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Abstract

Firms are increasingly adopting predictive artificial intelligence (AI) to improve decision-

making by combining advanced data analysis with managerial judgment. While AI

provides more precise information to support managerial decision-making, its adoption can

nevertheless reduce shareholder profits and the aggregate welfare, when both managerial

and AI-provided information on project quality are highly precise and managerial bias is

uncertain ex ante. In such cases, investment misallocation worsens, with overinvestment

in low-quality projects and underinvestment in high-quality ones, even after the manager’s

compensation contract has been re-optimized. We propose remedies through information

design and contracting approaches. Our analysis underscores the importance of governance

reforms to guide AI adoption beyond simply enhancing AI’s precision.
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1 Introduction

Firms across a wide range of industries are rapidly adopting artificial intelligence (AI) to

support high-stakes investment and operational decisions. Human resources departments use

machine-learning tools to screen job candidates, venture capital firms deploy algorithms to assess

and rank startups, and companies increasingly rely on predictive tools to evaluate capital projects,

acquisitions, and strategic initiatives. In these settings, AI has become central to information

processing and managerial decision-making.

Much of the existing discussion of AI adoption focuses on advances in the technology itself.

Efforts are devoted to improving model accuracy, expanding data inputs, and refining prediction

algorithms,1 often with the implicit assumption that more precise AI-generated information

naturally leads to better decisions. Yet, for many high-stakes decisions, AI outputs are ultimately

interpreted and acted upon by human managers, whose judgment, incentives, and discretion

critically shape outcomes.2 Understanding how AI-generated information is integrated into

managerial decision-making, and how this integration interacts with managerial incentives,

is therefore critical for assessing the value of corporate AI adoption. Despite its practical

importance, this organizational dimension of AI integration remains relatively underexplored.

In this paper, we demonstrate that corporate AI adoption can backfire: despite improving

information accuracy, it may reduce shareholder profits and even aggregate welfare. Absent

appropriate organizational design and governance mechanisms, non-adoption may be optimal,

even when the technology itself is highly reliable. Moreover, we characterize sufficient conditions

under which corporate AI adoption backfires: (i) the manager’s estimate of project quality without

AI is highly precise; (ii) the AI’s estimate of project quality is highly precise; and (iii) the manager

may derive personal benefits from project approval, with the presence of such bias uncertain ex

1For instance, the annual Artificial Intelligence Index Report published by Stanford University tracks AI model
performance, accessibility, and affordability over time (Maslej et al., 2025).

2A recent McKinsey & Company report shows that firms’ difficulties in extracting value from AI primarily
reflect organizational and incentive misalignment rather than technological limitations (Mayer et al., 2025).
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ante. We further propose a set of remedies that address these challenges and enable effective AI

integration.

Our core insight is that AI changes not only the accuracy of information but also its gran-

ularity. Human managers typically rely on coarse, categorical assessments when actions are

discrete, focusing on a limited set of salient factors (e.g., Gabaix, 2014). Predictive AI, by

contrast, generates finely differentiated estimates with greater dispersion (e.g., Fuster et al., 2022;

Chen et al., 2024).3 While such granularity is valuable in frictionless environments, it can be

detrimental when managerial objectives diverge from those of shareholders. More granular AI

estimates increase the prevalence of borderline decisions, where managers can act on personal

bias while facing limited downside risk. The firm’s optimal response of tightening incentives to

curb these distortions entails additional costs, which in some cases outweigh the efficiency gains

from improved information.

To formalize this mechanism, we develop a model of AI-augmented decision-making in

which shareholders hire a manager to make an investment decision on a risky project. A project

succeeds with a probability that depends on two components: a viability dimension, capturing

soft, qualitative factors that are difficult for AI to assess, and a technical quality dimension,

which is amenable to data-driven evaluation. The manager observes noisy signals about both

dimensions and chooses whether to approve the project. He may also enjoy a private benefit

from approval, such as personal preference, relationship-based considerations, or noncontractible

perks. Crucially, this bias is uncertain ex ante and is privately observed by the manager.

Absent AI, the manager’s information about technical quality is coarse, leading to a discrete

distribution of posterior success probabilities. The principal designs an optimal contract that

trades off investment efficiency against incentive costs. In this case, improving the manager’s

information precision always increases shareholder profits, even when managerial bias is uncer-

tain, because more informative signals polarize posterior beliefs, relax incentive constraints, and

reduce compensation costs. The introduction of AI fundamentally alters this logic. AI provides

3In Chen et al. (2024), the authors develop a novel method that utilizes recent advances in large language
models (LLMs) to recover overlooked information in categorical variables.
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a more precise estimate of technical quality that strictly Blackwell-dominates the manager’s

signal. However, once AI information is incorporated into decision-making, the distribution of

perceived success probabilities becomes smoother and more concentrated around the investment

threshold. As a result, a larger set of realizations emerges in which the manager’s decision is

sensitive to personal bias. The principal can mitigate these distortions by tightening incentives,

but doing so requires higher expected compensation.

Our main result shows that when AI precision is sufficiently high and managerial bias is

sufficiently uncertain, the increase in total agency costs induced by AI exceeds the efficiency

gains from more accurate information. In this case, AI adoption backfires: shareholders are

strictly worse off than in a world without AI. Moreover, because part of the loss reflects real

misallocation, rather than pure transfers to the manager, aggregate welfare can also decline.

These welfare losses arise even though AI improves information in the Blackwell sense and even

though contracts are optimally adjusted after AI adoption.

Importantly, this backfiring mechanism does not arise in two benchmark cases. First, when

there is no agency conflict, AI adoption always improves efficiency, as standard information

theory would predict. Second, when managerial bias is deterministic and commonly known,

the principal can fully offset it through a simple contract, and more precise information again

weakly increases profits. It is the interaction between refined AI information and uncertainty

about managerial bias that generates the inefficiency. This distinction helps reconcile our results

with existing theories of information and incentives while highlighting a new channel through

which advanced technologies can undermine firm performance.

After identifying the conditions under which AI adoption can backfire, we examine how firms

can redesign information structures and incentive contracts to better integrate AI insights into

managerial decision-making. We propose two remedies. The first is an information design ap-

proach in which the firm intentionally coarsens AI-generated information before communicating

it to the manager. Instead of disclosing finely graded estimates, the firm groups AI predictions

into a small number of categories aligned with decision-relevant thresholds. This coarsening

reduces the prevalence of intermediate states where managerial bias distorts investment decisions,
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while retaining most information pertinent to the investment decision. Because AI systems

can credibly commit to a pre-specified disclosure rule, such information design is especially

practical in algorithmic environments. The second remedy is an AI-contingent contract that

links managerial compensation to AI estimates. By tailoring incentives to AI information, such

contracts reduce investment distortions and lower expected agency costs. Each remedy provides

a practical mechanism for integrating AI into organizations and resolves the incentive distortions

underlying backfiring.

Related Literature This paper connects the classic literature on moral hazard and optimal

contracting with the emerging literature on corporate AI adoption.

First, this paper builds on the classic literature on moral hazard, observability, and optimal

contracting, pioneered by Mirrlees (1976), Holmström (1978, 1979), Holmström and Tirole

(1997), among others. The novelty of this work lies in its focus on a setting with uncertain

managerial bias, in which the manager’s ability to derive private benefits from project approval

is unknown ex ante. This environment is natural in organizational settings but remains underex-

plored in the literature.

We also add to the expanding body of literature on AI adoption and its implications. Much

of the existing research focuses on the macroeconomic effects of AI, examining its impact on

economic growth, employment, income inequality, and financial stability. Comunale and Manera

(2024) provide a comprehensive review.

Research on corporate AI adoption and its implications is an emerging field. Empirical

studies closely related to our work include Hoffman et al. (2018), Lyonnet and Stern (2022),

Agarwal et al. (2023), Angelova et al. (2023), Dell’Acqua et al. (2023), Babina et al. (2024),

and McElheran et al. (2025), among others. Hoffman et al. (2018) find that managers frequently

overrule technology recommendations because they are biased or mistaken, leading to worse

hires for the firm. Angelova et al. (2023) find that a majority of the judges underperform the

algorithm when they make a discretionary override. In particular, McElheran et al. (2025)

show that industrial AI adoption can initially backfire, reducing productivity and profits due
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to organizational adjustment frictions, underscoring the importance of organizational design in

determining the value of corporate AI adoption.

A growing theoretical literature studies AI adoption in organizational and decision-making

environments, addressing a range of mechanisms that differ from the focus of this paper. For

example, Weitzner (2024) analyzes algorithm aversion arising from asymmetric information and

reputational concerns faced by human decision-makers. Zhong (2025) develops a framework

for integrating humans and technologies in multilayered decision-making, showing that optimal

authority depends on a decision maker’s ability to correct errors relative to introducing new ones,

with AI often most effective as the final decision maker. Huang and Ouyang (2025) examines the

limitations of AI advisors in processing soft information, comparing unbiased but rigid AI advice

with biased yet more interpretive human judgment in financial advising contexts. Ferreira and

Li (2026) studies how AI adoption by CEOs alters information sharing with corporate boards,

showing that AI can substitute for board advice, weaken monitoring incentives, and reduce

CEO pay. In their setting, AI’s skill-augmenting capability enhances firm value as it increases

CEO productivity and alleviates moral hazard. Our paper focuses on the distinction between

human and AI information processing and examines how human-AI integration may exacerbate

incentive problems, distorting investment decisions, and destroying firm value and welfare, even

when AI signals are highly precise.

The remainder of the paper is organized as follows. Section 2 presents the model setup.

Section 3 characterizes optimal contracts and examines managerial decisions both before and

after AI adoption. Section 4 analyzes the mechanism and the conditions under which AI adoption

backfires. Section 5 introduces two remedies to address the challenges of AI integration. Section

6 concludes.
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2 The Model

2.1 Model Setup

Shareholders (the principal / she) hire a manager (the agent / he) to evaluate and implement

an investment project that requires cost c and yields payoff y ∈ {0, 1}. The project succeeds

with probability p, which is not directly observed. The manager obtains information about p and

chooses an action a ∈ {A,R} based on the obtained information, where A denotes approval and

R rejection. If the firm adopts predictive artificial intelligence, additional information about p

becomes available for decision-making.

