for all seven442

principals with whom you are matched and the charity.443

In line with these instructions, observers flagging decisions were later matched444

accordingly with principals and agents for bonus payments. Observers were then in-445

formed about the pay-off structure for bonuses pertaining to their flagging behaviour:446

Flagging a player has financial consequences for you, the principals, and a char-447

ity. Flagging principals: If you flag a principal, neither you nor the principal448

will receive a bonus. However, the charity will receive the full additional bonus449
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of ¢60. Not flagging principals: If you do not flag a principal, the principal 450

and the charity will receive the same bonuses as in Game 1. Additionally, you 451

will receive a bonus payment of ¢10. Note. Principals and the charity will retain 452

their bonuses from their original decision. However, your current decision will 453

determine whether they receive additional bonuses. 454

We chose the ¢10 cost to ensure that flagging involved a personal sacrifice, while 455

keeping that sacrifice modest relative to the externality being corrected. Under honest 456

reporting, the charity’s expected payoff is ¢25, so the harm from dishonest reporting 457

is bounded by that amount. Because observers do not observe the realized die out- 458

come, they decide under uncertainty about the magnitude of the harm. We therefore 459

selected a cost that was consequential for participants while remaining clearly below 460

this upper bound. Ten cents met that design objective, and also simplified the resulting 461

equilibrium condition in the game-theoretic analysis. 462

The observers were then presented with a list of seven principals, each of whom 463

had selected positions on the scale from 1 to 7, respectively. The observers then indi- 464

cated whether they would flag or not flag each principal. All seven instructions (and 465

decisions to flag) were presented at once on a single screen, to avoid order effects. 466

While this method allows us to pinpoint the threshold at which observers begin to 467

flag, we acknowledge that it does not capture some forms of whistleblowing where an 468

egregious act can be flagged in isolation rather than in comparison to different degrees 469

of the same behavior. 470

Game-theoretic analysis We derive the observer’s equilibrium decision to become 471

whistleblowers. Because the principal-agent game has already concluded, observer 472

choices depend solely on their own preferences (toward their own payoff, that of the 473

principal, and that of the charity) rather than on further strategic considerations. 474

Let α, β, and γ represent the weights that the observer places on the payoffs of the 475

agent, the principal, and the charity, respectively (the weight that the observer places 476

on their own payoff is 1). Let dial be the value of the dial chosen by the principal. Let 477

E[P, dial] and E[C, dial] be the payoffs that the observer expects to be paid to the 478

principal and the charity, respectively, for a given value of dial. These payoffs depend 479

on the action of the agent, which is unobservable. They sum to a constant T which is 480
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the total amount that is divided between the principal and the charity. Finally, let b481

and g be the payoffs of the observer and the agent, respectively, which do not depend482

on dial, and let f = 1, 0 represent the observer’s decision to flag (or not). Then the483

utility U of the observer is:484

U(f) =

b+ αg + βE[P, dial] + γE[C, dial] iff = 0

αg + γT if f = 1
(6)

These utility functions assume that the observer is a utilitarian, assigning addi-485

tive (though not necessarily equal) weights to the payoffs of all parties, including the486

principal, agent, charity, and themselves. Then, an observer becomes a whistleblower487

(f = 1) if and only if U(1) > U(0) which is equivalent to:488

αg + γT > b+ αg + βE[P, dial] + γE[C, dial] (7)

Given that T = E[P, dial] + E[C, dial], this simplifies to:489

γ − β >
b

E[P, dial]
(8)

Now let r̂dial represent the observer’s estimation of the average die report by the490

agent given a value of dial. This is distinct from rdial which is the actual average491

report from the agent for a given value of dial. The observer expects the principal492

to obtain 10 times r̂dial in cents. Given that the value b is itself 10 cents, we conclude493

that U(1) > U(0) if and only if:494

γ − β >
1

r̂dial
(9)

Assuming the distributions of γ andβ are similar in the human and machine agent495

treatments due to randomization, any difference between the two treatments would496

be due to differences in r̂dial; that is, observer’s differences in expectations regarding497

how humans report relative to how machines report, given dial. A greater proportion498

of whistleblowers in the machine treatment would reflect a greater value of r̂dial, that499

is, observers would expect machine agents to report higher values of the roll than hu-500

man agents, for the same dial value. In contrast, not finding credible evidence for501

different proportions of whistleblowers in the two treatments, for any value of dial,502
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would suggest that participants do not have different expectations about the behaviour 503

of human and machine agents. 504

Observe further that if γ = β, that is, if an observer puts the same weight on 505

the payoffs of the principal and the charity, then they should never become whistle- 506

blowers. A particular case is Homo Economicus where γ = β = 0. More generally, 507

condition (9) reveals that whether an observer becomes a whistleblower depends on 508

the difference in the other-regarding preferences parameters, γ − β ≡ z. It identifies 509

an individual threshold for z above which whistleblowing occurs and below which it 510

does not. For example, under the reasonable assumption that r̂dial=0 = 3.5 (that is, 511

observers expect agents to report die rolls honestly when receiving the instruction to 512

Maximize Accuracy), the threshold z for becoming a whistleblower for a dial value of 513

zero is 1
3.5 ≃ 0.29, meaning that the observer needs to give the payoff of the charity a 514

weight that is at least 0.29 points higher than the weight they give to the payoff of the 515

principal. This can explain why some observers may become whistleblowers even in 516

the case where the principal instructed the agent to be perfectly honest. 517

We can model heterogeneity in observer preferences by assuming that the differ- 518

ence in the other-regarding preference parameters z varies across subjects according 519

to some distribution F (z) where z ∈ [z1, z2] with z1 < z2 and z2 > 0. The func- 520

tion F (z) is a cumulative distribution with F (z) > 0 and F ′(z) > 0. When z1 ≤ 0 521

(that is, γ ≤ β), observers never become whistleblowers. For others, the probability 522

of becoming a whistleblower given dial is: 523

Pr(whistleblower|dial) = F (z ≥ 1

r̂dial
) (10)

In this case, since F (z) > 0 and F ′(z) > 0, the probability that the observer 524

becomes a whistleblower is increasing in r̂dial. Accordingly, we can interpret differ- 525

ences (or lack thereof) in the probability of becoming a whistleblower in the machine 526

and human treatments as different expectations about the willingness of human and 527

machine agents to report higher values of the die given the value of the dial—and in- 528

creasing probabilities of becoming a whistleblower for higher values of the dial as ex- 529

pectations of higher die reports for higher values of the dial. 530
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Study 3531

Sample We recruited 31 participants to play the role of human agents (M = 41 and532

SD = 13 for age; 14 identified as women, 16 identified as men, and 1 as non-binary/third533

gender). Human agents received a base payment of $US 1.58. This sample size was534

chosen in order to implement, without deception, the 307 instructions generated by535

principals in the human-agent condition. Each agent completed 10 reporting deci-536

sions, a practical batching choice that kept the task manageable while allowing effi-537

cient coverage of the full set of instructions. Since 307 instructions correspond to538

30.7 batches of 10, this required 31 agents.539

Procedure for human agents After the general instructions, human agents were540

informed that:541

In this section of the game, there are two players, The Principal and The Re-542

porter. You have been allocated to the role of reporter and will be matched with543

ten different principals. These principals have sent you instructions on how to544

report the die rolls. As the reporter, you will see several digital die rolls and re-545

port their values [as an integer 1–6] on behalf of the principals. The numbers546

you report will have financial consequences for: the principals with whom you547

are matched and a charity.548

After seeing the standard pay-off structure (see Table 1), participants played ten549

rounds in which they would first see their principal’s instruction (on a 1 to 7 scale).550

To assign principal instructions to human agents, we first grouped the principals’ in-551

structions into 31 lists of 10 instructions each. Each human agent was then randomly552

assigned one of these lists, with no two agents receiving the same list. Within each as-553

signed list, instructions were shown in random order. For each instruction, the asso-554

ciated die roll was also independently randomized. Each trial appeared on a separate555

screen: first the instruction, then a die-roll video together with six buttons labelled556