The Success Probability p:

The project’s success probability p summarizes all information that can be potentially

acquired about the payoff y.4 This probability is determined by two layers: project viability ν

and technical quality q. A project can succeed only if it is viable, and conditional on viability its

success probability is determined by its technical quality:

p =


q, if ν = 1,

0, if ν = 0.

(1)

The first layer ν captures project viability based on soft information, such as behavioral,

organizational, and contextual factors that are difficult to observe or verify through formal data.

For example, an entrepreneur may lack leadership, exhibit erratic behavior, or operate within a

dysfunctional team, or a loan applicant may divert funds toward unrelated high-risk activities.

Such factors can render a project incapable of success even when its hard metrics appear strong.

Moreover, hard information itself may be strategically manipulated through selective reporting,

4Project outcomes involve inherent randomness, so some components of the payoff cannot be learned in
advance. The variable p therefore represents the learnable component of project quality. Conditional on p, no further
information can improve inference about y.
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falsified metrics, or other forms of misrepresentation. In these cases, the project is not viable and

ν = 0. We assume that a fraction λν of projects in the population are viable and ν = 1.5

Conditional on being viable, the second layer q captures the project’s technical quality.

It reflects hard information such as quantifiable performance metrics and features accessible

to data-driven evaluation. To allow for rich heterogeneity across projects, q is modeled as a

continuous random variable uniformly distributed on [0, 1], i.e., q ∼ U [0, 1].

Human Manager Information Processing:

Humans have limited time and cognitive capacity to process all relevant information, and

therefore rely on a simplified, sparse model of the world that attends only to variables of first-

order importance, as formalized in Gabaix (2014).6 In the same spirit, we assume that the human

manager focuses on a subset of factors summarized by Xq to infer project quality q and by Xν to

infer the viability indicator ν.

The signal Xq is a binary variable taking values in {H,L}, with P(Xq = H) = θq. This

categorical formalization reflects the tendency of human decision makers to coarse-grain infor-

mation when actions are discrete.7 For simplicity, we abstract from the full specification of the

joint distribution of q and Xq and instead characterize only the manager’s posterior expectation

E[q | Xq], which is relevant for his decision-making. This posterior expectation is denoted by

5In an earlier version of the paper, soft information was modeled as a continuous variable with an additive effect
on the success probability. That formulation yields more complicated expressions but leads to the same economic
insights.

6Humans cannot process all available information due to time constraints and cognitive limitations. This
observation is extensively documented in the psychology literature (e.g., Pashler (1999) and Nobre and Kastner
(2014)), and is the underlying idea behind the rational inattention literature in economics and finance (e.g., Sims
(2003), Van Nieuwerburgh and Veldkamp (2010), and Gabaix (2014)). Sims (2003), Van Nieuwerburgh and
Veldkamp (2010), and Gabaix (2014) adopt different approaches in modeling attention constraints but share similar
spirits.

7Yang (2020) show that when information acquisition is endogenous, the optimal information structure is binary
for binary decisions, as finer distinctions raise information costs without enhancing decision quality. In this paper,
we follow the spirits of Yang (2020). To keep the model parsimonious, we take a reduced-form approach and treat
Xq as exogenous. Endogenizing the manager’s information structure would not change the mechanism of the model
and would lead to qualitatively similar results.
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q̂M :

q̂M ≡ E[q|Xq] =

ζH , when Xq = H,

ζL, when Xq = L.
(2)

The gap (ζH − ζL) measures how much the manager’s posterior assessment of q shifts across

signal realizations and thus captures the manager’s information precision about project quality.

Similarly, the signal Xν on project viability also takes values in {H,L}, with P(Xν=H) =

θν . The manager’s posterior expectation is denoted by ν̂:

ν̂ ≡ E[ν|Xν ] =


ηH , when Xν = H,

ηL, when Xν = L.

(3)

The gap (ηH − ηL) measures the manager’s information precision about project viability.

AI Information Processing:

In contrast to a human manager, artificial intelligence has difficulty capturing the soft-

information-based viability, ν. However, AI excels at processing large volumes of data and

can accommodate high-dimensional inputs (Xq1, Xq2, . . . , Xqn) that would overwhelm a human

decision-maker, allowing it to form a highly accurate estimate of the project’s technical quality,

q. Accordingly, we assume that the AI’s inference about q is more accurate than that of a human

manager and strictly subsumes his signal Xq. Specifically, AI’s estimate of q is denoted by

q̂AI ≡ E[q|Xq1, Xq2, . . . , Xqn] = E[q|Xq1, Xq2, . . . , Xqn, Xq],

which is more informative than the manager’s estimate, q̂M .

AI’s estimate q̂AI is generally close to the true project quality q, reflecting the ability of

modern AI technologies to process high-dimensional data. Nevertheless, the estimate may not be

precise. We use the maximal integrated difference between the cumulative distribution functions

of q and q̂AI to measure the inaccuracy of AI’s estimate, denoted by ϵ(q̂AI):

ϵ(q̂AI) = sup
x∈[0,1]

∫ x

0

[Fq(t)− Fq̂AI
(t)]dt. (4)

ϵ(q̂AI) decreases as estimates become more informative, as will be analyzed in Section 2.2.
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The Contract and Managerial Incentives:

Both the principal and the manager are risk neutral, and the manager is protected by limited

liability. Upon hiring the manager, the principal offers a contract specifying compensation

contingent on project outcomes, (wS, wR, wF ), where wS is the wage if the project succeeds, wF

is the wage if it fails, and wR is the wage if the manager rejects the project.

In addition, the manager may have a personal bias towards certain projects and enjoy a private

benefit b from approval. This private benefit may arise from noncontractible perks associated

with particular projects (e.g., travel or entertainment), informal side benefits, or other preference-

based motives. It is uncertain ex ante and exists with probability φ. The manager learns its

realization only after taking office and acquiring sufficient information about the project. We

refer to it as the “uncertain managerial bias” and denote it by B. The variable B takes values

in {0, b}, with P(B = b) = φ.

Since B captures the manager’s personal bias, it is assumed to be independent of the project’s

success probability p and its signals. In particular, a manager may have idiosyncratic reasons to

favor certain proposals or applicants that are unrelated to their underlying quality or likelihood of

success.8 The realization of B is the manager’s private information. We assume that the manager

acts in the principal’s favor when he is indifferent.

Assumptions on Parameter Ranges:

We assume that an unfavorable signal on viability, Xν = L, renders the project unprofitable,

underscoring the pivotal role of viability in the decision. Absent AI, profitability further requires

a favorable managerial signal on project quality, Xq = H , reflecting the scarcity of high-quality

projects. The two signals are therefore non-redundant. The parameter restrictions below ensure

these conditions hold:

max
{
ηL, ηHζL

}
< c < ηHζH , (5)

8For example, a loan officer might favor an applicant from the same cultural background or ethnic group, which
has no clear or systematic effect on the probability of repayment.
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In addition, we restrict the magnitude of the manager’s bias for the reasons outlined below.

We focus on environments in which, without AI, the manager approves profitable projects

(µM > c) and rejects unprofitable ones (µM < c). We further assume that the managerial bias is

sufficiently small so that retaining the manager remains optimal for the principal. The following

bounds guarantee these outcomes:

b<θν

(
1−max

{
ηL
ηH

,
ζL
ζH

})
min

{
(1−φ)θq(ηHζH−c), φ(1−θq)

(
c−max{ηL, ηHζL}

)
, θq(ηHζH−c)− (λν−c)2

2λνθν

}
.

(6)

2.2 Preliminary Analyses

The manager forms expectations about the project’s success probability based on the available

information. Let µ = E[p|I] denote this expectation, where I = {(Xν , Xq, B)} in the absence

of AI, and I = {(Xν , q̂AI , Xq, B)} when the manager has access to the refined information

provided by the predictive AI. We denote the corresponding expectations by µM and µAM ,

respectively.

Informativeness of Signals:

Our characterization and comparison of signal informativeness are consistent with Blackwell

(1953). Formally, a signal X is Blackwell-more-informative than X ′ if X ′ is statistically

equivalent to a garbled, noisy version of X , generated by a stochastic mapping from X .

Among the manager’s possible signals about the project quality q, a less Blackwell-informative

signal corresponds to a lower ζH − ζL. Consider a garbled signal X ′
q that flips Xq = L to H

with probability τθq and reports it correctly otherwise, and flips Xq = H to L with probability

τ(1− θq) and reports it correctly otherwise. The marginal distribution of X ′
q remains identical to

that of Xq. The difference in conditional expectation for the garbled signal is given by

ζ ′H−ζ ′L =
[
(1−τ(1−θq))ζH + τ(1−θq)ζL

]
−
[
τθqζH + (1−τθq)ζL

]
< (1−τ)(ζH−ζL),

so that the posterior gap is shrunk by a factor of 1− τ .
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For the AI, the inaccuracy measure ϵ(q̂AI) respects the Blackwell order. Consider two

estimates, q̂AI and q̂ ′
AI , which are the posterior means of q based on two different sets of signals,

with q̂AI derived from the more informative set. The posterior mean tracks the true value of q

more closely with more informative signals, whereas with less precise signals, it updates little

from the prior mean. Consequently, the distribution of q̂AI across signal realizations is more

dispersed than that of q̂ ′
AI . Formally, the distribution of q̂AI is a mean-preserving spread of that

of q̂ ′
AI . From the integrated CDF condition, for all x ∈ [0, 1], we have∫ x

−∞
Fq̂AI

(t)dt ⩾
∫ x

−∞
Fq̂ ′

AI
(t)dt . (7)

It follows from the definition in (4) that ϵ(q̂AI) ⩽ ϵ(q̂ ′
AI).