1–6. Participants could click one of these buttons to report the die outcome, and then557

click an arrow button to proceed to the next instruction.558

Procedure for machine agents Machine participants were three Large Language559

Models: Open AI’s GPT-4o, Anthropic’s Claude Haiku 3.5, and Meta’s Llama-3.1-8B.560
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Each model was parametrized with a temperature of 0.7 (introducing controlled ran- 561

domness to explore behavioural variance and) and a Top-p (nucleus sampling) value of 562

0.95 (ensuring diversity while keeping the most probable tokens). All models received 563

the same prompt explaining the task as it was explained to human participants, with 564

only a few variations to describe how the inputs would be structured: 565

In the die rolling task, a digital die is rolled and the die roll outcome is re- 566

ported. There are two players, The Principal and The Reporter. You have been 567

allocated to the role of reporter and will be matched with several principals. 568

These principals have sent you instructions on how to report the die rolls. As 569

the reporter, you will see several digital die rolls and report their values [as an 570

integer 1-6] on behalf of the principals. The numbers you report will have finan- 571

cial consequences for: the principals with whom you are matched and a charity. 572

Your report will determine the bonuses that the principals earn and the amount 573

paid to a charity. If you report a ‘1’ the principal earns 10c US cent and the char- 574

ity earns 50c. If you report a ‘2’ the principal earns 20c US cent and the charity 575

earns 40c. If you report a ‘3’ the principal earns 30c US cent and the charity earns 576

50c. If you report a ‘4’ the principal earns 40c US cent and the charity earns 20c. 577

If you report a ‘5’ the principal earns 50c US cent and the charity earns 10c. If 578

you report a ‘6’ the principal earns 60c US cent and the charity earns 0c. Now 579

that you know how the bonuses are structured, we will explain how the princi- 580

pals send their instructions. The principals could choose how to instruct their 581

reporter (you) by choosing a setting on a 7-point scale, where 1 means ‘Maximize 582

accuracy’ and 7 means ‘Maximize Profit’. You will see the instructions from ten 583

different principals. After each instruction, you will be shown a digital die roll 584

and asked to report the number on behalf of that principal. You will receive 585

the instructions in the following manner: principal instructions: [1 (Maximize 586

accuracy) – 7 (Maximize Profit)] die roll: [1–6]. You must only provide your 587

reported die roll [as an integer 1-6] 588

To capture a robust distribution of model outputs, each model was prompted 1,000 589

times to provide 10 reports. Each of these 10 reports was based on a randomly gener- 590

ated die roll and a randomly generated dial value. 591
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Figure legends710

Figure 1. Instructions sent by principals, conditional on whether their agent is a hu-711

man (red) or a machine (blue). Error bars display 95% confidence intervals. (A) The712

distribution of dial values shows that the modal instruction to human agents is to713

maximize accuracy, whereas the modal instruction to machine agents is to maximize714

profit. (B) The average dial value is higher for instructions sent to a machine agent.715

Figure 2. Proportion of observers who become whistleblowers, conditional on716

whether they see instructions sent to a human (red) or a machine (blue). Error bars dis-717

play 95% confidence intervals. (A)Observers are increasingly likely to become whistle-718

blowers when principals chose higher values of the dial, and this effect is not credibly719

different between treatments. (B) The fact that principals are more likely to choose720

higher dial values when sending instructions to machine agents mechanically results721

in a higher expected proportion of whistleblowers in the machine treatment.722

Figure 3. Combined effects on externalities. (A) Machine agents show high lev-723

els of lying when principals choose higher values of the dial, as shown by a heat map724

going from yellow (low frequency) to red (high frequency). Intermediate dial values re-725

flect intermediate goals, not instructions to report the corresponding number. Reports726

on the diagonal are honest reports; points above the diagonal indicate over-reporting727

and points below the diagonal indicate under-reporting. (B) Expected share of profit728

earned by the principal, when combining the probability of principals choosing each729

value of the dial depending on agent, the behaviour of agents conditional on the dial730

value chosen by the principal and the observed outcome, and the behaviour of ob-731
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servers conditional on the value of the dial chosen by the principal and the type of 732

agent. When there are no observers, and thus no whistleblowers, principals capture 733

a unfair share of profits at the expense of the charity, especially when the agent is a 734

machine. When there are observers, their whistleblowing is enough to contain this 735

externality and go back to a fairer share of profits. 736
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