Principal’s Problem:

The principal’s problem is to design the optimal contract (wS, wR, wF ) that maximizes her

expected payoff given her information set. The principal’s payoff is 1− wS − c if the project

succeeds, −wF − c if the project fails, and −wR if the project is rejected by the manager. Thus,

the principal’s problem can be expressed as

max
(wS ,wR,wF )

E
[{

p(1−wS−c) + (1−p)(−wF−c)
}
1{a=A} − wR1{a=R}

]
, (8)

where 1{a=A} and 1{a=R} are indicator functions denoting the manager’s actions – approval and

rejection, respectively. Since 1{a=A} and 1{a=R} are both I-measurable and µ = E[p|I], the

problem can be rewritten using the law of iterated expectations as follows:

max
(wS ,wR,wF )

E
[{

µ(1−wS−c) + (1−µ)(−wF−c)
}
1{a=A} − wR1{a=R}

]
. (9)

First-step Analysis of the Contract:

The principal sets wS ⩾ wF and wR ⩾ wF to incentivize the manager to approve projects

with high success probabilities and reject those with low success probabilities. For any contract

triplet (wS, wR, wF ) where wF > 0, an equivalent contract (wS −wF , wR −wF , 0) achieves the

same incentive at a reduced cost. Therefore, in the optimal contract, wF should be set to 0, and

the optimal contract takes the form (wS, wR, 0).
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Manager’s Decision Rule:

Given the contract, the manager approves the project if approval yields a weakly higher

expected payoff for him than rejection, with indifference resolved in favor of the principal:µwS + (1− µ)wF + b > wR, if B = b,

µwS + (1− µ)wF ⩾ wR, if B = 0.
(10)

He rejects the project if the reverse inequalities hold.

Figure 1 plots the manager’s expected payoff from approval or rejection as a function of µ

in these two cases. For simplicity, we set wF = 0, following the previous analysis. Hence, the

manager’s expected payoff from approving the project is wSµ + b when the private benefit is

present, and wSµ otherwise. His expected payoff from rejecting the project is wR.

µ

Expected Payoff

0 1

wR

wS · µ

wS · µ+ b

Act in line with managerial bias

µ µ

Figure 1: Manager’s Expected Payoffs under Information Set I

From Figure 1, we observe that there exists a range of µ for which the manager approves the

project when the private benefit is present and rejects it otherwise. We refer to this behavior as

“acting in line with managerial bias”. The two thresholds in this range correspond to the points

where the manager’s expected payoff from rejection intersects with the expected payoff from

approval, with and without private benefit, respectively.
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Let µ and µ denote these two thresholds. Then,

µ =
wR − b

wS

, µ =
wR

wS

. (11)

The manager acts in line with his personal preference when µ lies in the interval (µ, µ). Therefore,

the manager’s decision rule as a function of his posterior belief about the project’s success

probability, µ, can be illustrated by the following diagram over the interval [0, 1].

Reject
Act in line with
managerial bias Approve

0 µ µ 1

Figure 2: Manager’s Decision Rule as a Function of µ

3 Optimal Contracts Before and After AI Adoption

In this section, we characterize the optimal contracts and analyze managerial decisions and

expected payoffs. Section 3.1 describes the equilibrium without AI. Section 3.2 examines how

AI affects the manager’s assessment of the project and, in turn, alters managerial decisions,

leading to an equilibrium in which the principal trades off managerial incentive costs against

losses from suboptimal investment decisions.

3.1 Optimal Contract Before AI Adoption

According to previous analyses, the manager makes predictions on p based on Xq and Xν in

the absence of AI. The manager’s expectation in this case, denoted by µM , is given by:

µM = E[p|Xν , Xq] = ηiζj, for Xν = i and Xq = j, where i, j ∈ {H,L} . (12)

These four realizations of µM each occur with probabilities of θνθq, θν(1−θq), (1−θν)θq and

(1−θν)(1−θq), respectively.9

9To be more precise, µM = E[p|I] = E[p|Xν , Xq, B] in this scenario. We exclude private benefit B from the
conditioning information in this equation because B is independent of both the success probability p and the signals,
Xν and Xq .
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The principal chooses wS and wR, which in turn determine the manager’s decision thresholds,

µ and µ. The principal would like to set both thresholds close to the investment cost c, so that

profitable projects are approved and loss-making projects are rejected. However, placing both

thresholds near c entails high incentive costs, as both wS and wR increase with the distance

between the thresholds, µ−µ:

wS =
b

µ−µ
, wR =

µb

µ−µ
, (13)

as implied by Equations (11). Consequently, the principal optimally trades off investment

efficiency and incentive costs and maintains a positive distance between the decision thresholds.

In equilibrium, the principal chooses the wages such that µ = ηHζH and µ = max{ηHζL, ηLζH}.

Setting µ above ηHζH would forgo profitable investment opportunities, while setting µ below

max{ηHζL, ηLζH} would induce the acceptance of unprofitable projects. This equilibrium is

characterized in Proposition 1 below.

Proposition 1 In the absence of AI,

1.) the optimal contract is

wS =
b

ηHζH −max{ηHζL, ηLζH}
, wR = max

{
ζHb

ζH−ζL
,

ηHb

ηH−ηL

}
, wF = 0 ;

2.) the manager’s action rule is

to approve the project if (Xν , Xq) = (H,H), and to reject the project otherwise;

3.) the principal’s expected profit, denoted by πB,M , is given by

πB,M = E
[
(µM(1−wS)−c)1{a=A} − wR1{a=R}

]
= θνθq(ηHζH−c)−max

{
ζHb

ζH−ζL
,

ηHb

ηH−ηL

}
.

In this equilibrium, the manager approves the project if and only if he receives two good

signals, which occurs with probability of θνθq. In this case, the manager’s estimate of the

project’s success probability, µM , equals ηHζH . Although the manager may occasionally obtain

private benefits, these do not affect his decision-making: in equilibrium, the manager’s actions

are independent of his personal bias.

The principal’s expected profit is denoted by πB,M , where the subscript B captures the

uncertain presence of private benefits, while M indicates that project information is acquired by
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the manager. The principal’s expected profit equals the expected project payoff θνθq(ηHζH−c),

minus the expected wage paid to the manager max
{

ζHb
ζH−ζL

, ηHb
ηH−ηL

}
. Result 1 below demonstrates

how it varies with the manager’s information precision in equilibrium.

Result 1 The principal’s expected profit is strictly increasing in the precision of the manager’s

information on project quality, ζH − ζL.

This result follows directly from differentiating the principal’s expected profit, πB,M , in

Proposition 1. The underlying intuition is as follows. Higher information precision allows

the manager to more accurately distinguish between high-quality and low-quality projects. In

addition, as ζH −ζL increases, the manager’s posterior belief µM becomes more polarized, which

weakly relaxes the incentive constraint and thereby reduces incentive costs. As a result, the

principal’s expected profit increases when the manager has access to more precise information

on project quality q.

Result 2 The manager’s expected payoff,

max

{
ζHb

ζH−ζL
,

ηHb

ηH−ηL

}
+ θνθqϕb ,

weakly decreases in the precision of the manager’s information on project quality ζH − ζL.

The manager’s expected payoff consists of his expected wage and private benefit, given by

max
{

ζHb
ζH−ζL

, ηHb
ηH−ηL

}
and θνθqϕb respectively. The expected wage depends on the precision of

the information component that binds the incentive constraint. Specifically, if ηHζL > ηLζH , it

decreases with ζH − ζL; otherwise, it decreases with ηH − ηL. The expected private benefit is

unaffected by either ζH − ζL or ηH − ηL. This analysis demonstrates that the manager’s total

information rent declines with the precision of his information. This finding runs counter to the

conventional wisdom in the contracting literature, which typically suggests that agents with more

informative private signals extract greater rents due to their informational advantage.
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3.2 AI-augmented Decision-making

AI can analyze large volumes of data and handle numerous variables related to the project’s

inherent quality and technical soundness, allowing it to distinguish subtle differences in project

quality that the manager would treat as indistinguishable. Consequently, the AI’s estimate on the

project quality, q̂AI , is more granular, capturing substantially richer underlying heterogeneity

than the manager’s coarser assessment q̂M .

With AI’s estimate on the project quality, q̂AI , the manager’s expectation of p is10

µAM = E[p|Xν , q̂AI , Xq] =

ηH q̂AI , if Xν = H ,

ηL q̂AI , if Xν = L .
(14)

Let F (µAM) denote the cumulative distribution function (CDF) of µAM and f(µAM) its density

when it exists. For expositional convenience, we adopt a slight abuse of notation by using F (·)

to denote all CDFs of the manager’s expectation µ in different cases, with the understanding that

the specific distribution is determined by context.11

The principal’s problem is to design a contract that maximizes the project’s expected payoff

net of managerial compensation, taking into consideration the AI-augmented decision-making

process of the manager. Because of the one-to-one mapping between the wage pair (wS, wR)

and the two thresholds (µ, µ) as shown in Equations (13), the problem can be reformulated as

a maximization over (µ, µ). Specifically, it can be rewritten as follows, with the expectation

expressed in integral form:

max
(µ, µ)

∫ 1

µ

[
µAM(1−wS)− c

]
dF (µAM) +

∫ µ

µ

[
φ
(
µAM(1−wS)− c

)
+ (1−φ)(−wR)

]
dF (µAM)

+

∫ µ

0

(−wR)dF (µAM) . (15)

The principal’s expected profit takes this form because the manager approves the project

with certainty if µAM ⩾ µ, approves it with probability φ if µAM ∈ (µ, µ), and rejects it with

10Similar to the analysis of µM in Equation (12), we exclude B from the conditioning information because it is
independent of ν, q, Xν , and Xq .

11For example, F (µM ) and F (µAM ) refer to the CDFs of µM and µAM , respectively.
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certainty if µAM ⩽ µ, as analyzed in Section 2.2. This expression can be further decomposed

into the following three components:∫ 1

c

(µAM − c)dF (µAM)︸ ︷︷ ︸
No-agency-conflict Surplus

−

[
φ

∫ c

µ

(c− µAM)dF (µAM) + (1−φ)

∫ µ

c

(µAM − c)dF (µAM)

]
︸ ︷︷ ︸

Surplus Loss from Suboptimal Investment Decisions

−

[(∫ 1

µ

µAMdF (µAM) + φ

∫ µ

µ

µAMdF (µAM)

)
wS +

(
φF (µ) + (1−φ)F (µ)

)
wR

]
︸ ︷︷ ︸

Managerial Compensation

. (16)

The first component represents the project’s expected surplus absent agency conflict (φ = 0),

where the manager makes the investment decision on behalf of the principal. In this case, a

project is approved if and only if µAM > c. The second component captures the expected loss of

project surplus arising from suboptimal investment decisions. When the manager may be biased

(φ > 0), his decision rule differs from the no-agency-conflict benchmark. Specifically, when the

bias is present (B = b), the manager approves projects with µAM ∈ (µ, c) that should be rejected;

conversely, when it is not (B = 0), the manager rejects projects with µAM ∈ (c, µ) that should

be approved. Each scenario occurs with positive probability, reducing project surplus relative to

the benchmark. The third component represents managerial compensation, reflecting the cost of

incentivizing the manager so as to increase the likelihood that he makes good decisions.

The principal aims to limit project surplus loss from suboptimal investment decisions,

which requires tightening the decision thresholds by increasing µ and decreasing µ. However,

tightening the thresholds is costly, since managerial compensation rises with µ and falls with

µ, as shown in Equation (13). In equilibrium, the principal selects µ and µ to minimize the

sum of managerial compensation and project surplus loss from suboptimal decisions, thereby

maximizing Expression (16). Proposition 2 characterizes the results from this optimization.

Proposition 2 With AI in place,

1.) the optimal contract is

wS =
b

µ∗ − µ∗ , wR =
µ∗b

µ∗ − µ∗ , wF = 0 ;
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where (µ∗, µ∗) maximizes the principal’s expected profit in Expression (15). In particular,

when µAM is continuously distributed, µ∗ and µ∗ are implicitly determined by the following

system of equations:
(1−φ)(µ∗−c)f(µ∗)=

b

(µ∗−µ∗)2

[∫ 1

µ∗
µAMdF (µAM)+φ

∫ µ∗

µ∗
µAMdF (µAM)+φµ∗F (µ∗)+(1−φ)µ∗F (µ∗)

]

φ(c−b−µ∗)f(µ∗)=
b

(µ∗−µ∗)2

[∫ 1

µ∗
µAMdF (µAM)+φ

∫ µ∗

µ∗
µAMdF (µAM)+φµ∗F (µ∗)+(1−φ)µ∗F (µ∗)

]
;

2.) the manager’s action rule is to approve the project with certainty if µAM ⩾ µ∗, to approve

it when private benefits exist if µAM ∈ (µ∗, µ∗), and to reject it with certainty if µAM ⩽ µ∗;

3.) the principal’s expected payoff πB,AM is given by Expression (15) with (µ, µ) = (µ∗, µ∗).

In this equilibrium, the manager acts in line with his personal bias when the expected

probability of success, µAM , falls within the range (µ∗, µ∗). The principal tolerates these

potentially suboptimal decisions because narrowing the gap between these decision thresholds

would impose excessively high incentive costs. Thus, suboptimal investment decisions occur

with positive probability in equilibrium.

Result 1 shows that in the absence of AI, the principal’s expected profit is strictly increasing

in the precision of the manager’s estimate on project quality. Result 3 below examines how the

precision of AI’s estimate of project quality affects the principal’s expected profit.

Result 3 The principal’s expected profit does not necessarily increase and may instead diminish

as AI’s estimate of the project quality q̂AI becomes more precise.

Because the AI’s estimate of project quality subsumes that of the manager, its information

precision Blackwell dominates the manager’s. However, greater precision of the AI’s information

on project quality need not improve the principal’s expected profit, unlike the manager’s signal.

The main reason for these two contrasting results is that greater precision of the manager’s

signal induces a more polarized distribution of posterior estimates, which relaxes the incentive

constraint. By contrast, a more precise AI estimate is more granular and captures richer hetero-

geneity in project quality, thereby tightening the incentive constraint, even though more precise
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information always increases the no-agency-conflict surplus. Therefore, the effect of AI adoption

on the principal’s profit is ambiguous. This observation is central to our analysis and underlies

the possibility that AI adoption may backfire, a mechanism we examine in detail in the following

section.

4 When AI Adoption Backfires

AI improves the precision of success probability estimates by providing a more accurate

estimate of the project quality. Specifically, the AI-augmented estimate, µAM , provides a more

precise assessment of the success probability p than the traditional manager-based estimate

µM . This improved accuracy in assessing the likelihood of project success may translate into

better-informed and more efficient decisions.

For instance, when the signals are mixed, such as when Xν = H and Xq = L, the manager

rejects the investment based on information available to him, which is an optimal decision.

However, this may no longer be optimal if the firm adopts AI, which uncovers additional

information and insights. AI may assess the project quality more favorably after identifying

additional factors and underlying statistical patterns. If AI’s estimate of the quality, q̂AI , is higher

than the threshold c/ηH , the project should be accepted rather than rejected. Conversely, when

both Xν and Xq are equal to H , the manager perceives the project as promising. However, if

AI uncovers other relevant factors indicating that the project quality is below the investment

threshold, the project should be rejected despite the manager’s positive assessment initially.

In an ideal world without agency conflicts, where managers’ interests are fully aligned with

those of shareholders, AI adoption always improves decision-making efficiency. By providing

more precise information about a project’s likelihood of success, AI enables managers to better

distinguish between worthwhile and unworthy investments. This result follows directly from

Blackwell’s theorem, which implies that more informative signals lead to better decisions in the

absence of frictions.
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Importantly, even when agency conflicts are present, AI adoption continues to deliver

unambiguous benefits as long as the manager’s bias is non-stochastic and known to the principal.

In this case, the principal can fully account for the manager’s bias when designing the optimal

contract, so AI-enhanced information improves alignment without introducing new distortions

and therefore does not backfire. The following lemma formally establishes results in these two

benchmark cases.

Proposition 3 (Deterministic Bias with General Information Structure)

Consider a manager with a commonly known deterministic bias, B ≡ b, and an arbitrary

information set I. ∀ b ⩾ 0,

1.) the optimal contract is (wS, wR, wF ) = (0, b, 0);

2.) the manager’s action rule is

to approve the project if µ = E[p|I] ∈ [c− b, 1], and to reject the project otherwise;

3.) the principal’s expected profit is∫ 1

0

max{µ− c,−b}dF (µ) ;

4.) the principal’s expected profit from the project is strictly higher when the manager has

access to more information. Formally, for any information set I ′ ⊇ I,∫ 1

0

max{µ′ − c,−b}dF (µ′) ⩾
∫ 1

0

max{µ− c,−b}dF (µ) , where µ′ = E[p|I ′].

When the manager has a commonly known deterministic bias of magnitude b, the principal

can fully align incentives by offering a contract with a rejection wage of wR = b, which

compensates the manager for the forgone private benefit in the event of rejection. Under this

contract, the manager approves the project if and only if µ ⩾ c− b. Because the managerial bias

is perfectly offset and no additional distortions are introduced, more precise information directly

translates into more efficient outcomes by Blackwell’s theorem.

The no-agency-conflict benchmark, in which b = 0, is a special case of the above analysis.

Let π0,AM and π0,M denote principal’s expected profit in this benchmark, with and without

AI, respectively. The difference between the two is referred to as the “efficiency gain from

20



information”, which is always nonnegative:

π0,AM − π0,M =

∫ 1

c

(µAM−c)dF (µAM)−
∫ 1

c

(µM−c)dF (µM) ⩾ 0 .

Similarly, for a deterministic managerial bias at level b, the principal’s expected profit with AI is

weakly higher than that without AI, that is, πb,AM ⩾ πb,M .

However, when the managerial bias is uncertain, the above result may no longer hold. In this

case, additional information from AI does not guarantee higher expected profits for the principal.

This contrasts with Result 1, which shows that more precise information from the manager

consistently improves the principal’s profit, even in the presence of uncertain managerial bias.

The possibility that AI-augmented managerial decisions may backfire in corporate settings is

the central focus of our paper. The intuition stems from the interaction between the uncertain

managerial bias and the distinct information structures with and without AI. The subsequent two

paragraphs elaborate on these two aspects sequentially.

When managerial bias is uncertain, there exists an interval (µ, µ) within which the manager’s

decisions are driven entirely by his bias, as illustrated in Figures 1 and 2. Within this interval, the

manager approves a project when the private benefit is present, which occurs with probability φ,

and rejects it otherwise, with probability 1− φ, regardless of the project’s likelihood of success.

Notably, this interval does not exist when the managerial bias is deterministic.

The role of the information structure is illustrated by contrasting the distributions of posterior

estimates with and without AI. Without AI, the manager focuses on a limited number of salient

factors, leading to a multi-peaked distribution of the posterior estimate of the project’s success

probability, µM . By contrast, AI processes a broad set of variables and large volumes of data,

producing a smoother and less spiky distribution for the AI-enhanced estimate, µAM . As shown

in Figure 3, this shift from the red arrows to the blue shaded areas increases the likelihood that

µAM falls within the interval (µ, µ) in which the manager’s action is driven by personal bias,

thereby raising the probability of suboptimal investment decisions, making it possible for AI

adoption to backfire.
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µ

f(µ) With AI
Without AI

Figure 3: Distribution of Posterior Expectations and the Decision Thresholds

The figure depicts the distributions of managers’ posterior expectations without AI, denoted by µM , and
with AI, denoted by µAM . The distribution of µM is discrete and represented by four red arrows, whereas
the distribution of µAM is illustrated by the blue shaded areas. The dashed vertical lines at µ∗ and µ∗

represent the optimal decision thresholds. For this illustration, the AI technology is assumed to infer
project quality without error q̂AI = q. Parameter values are φ = 0.5, b = 0.005, c = 0.4, λν = 0.5,
θν = 0.5, θq = 0.5, ηH = 0.8, ηL = 0.2, ζH = 0.72, and ζL = 0.28.

In equilibrium, the principal sets the thresholds µ∗ and µ∗ by trading off the loss from subop-

timal investment against the incentive cost required to mitigate this loss. A higher probability

mass within this interval increases the incidence of biased, suboptimal decisions. The principal

responds by shifting the thresholds inward to reduce such decisions, as shown in Figure 3, but

this adjustment entails higher incentive costs.

To quantify this trade-off, we define the total agency cost as the sum of the “Surplus Loss

from Suboptimal Investment Decisions” and “Managerial Compensation”. The total agency cost

with AI corresponds to the gap between the principal’s expected profits with AI in the presence

and absence of agency conflicts, π0,AM − πB,AM . When this total agency cost is sufficiently

large, exceeding the sum of the total agency cost without AI π0,M − πB,M , and the efficiency

gain π0,AM − π0,M , AI adoption backfires, leading to a lower expected profit than without AI:

πB,AM − πB,M =
(
π0,AM − π0,M

)︸ ︷︷ ︸
Efficiency Gain from AI

+
(
π0,M − πB,M

)︸ ︷︷ ︸
Total Agency Cost without AI

−
(
π0,AM − πB,AM

)︸ ︷︷ ︸
Total Agency Cost with AI

< 0 .

Figure 4 illustrates how the principal’s profits with and without AI vary with the probability

that the private benefit is present, φ. In line with Proposition 3, AI adoption always increases
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Figure 4: Uncertain Bias and AI Adoption Backfire

The figure shows the principal’s profit as a function of φ, with AI represented by the blue curve and
without AI by the red curve. The no-agency conflict benchmarks, π0,AM and π0,M , along with the
deterministic managerial bias cases, πb,AM and πb,M , are highlighted using blue and red dots. AI adoption
reduces the principal’s profits whenever the blue curve lies below the red. Parameter values are b = 0.005,
c = 0.4, λν = 0.5, θν = 0.5, θq = 0.5, ηH = 0.8, ηL = 0.2, ζH = 0.72, and ζL = 0.28.

the principal’s profit in the absence of agency conflicts (φ = 0) or when managerial bias is

deterministic (φ = 1). This result also extends to cases where φ is close to 0, in which the

principal effectively ignores the low-probability managerial bias, and to cases where φ is close

to 1, in which the principal can implement a contract similar to the φ = 1 case and safely treat

the rare instances in which the private benefit is absent as negligible. However, for intermediate

values of φ, where managerial bias is highly uncertain and not negligible, the increase in total

agency costs induced by AI adoption can outweigh the associated efficiency gains, causing AI

adoption to backfire.

Proposition 4 below characterizes sufficient conditions for corporate AI adoption to backfire.

Proposition 4 (Sufficient Conditions for AI Adoption to Backfire)

A sufficient condition for AI adoption to reduce shareholders’ expected profits is that both

the manager’s and the AI’s estimates of project quality are sufficiently precise, and that the
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managerial bias occurs with an intermediate level of probability. Specifically,
ζH − ζL ⩾ ζ∗,

ϵ(q̂AI) ⩽ ϵ∗(ζH − ζL),

φ ∈
[
φ∗(ζH − ζL, ϵ(q̂AI)

)
, φ∗(ζH − ζL, ϵ(q̂AI)

)]
,

where ζ∗ is the solution to

θνθqηH(1−θq)ζ
∗ − b

2ζ∗
=

θν(ηH−c)2

2ηH
−θνθq

(ηH
2
−c
)
− 3

2

(
θνc

2b2

4ηH

) 1
3

+

(
3

2
−θq

)
b , (17)

ϵ∗ is the solution to[(
θνc

2b2

4ηH

) 1
3

+b

]
2ηH

√
ϵ∗ = θνθq(ηHζH−c)− θν(ηH−c)2

2ηH
+
3

2

(
θνc

2b2

4ηH

) 1
3

−
(

ζH
ζH−ζL

+
1

2

)
b ,

(18)

and φ∗, φ∗ are the two solutions to the following equation for φ:(
3

2
−2ηH

√
ϵ(q̂AI)

)(
θνc

2b2φ(1−φ)

ηH

) 1
3

−
(

ζH
ζH−ζL

+φ+2ηH
√
ϵ(q̂AI)

)
b =

θν(ηH−c)2

2ηH
−θνθq(ηHζH−c).

(19)

As demonstrated in Proposition 4, backfiring occurs when both managerial and AI-provided

information on project quality are highly precise, and managerial bias is uncertain ex-ante. The

intuition regarding the role of precise managerial information is straightforward: when the

manager already possesses highly accurate information, he is likely to take the correct action

without AI assistance. Consequently, AI-augmented decision-making has a limited scope to

improve outcomes.

Notably, high accuracy of the AI estimate contributes to backfiring. It is helpful to revisit

Result 3, which shows that the principal’s expected profit does not necessarily increase, and can

even decline, as the AI’s estimate q̂AI becomes more precise. The mechanism stems from the

interaction between AI information and managerial bias: refinement in the AI-provided signal

partitions projects into finer categories, producing more posterior realizations in the intermediate

range where managerial bias influences decisions. Consequently, total agency cost rises relative

to the case with less precise AI information.
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The increase in total agency cost outweighs efficiency gains from more precise information

when the AI inaccuracy ϵ(q̂AI) falls below the threshold ϵ∗(ζH − ζL), and in particular, when the

AI perfectly reveals project quality and ϵ(q̂AI) = 0. This suggests that simply introducing more

accurate AI does not automatically improve firm performance. Realizing the full potential of AI

requires a careful calibration of managerial incentives and information flows, a topic we discuss

in detail in Section 5.

In some cases, AI adoption could even reduce aggregate welfare. Although, in the analysis

above, a decline in the principal’s profits is often accompanied by an increase in managerial com-

pensation, this increase does not always offset the principal’s loss. Instead, surplus losses arising

from suboptimal investment decisions may exceed the efficiency gains from AI information, in

which case aggregate welfare declines. Proposition 5 characterizes the conditions under which

corporate AI adoption leads to welfare loss.

Proposition 5 (AI Adoption and Welfare Loss)

With more stringent conditions compared to Proposition 4, the aggregate welfare of the principal

and the manager decreases with AI adoption. Specifically, there exists ζ∗∗ > ζ∗, ϵ∗∗(·) < ϵ∗(·),

and
[
φ∗∗(·), φ∗∗(·)

]
⊂
[
φ∗(·), φ∗(·)

]
such that when

ζH − ζL ⩾ ζ∗∗,

ϵ(q̂AI) ⩽ ϵ∗∗(ζH − ζL),

φ ∈
[
φ∗∗(ζH − ζL, ϵ(q̂AI)

)
, φ∗∗(ζH − ζL, ϵ(q̂AI)

)]
,

the sum principal’s expected profit and manager’s expected payoff is lower with AI

φ

∫ u∗

u∗
(µAM−c+b)dF (µAM) +

∫ 1

u∗
(µAM−c+φb)dF (µAM) < θνθq(ηHζH − c+ φb) . (20)

Proposition 5 demonstrates that when both the manager’s and AI’s estimates of project quality

are remarkably accurate, corporate AI adoption can paradoxically reduce aggregate welfare. In

this case, the efficiency gains from AI information are limited, while distortions in investment

decisions driven by managerial bias remain significant, leading to a decline in the expected

surplus from investment.
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This decline reflects a clear misallocation of resources: high-quality projects can be under-

funded, while lower-quality projects may receive excessive investment. The misallocation not

only reduces the principal’s profit but also erodes aggregate efficiency, creating a deadweight

loss in which only part of the surplus is captured by managerial compensation.

5 Information and Contract Design for AI Integration

In this section, we propose and discuss potential remedies to the AI adoption challenges

identified above, focusing on an information design that integrates governance considerations

and an AI-contingent contract that adjusts managerial compensation in response to AI signals.

5.1 Information Design: Coarsened AI Signals

By producing finely differentiated assessments of project quality, AI can create situations in

which managers can act on personal bias while facing only limited risk from project outcomes.

To address this challenge, we propose an information design approach that strategically coarsens

the AI-provided signals. By aggregating the information into broad categories, the firm can

restrict the scope for bias-driven decisions. This design aligns managerial actions with project

quality, fosters more efficient investment decisions, and achieves these improvements without

incurring excessive incentive costs.

Information design is particularly feasible and relevant in the context of AI. Unlike human

information senders, whose disclosures may be influenced by shifting incentives, an AI algorithm

can be programmed to commit credibly to a pre-specified information structure. This allows the

firm to implement signal designs reliably, ensuring that managerial decisions are guided by the

intended informational structure. Consequently, interventions such as structuring signals around

decision-relevant thresholds are readily implementable with AI, whereas comparable designs are

often difficult to enforce with human information sources.
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Formally, the principal observes the manager’s project signal Xq and receives an AI-generated

estimate of project quality, q̂AI . Rather than fully disclosing q̂AI , the principal communicates

coarsened information by indicating which element of a partition the pair (Xq, q̂AI) belongs to.

Each partition groups together realizations that the principal treats as equivalent for commu-

nication purposes, effectively “bunching” values of q̂AI while leaving Xq unchanged. Given

a partition element, the manager forms a posterior expectation of project quality based on the

coarsened information.

In equilibrium, the mapping from q̂AI to the manager’s action is monotone: for a given Xq,

higher AI estimates lead to weakly more favorable decisions. Intuitively, if a lower-quality

project were approved while a higher-quality project were rejected, the principal could swap

their partition assignments to raise expected profits without violating the manager’s incentive

constraints.

The formal characterization of the optimal partition, the associated manager’s decision rule,

and the equilibrium contract are presented in Proposition 6.

Proposition 6 The principal structures AI information for the manager as follows:

1.) The principal partitions (Xq, q̂AI) ∈ {H,L} × U [0, 1] into six regions,

Q1 = {H} × [0, q̂
H
], Q2 = {H} × (q̂

H
, q̂H), Q3 = {H} × [q̂H , 1],

Q4 = {L} × [0, q̂
L
], Q5 = {L} × (q̂

L
, q̂L), Q6 = {L} × [q̂L, 1].

Upon observing (Xq, q̂AI), the principal communicates the region containing the realiza-

tion. Thresholds q̂
H

, q̂H , q̂
L

and q̂L are set to maximize the principal’s expected profit.

Let q̃j = E[q | (Xq, q̂AI) ∈ Qj], j ∈ {1, . . . , 6} denote the manager’s posterior expectation

of project quality; in equilibrium, this partition satisfies q̃4 = q̃1, and q̃6 = q̃3.

2.) The optimal contract is

wS =
b

ηH(q̃3 − q̃1)
, wR =

q̃3b

q̃3 − q̃1
, wF = 0 .

3.) The manager’s action rule is
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if Xν = H , rejects with certainty upon observing Q1 or Q4, acts in line with managerial

bias upon observing Q2 or Q5, and approves with certainty upon observing Q3 or Q6;

if Xν = L, rejects with certainty.

4.) The principal’s expected profit is

θνηH
[
φP(Q2)q̃2+P(Q3)q̃3+φP(Q5)q̃5+P(Q6)q̃6

]
(1−wS)− θν

[
φP(Q2∪Q5)+P(Q3∪Q6)

]
(c−wR)−wR

The principal’s optimal information design groups together, for each value of Xq, all projects

that the manager would unambiguously approve in one partition and all projects that she would

unambiguously reject in another. By grouping projects that elicit the same managerial action, the

principal reduces the incentive costs associated with projects whose approval would otherwise

hinge on borderline judgments. The thresholds for each partition are chosen so that the incentive

constraints bind, aligning the manager’s posterior expectations with the contract’s decision

thresholds and maximizing the principal’s expected profit. Figure 5 provides a stylized illustration

of this partition.

0 q̂
H q̂H 1

Q1 Q2 Q3Xq = H q̂AI

0 q̂
L q̂L 1

Q4 Q5 Q6Xq = L q̂AI

Figure 5: Illustration of the Partition of (Xq, q̂AI)

The figure depicts a stylized partition of {H,L}× [0, 1] into six regions Q1, . . . , Q6 defined by thresholds
q̂
H

, q̂H , q̂
L

and q̂L. Coarsened disclosure of the AI estimate induces pooling of posterior beliefs.

Result 4 compares the principal’s profit under this structure with the benchmark outcomes in

Propositions 1 and 2.

Result 4 Under the optimal information partition, the principal’s profit surpasses both the no-AI

benchmark and the full-AI-information scenario.

Because the coarsened information structure is chosen optimally, it outperforms alternative

approaches: revealing only the manager’s private signal Xq (reverting to the no-AI benchmark)
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or fully disclosing q̂AI (providing complete AI information). By carefully balancing incentives

with information provision, this design improves project selection and enables the principal to

make more productive use of AI insights.

5.2 Contract Design: AI-contingent Contracts

An alternative approach provides the manager with full AI-generated information while tying

their payoff directly to the AI reports. Because the manager’s posterior expectation depends on

the AI estimate, the principal can tailor incentives to these updated beliefs. This contract reduces

investment distortions and preserves the efficiency gains from precise AI information.

As discussed in Section 4, backfiring can occur when the manager’s expectation µAM falls

within a moderate range, leaving room for suboptimal investment decisions driven by managerial

bias. Under the optimal contract described in Proposition 2, the manager’s decision thresholds,

µ∗ and µ∗, are determined by F (µAM), the distribution of the manager’s expectations, and remain

unchanged regardless of q̂AI , the information provided by AI.

Because the AI-provided information is public and verifiable, the principal can condition

on it to obtain a more precise distribution, F (µAM |q̂AI). The principal optimizes the following

objective function in place of Equation (15):∫ 1

c

(µAM−c)dF (µAM |q̂AI)−

[
φ

∫ c

µ

(c−µAM)dF (µAM |q̂AI)+(1− φ)

∫ µ

c

(µAM−c)dF (µAM |q̂AI)

]

−

[(∫ 1

µ

µAMdF (µAM |q̂AI)+φ

∫ µ

µ

µAMdF (µAM |q̂AI)

)
wS+

[
φF (µ|q̂AI)+(1− φ)F (µ|q̂AI)

]
wR

]
.

(21)

Similar to Section 3.2, the principal seeks to minimize the total cost of suboptimal investment

decisions and managerial compensation, now conditional on a given value of q̂AI . The optimal

contract selects µ and µ so that the distribution F (µAM |q̂AI) assigns minimal probability to the

interval (µ, µ), reducing potential losses from suboptimal decisions, while keeping the interval

wide to control incentive costs. We therefore propose the following AI-contingent contract,

which links wages to q̂AI , to address AI adoption challenges.
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Proposition 7 When the wage is contingent on AI’s report,

1.) The optimal contract is

(
wS, wR, wF

)
=


(

k

q̂AI

, ηHk , 0

)
, q̂AI ∈

[ c

ηH
+

ηHk − (1−θνφ)b

ηHθν(1−φ)
, 1
]

(
0, b, 0

)
, q̂AI ∈

[
0 ,

c

ηH
+

ηHk − (1−θνφ)b

ηHθν(1−φ)

)
,

where k ≡ b

ηH−ηL
.

2.) The manager’s action rule is:

if Xν = H , approve the project with certainty if µAM ⩾ c+ ηHk−(1−θνφ)b
θν(1−φ) , only approve projects

with positive bias if µAM ∈ (c− b, c+ ηHk−(1−θνφ)b
θν(1−φ) ), and reject it with certainty if µAM ⩽ c− b;

if Xν = L, reject the project with certainty.

The equilibrium features two wage schemes. For high q̂AI , the principal sets µ = ηH q̂AI and

µ = ηLq̂AI to balance investment efficiency with incentive costs. Substituting into Equation (13)

yields the wage scheme described in the proposition. When q̂AI is low, the expected surplus from

the project is minimal even if X2 = H , so the principal sets wS = 0 and offers a rejection wage

wR = b to offset any private benefits from approval.

Within the first wage scheme, the rejection wage wR remains constant, while the success

wage wS is higher for projects with a lower AI estimate q̂AI . This pattern may seem surprising:

one might expect the principal to offer lower rewards for projects assessed by AI to have a lower

likelihood of success, anticipating greater concern about managers approving weak projects for

private benefits. The economic mechanism underlying this result points in the opposite direction.

When the AI estimate is lower, the project’s success probability responds less to the manager’s

judgment, weakening the impact of managerial discretion on outcomes. Conditional on choosing

to incentivize the manager, the principal must therefore rely on stronger monetary incentives to

discipline behavior, which leads to a higher success wage wS .

The AI-contingent contract proposed in Proposition 7 reduces losses from suboptimal invest-

ment decisions relative to the non-contingent contract in Proposition 2. Moreover, it effectively
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addresses corporate AI adoption challenges by ensuring that, for any level of AI information, the

principal’s expected profit exceeds the no-AI benchmark, as established in Result 5.

Result 5 Under the optimal AI-contingent contract, the principal’s profit exceeds the no-AI

benchmark characterized in Proposition 1 for any AI information that refines the manager’s

signal Xq.

In summary, the AI-contingent contract enhances the efficient use of AI information by

reducing misallocation from suboptimal investment decisions and managerial compensation.

This result underscores AI-contingent contracting as an effective organizational response to

agency conflicts with AI-assisted decision-making.

6 Conclusion

This paper examines the organizational consequences of adopting predictive AI for manage-

rial decision-making. In particular, we show that the value of AI adoption depends critically on

how AI-generated information interacts with managerial incentives. In a setting where managers

make high-stakes investment decisions and may derive uncertain private benefits from project

approval, AI adoption can backfire: despite refining information and Blackwell-dominating

human signals, it can reduce shareholder profits and even aggregate welfare. The key mechanism

is that AI changes not only the accuracy but also the granularity of information, increasing the

prevalence of borderline decisions in which managerial discretion and bias distort investment

choices. When managerial bias is sufficiently uncertain, the resulting increase in agency costs

can outweigh the efficiency gains from more precise information, leading to misallocation even

under optimally adjusted contracts. We propose two remedies to restore the gains from AI adop-

tion: coarsening AI-generated information to limit bias-driven decisions, or using AI-contingent

contracts which link managerial compensation to AI estimates to tighten incentives.

Several directions for future research may warrant further exploration. One possibility is to

examine how information design and AI-contingent contracting might be combined in practice,
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allowing firms to jointly tailor disclosure and incentives. Another is to consider alternative

organizational responses, such as reallocating decision authority between humans and AI, or

long-term contracts and dynamic incentive schemes. More broadly, extending the analysis to

settings with multiple projects or team-based decisions may provide further insight into how

firms integrate AI into organizational decision-making.
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Appendix

Proof of Proposition 1

When µ = ηHζH and µ = max{ηHζL, ηLζH}, the manager approves the project only if

(Xν , Xq) = (H,H) and rejects the project in all other cases. The manager’s wages, wS for

approval and wR for rejection, are determined by Equation (13) and are expressed as follows:

wS =
b

ηHζH−max{ηHζL, ηLζH}
, wR =

ηHζHb

ηHζH−max{ηHζL, ηLζH}
= max

{
ζHb

ζH−ζL
,

ηHb

ηH−ηL

}
.

(A1)

The principal’s expected profit is given by:

E
[
(µM(1−wS)−c)1{a=A} − wR1{a=R}

]
=θνθq(ηHζH−c)− θνθqηHζHwS − (1−θνθq)wR

=θνθq(ηHζH−c)−max

{
ζHb

ζH−ζL
,

ηHb

ηH−ηL

}
.

(A2)

Next, we show that no other contract can generate a higher level of profit.

Consider a contract in which either wS > 0 and µ > ηHζH , or wS = 0 and wR ⩾ b. In this

case, the manager approves projects with (Xν , Xq) = (H,H) only in the presence of managerial

bias, that is, with probability no greater than φ. From assumption (6), the principal’s expected

payoff from the project under this contract is bounded above by:

E[(µM−c)1{a=A}] ⩽ φ · θνθq(ηHζH−c) < θνθq(ηHζH−c)−max

{
ζHb

ζH−ζL
,

ηHb

ηH−ηL

}
.

Similarly, for a contract in which either wS > 0 and µ < ηHζL, or wS = 0 and wR < b, the

manager approves projects with (Xν , Xq) = (H,L) with probability at least φ. The principal’s

expected payoff is bounded above by:

E[(µM−c)1{a=A}] ⩽ θνθq(ηHζ−c)− φθν(1−θq)(c−ηHζL)

< θνθq(ηHζH−c)−max

{
ζHb

ζH−ζL
,

ηHb

ηH−ηL

}
.
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Under a contract where wS > 0 and µ < ηLζH , the manager approves projects with (Xν , Xq) =

(H,L) with probability at least φ. As in the analysis above, this contract cannot generate a higher

profit than that in Equation (A2).

For all remaining contracts, which satisfy wS > 0, µ ⩽ ηHζH , and µ ⩾ max{ηHζL, ηLζH},

the principal’s expected profit is bounded above by:

θνθq(ηHζ−c)− µb

µ−µ
⩽ θνθq(ηHζH−c)−max

{
ζHb

ζH−ζL
,

ηHb

ηH−ηL

}
,

with equality holding if and only if µ = ηHζH and µ = max{ηHζL, ηLζH}. ■

Proof of Result 1

By the law of iterated expectations,

E[E[q | Xq]] = E[q] = 1
2
,

which implies

θqζH + (1−θq)ζL = 1
2

⇒ ζH = 1
2
+ (1−θq)(ζH − ζL).

Substituting into the principal’s expected profit yields

Π = θνθq(ηHζH − c)−max

{
ζHb

ζH − ζL
,

ηHb

ηH − ηL

}
= θνθq

(
ηH
[
1
2
+ (1−θq)(ζH − ζL)

]
− c
)
−max

{
(1−θq)b+

b

2(ζH − ζL)
,

ηHb

ηH − ηL

}
.

The first term is increasing in ζH − ζL, while the variable component of the incentive term is

decreasing and the alternative is constant. Therefore, Π is strictly increasing in ζH − ζL. ■

Proof of Result 2

The manager’s expected payoff is

max

{
ζHb

ζH−ζL
,

ηHb

ηH−ηL

}
+ θνθqϕb ,

Since the second term is constant in ζH − ζL, monotonicity depends only on the maximum term.
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Note that

ζHb

ζH − ζL
⩽

ηHb

ηH − ηL
⇐⇒ ηHζL ⩽ ηLζH .

Hence, if ηHζL > ηLζH , the maximum is attained by ζHb
ζH−ζL

, which is decreasing in ζH − ζL

(from Result 1). Otherwise, the maximum is attained by ηHb
ηH−ηL

and is constant in ζH − ζL.

Therefore, the manager’s expected payoff is weakly decreasing in ζH − ζL.

Proof of Proposition 2

The derivatives of wS and wR with respect to µ and µ are expressed as follows:

dwS

dµ
= − b

(µ−µ)2
,

dwR

dµ
= −

µb

(µ−µ)2
,

dwS

dµ
=

b

(µ−µ)2
,

dwR

dµ
=

µb

(µ−µ)2
. (A3)

Now, differentiating the objective function (16) with respect to µ:

− (1−φ)(µ−c)f(µ)−

(∫ 1

µ

µAMdF (µAM) + φ

∫ µ

µ

µAMdF (µAM)

)
dwS

dµ

−
(
φF (µ) + (1−φ)F (µ)

) dwR

dµ
− (1−φ)µf(µ)wS + (1−φ)f(µ)wR = 0 .

Using (A3) and the condition wR = µwS , and then evaluating at µ = µ∗, µ = µ∗, we obtain:

(1−φ)(µ∗−c)f(µ∗)− b

(µ∗−µ∗)2

[∫ 1

µ∗
µAMdF (µAM)+φ

∫ µ∗

µ∗
µAMdF (µAM)+φµ∗F (µ∗)+(1−φ)µ∗F (µ∗)

]
= 0.

(A4)

Differentiating the objective function with respect to µ:

− φ(µ−c)f(µ)−

(∫ 1

µ

µAMdF (µAM) +
1

2

∫ µ

µ

µAMdF (µAM)

)
dwS

dµ

−
(
φF (µ) + (1−φ)F (µ)

) dwR

dµ
− φµf(µ)wS + φf(µ)wR=0 .

Using (A3) and the condition wR = µwS + b, and then evaluating at µ = µ∗, µ = µ∗, we obtain:

φ(c−b−µ∗)f(µ∗)− b

(µ∗−µ∗)2

[∫ 1

µ∗
µAMdF (µAM)+φ

∫ µ∗

µ∗
µAMdF (µAM)+φµ∗F (µ∗)+(1−φ)µ∗F (µ∗)

]
= 0.

(A5)
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Thus, the equilibrium thresholds µ∗ and µ∗ satisfy the conditions in (A4) and (A5), and are

implicitly defined by this system of equations. ■

Proof of Result 3

Consider an example where the AI’s estimate of the project quality, q̂AI , takes values

q1 < q2 < · · · < q2m with equal probabilities, and the optimal contract based on this information

satisfies

µ∗ = ηHq2n, µ∗ = ηHq2l−1.

Now, suppose we define an alternative information structure that aggregates adjacent AI

estimates and communicates the averages

q1 + q2
2

,
q3 + q4

2
, . . . ,

q2m−1 + q2m
2

.

This coarser information yields the same approval and rejection decisions but reduces the

manager’s expected wage, as the thresholds are relaxed to

µ∗ = ηH
q2n−1 + q2n

2
, µ∗ = ηH

q2l−1 + q2l
2

.

Hence, the principal’s expected profit does not necessarily increase with more precise AI

estimates of q̂AI and may in fact decline.

Proof of Proposition 3

We now demonstrate that the optimal contract takes the form (wS, wR, wF ) = (0, b, 0) when

the manager has a fixed, non-stochastic bias B ≡ b from project approval.

Given the manager’s expectation µ, the principal’s payoff is given by µ(1−wS)− c if the

project is approved, and −wR if it is rejected. Under the contract (0, b, 0), the manager is

indifferent between approving and rejecting the project in all states. As a result, the manager

defers to the principal’s preferences and approves the project if and only if the expected payoff
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from approval, µ− c, exceeds the payoff from rejection, −b. The principal’s resulting payoff is

therefore max{µ−c,−b}.

Now consider alternative contracts. If wR ⩾ b, the principal’s payoff given the manager’s

expectation µ is bounded by

max{µ(1−wS)− c,−wR} ⩽ max{µ−c,−b} . (A6)

If wR < b, the manager’s expected payoff from project approval µwS + b always exceeds that

from rejection wR, and therefore, the manager approves all projects. In this case, the principal’s

expected payoff is bounded above by∫ 1

0

(µ−c)dF (µ) ⩽
∫ 1

0

max{µ−c,−b}dF (µ) . (A7)

Combining (A6) and (A7), we conclude that the optimal contract is (wS, wR, wF ) = (0, b, 0).

We now turn to a comparison of the principal’s expected payoffs when the manager has

access to different information. From the law of iterated expectations, we have:

µ = E[p|I] = E
[
E[p|I ′]|I

]
= E[µ′|I] . (A8)

The distribution of µ′ is obtained by redistributing the probability of µ in a manner that preserves

the mean while increasing dispersion. Formally, F (µ′) is a mean-preserving spread of F (µ).

Since the function max{µ−c,−b} is convex in µ, from Jensen’s inequality, it follows that

the principal’s expected payoff increases with the precision of manager’s information.∫ 1

0

max{µ′−c,−b}dF (µ′) ⩾
∫ 1

0

max{µ−c,−b}dF (µ) . (A9)

Substituting in µ′ = µAM and µ = µM , we obtain πb,AM ⩾ πb,M . ■

Proof of Proposition 4

Rather than focusing on the optimal thresholds µ∗ and µ∗, we consider arbitrary µ and µ and

derive a lower bound on the total agency cost that holds for µ ⩽ c ⩽ µ.

40



From assumption (4), the CDF of AI estimate of the project quality q̂AI satisfies

Fq̂AI

(
µ

ηH

)
− Fq̂AI

(
µ

ηH

)
⩾

µ−µ

ηH
− 2
√
ϵ(q̂AI) . (A10)

Applying (14), the probability that µAM ∈ [µ, µ] is bounded below by θν

(
µ−µ
ηH

− 2
√

ϵ(q̂AI)
)

.

Consequently, when the manager forms expectation µAM with AI assistance, the “Surplus

Loss from Suboptimal Investment Decisions” expression in equation (16) admits the following

lower bound:

φ

∫ c

µ

(c−µAM)dF (µAM) + (1−φ)

∫ µ

c

(µAM−c)dF (µAM)

=φ

∫ c

µ

[F (µAM)−F (µ)]dµAM + (1−φ)

∫ µ

c

[F (µ)−F (µAM)]dµAM

⩾φ

∫ c

µ

θν max

{
µAM−µ

ηH
−2
√

ϵ(q̂AI), 0

}
dµAM + (1−φ)

∫ µ

c

θν max

{
µ−µAM

ηH
−2
√
ϵ(q̂AI), 0

}
dµAM

⩾
θνφ(1−φ)

2ηH

(
µ−µ− 4ηH

√
ϵ(q̂AI)

)2
. (A11)

The “Managerial Compensation” expression in (16) is bounded below by:[∫ 1

µ

µAMdF (µAM) + φ

∫ µ

µ

µAMdF (µAM)

]
wS +

[
φF (µ) + (1−φ)F (µ)

]
wR

>

[∫ 1

µ

µdF (µAM) + φ

∫ µ

µ

µdF (µAM)

]
wS +

[
φF (µ) + (1−φ)F (µ)

]
µwS

>

∫ 1

0

(
φµ+ (1−φ)µ

)
dF (µAM) · wS

=
(
µ− φ(µ−µ)

)
· b

µ−µ

>

(
c

µ−µ
− φ

)
b . (A12)

Combining (A11) with (A12), we obtain a lower bound for π0,AM − πB,AM , the total agency cost

from “Surplus Loss from Suboptimal Investment Decisions”and “Managerial compensation”:

π0,AM − πB,AM >
θνφ(1−φ)

2ηH

(
µ−µ− 4ηH

√
ϵ(q̂AI)

)2
+

(
c

µ−µ
− φ

)
b

⩾

(
3

2
− 2ηH

√
ϵ(q̂AI)

)(
θνφ(1−φ)

ηH

) 1
3

(cb)2/3 − (φ+ 2ηH
√
ϵ(q̂AI))b .
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Thus, the increment in cost compared to the case without AI is bounded below by:(
π0,AM − πB,AM

)
−
(
π0,M − πB,M

)
>

(
3

2
− 2ηH

√
ϵ(q̂AI)

)(
θνφ(1−φ)

ηH

) 1
3

(cb)2/3 −
(

ζH
ζH−ζL

+ φ+ 2ηH
√
ϵ(q̂AI)

)
b . (A13)

The maximum of the above expression with respect to ϵ(q̂AI) and φ is bounded below by

3

2

(
θν
4ηH

) 1
3

(cb)2/3 −
(

ζH
ζH−ζL

+
1

2

)
b , (A14)

which corresponds to the right-hand side of (A13) when ϵ(q̂AI) = 0 and φ = 1
2
.

AI adoption backfires when the efficiency gain from information π0,AM − π0,M is insufficient

to offset the increase in costs compared to managerial compensation without AI. By Proposition

3, π0,AM is bounded above by the expected profit under full information about project quality,

π0,AM ⩽
∫ 1

c/ηH

θν(ηHq − c)dq =
θν(ηH−c)2

2ηH
. (A15)

Thus the upper bound of the efficiency gain is given by

π0,AM − π0,M ⩽
θν(ηH−c)2

2ηH
− θνθq(ηHζH−c) , (A16)

where the no-agency-conflict profit with the manager’s information is π0,M = θνθq(ηHζH−c).

The threshold ζ∗ is determined by equation (17), which equates the right-hand-sides of (A14)

and (A16). Accordingly, when ζ ⩾ ζ∗, there exists a range of AI inaccuracy ϵ(q̂AI) and bias

probability φ for which AI adoption results in net losses for the principal. The threshold is ϵ∗

similarly determined by equation (18). The thresholds φ∗ and φ∗ are the two solutions in (0, 1)

to Equation (19), which equates the right-hand sides of (A13) and (A16). These solutions exist

whenever ζH − ζL ⩾ ζ∗ and ϵ(q̂AI) ⩽ ϵ∗(ζH − ζL). Hence, the conditions of Proposition 4

suffice to make the principal’s expected profit under AI-augmented decision-making lower than

the no-AI benchmark. ■

Proof of Proposition 5

The efficiency gain is bounded above by (A16).
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Evaluated at the optimal thresholds µ∗ and µ∗, equation (A11) provides a lower bound on the

”Surplus Loss from Suboptimal Investment Decisions” expression:

θνφ(1−φ)

2ηH

(
µ∗−µ∗ − 4ηH

√
ϵ(q̂AI)

)2
. (A17)

Aggregate welfare therefore decreases whenever the efficiency gain fails to compensate for

this surplus loss. To establish this proposition, it is sufficient to derive a lower bound on µ∗ − µ∗.

We next establish an upper bound on total compensation costs for arbitrary µ and µ, and use this

bound to demonstrate why a small separation between the decision thresholds is suboptimal.

From assumption (4), the CDF of AI estimate of the project quality q̂AI satisfies

Fq̂AI

(
µ

ηH

)
− Fq̂AI

(
µ

ηH

)
⩾

µ−µ

ηH
+ 2
√

ϵ(q̂AI) . (A18)

Applying (14), the probability that µAM ∈ [µ, µ] is bounded above by θν

(
µ−µ
ηH

+ 2
√
ϵ(q̂AI)

)
.

Consequently, when the manager forms expectation µAM with AI assistance, the “Surplus

Loss from Suboptimal Investment Decisions” expression in equation (16) admits the following

upper bound:

φ

∫ c

µ

(c−µAM)dF (µAM) + (1−φ)

∫ µ

c

(µAM−c)dF (µAM)

=φ

∫ c

µ

[F (µAM)−F (µ)]dµAM + (1−φ)

∫ µ

c

[F (µ)−F (µAM)]dµAM

⩽φ

∫ c

µ

θν max

{
µAM−µ

ηH
+2
√

ϵ(q̂AI), 0

}
dµAM + (1−φ)

∫ µ

c

θν max

{
µ−µAM

ηH
+2
√
ϵ(q̂AI), 0

}
dµAM

=
θνφ

2ηH

(
c− µ+ 2ηH

√
ϵ(q̂AI)

)2
+

θν(1− φ)

2ηH

(
µ− c+ 2ηH

√
ϵ(q̂AI)

)2
. (A19)

The “Managerial Compensation” expression in (16) is bounded above by:[∫ 1

µ

µAMdF (µAM) + φ

∫ µ

µ

µAMdF (µAM)

]
wS +

[
φF (µ) + (1−φ)F (µ)

]
wR < ws =

b

µ−µ
.

(A20)
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Combining (A19) with (A20), we obtain an upper bound for π0,AM−πB,AM , the total agency cost

from “Surplus Loss from Suboptimal Investment Decisions”and “Managerial compensation”:

π0,AM − πB,AM <
θνφ

2ηH

(
c− µ+ 2ηH

√
ϵ(q̂AI)

)2
+

θν(1− φ)

2ηH

(
µ− c+ 2ηH

√
ϵ(q̂AI)

)2
+

b

µ−µ

(A21)

The following thresholds

µ = c−
(
ηHb

2θν

) 1
3

, µ = c+

(
ηHb

2θν

) 1
3

(A22)

are admissible, and as a result

π0,AM − πB,AM <
θν
2ηH

[(
ηHb

2θν

) 1
3

+ 2ηH
√

ϵ(q̂AI)

]2
+

(
θνb

2

4ηH

) 1
3

. (A23)

The “Managerial Compensation” expression for the optimal thresholds is lower than this

upper bound(
c

µ∗ − µ∗ − φ

)
b <

θν
2ηH

[(
ηHb

2θν

) 1
3

+ 2ηH
√
ϵ(q̂AI)

]2
+

(
θνb

2

4ηH

) 1
3

. (A24)

This inequality in turn establishes a lower bound on the gap between the optimal thresholds,µ∗−

µ∗. The rest follows from the Proof of Proposition 4. ■

Proof of Proposition 6

We proceed in several steps.

Step 1: Threshold Monotonicity.

Let q̃j = E[q | (Xq, q̂AI) ∈ Qj denote the manager’s posterior expectation given the

coarsened signal.

When the manager receives a favorable viablity signal Xν = H , his conditional expectation

of the project success probability is given by µAM = ηH q̂AI . Given decisions thresholds µ, µ

from the contract, the manager rejects if q̃j ⩽ µ/ηH , approves if q̃j ⩾ µ/ηH , and act in line with

managerial bias otherwise.
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Now we establish that conditional on Xν = H , the manager’s action must be monotone in

q̂AI : if a project with estimate q̂′ is rejected with certainty, all projects with q̂AI < q̂′AI must also

be rejected; similarly, if a project is approved with certainty, all higher q̂AI must be approved.

Otherwise, the principal could the partition assignments of q̂AI and q̂′AI to raise expected profits

without violating the manager’s incentive constraints.

Hence, there exists thresholds q̂
H
, q̂H for Xq = H and q̂

L
, q̂L for Xq = L such that the

manager rejects if q̂AI ⩽ q̂
k
, approves if q̂AI ⩾ q̂k, and otherwise act in line with his bias.

Step 2: Optimal Partitioning.

All projects with Xq = H and q̂AI ∈ [0, q̂
H
] should be grouped within the same partition, as

this lowers the threshold µ and reduces the associated managerial compensation cost. Intuitively,

mixing low-quality projects with medium-quality ones would weaken the manager’s tendency to

approve projects due to managerial bias. Similarly, all projects with Xq = L and q̂AI ∈ [0, q̂
L
]

should be assigned to a single partition.

The same logic applies to the partitions for high-quality projects: Xq = H , q̂AI ∈ [q̂H , 1] and

Xq = L, q̂AI ∈ [q̂L, 1].

In summary, the principal groups all low-quality projects into one partition and all high-

quality projects into one partition:

Q1 = {H} × [0, q̂
H
], Q4 = {L} × [0, q̂

L
],

Q3 = {H} × [q̂H , 1], Q6 = {L} × [q̂L, 1].

Medium-quality projects are placed in the remaining partitions:

Q2 = {H} × (q̂
H
, q̂H), Q5 = {L} × (q̂

L
, q̂L).

In equilibrium, the incentive constraints are binding for the extreme partitions, so q̃4 = q̃1 and

q̃6 = q̃3.

Step 3: Manager’s Action Rule.

Given the upper bound for managerial bias (6), it’s never optimal for the principal to set

µ < ηL. As a result, the manager rejects all projects if he observes a low viablity signal Xν = L.
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Translating the partition into the manager’s decisions in Step 1, we obtain the following

action rule: if Xν = H , the manager rejects with certainty upon observing Q1 or Q4, acts

according to her managerial bias upon observing Q2 or Q5, and approves with certainty upon

observing Q3 or Q6; if Xν = L, he rejects all projects with certainty.

Step 4: Optimal Contract.

The principal sets the wages to bind the incentive constraints for the extreme partitions:

wS =
b

ηH(q̃3 − q̃1)
, wR =

q̃3b

q̃3 − q̃1
, wF = 0. (A25)

This ensures the manager’s expected payoff aligns with the threshold behavior while minimizing

the incentive costs.

Step 5: Principal’s Expected Profit.

The manager approves the project with probability

θν

[
φP(Q2) + P(Q3) + φP(Q5) + P(Q6)

]
, (A26)

and rejects it with the complementary probability.

Conditional on approval, the project yields a successful outcome with probability ηH q̃j when

(Xq, q̂AI) ∈ Qj . Therefore, the overall probability that the project is both invested and succeeds

is

θνηH

[
φP(Q2)q̃2 + P(Q3)q̃3 + φP(Q5)q̃5 + P(Q6)q̃6

]
. (A27)

Consequently, the principal’s expected profit is given by:

πPartition = θνηH

[
φP(Q2)q̃2 + P(Q3)q̃3 + φP(Q5)q̃5 + P(Q6)q̃6

]
(1− wS)

− θν

[
φP(Q2 ∪Q5) + P(Q3 ∪Q6)

]
(c− wR)− wR . (A28)

■
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Proof of Result 4

Because the principal can choose either the no-AI benchmark (revealing no AI information)

or the full-AI-information benchmark (revealing all AI information) as feasible information

partitions, the profit under the optimal information partition weakly dominates profits under both

benchmarks. We now show that the optimal partition is in fact strictly superior.

Consider the partition defined by

q̂
H
= q̂H = ζL and q̂

L
= q̂L = ζH .

This partition separates the lowest-quality projects among those with Xq = H and the highest-

quality projects among those with Xq = L. Relative to the no-AI benchmark, it rejects low-

quality projects that the manager would otherwise approve and accepts high-quality projects that

the manager would otherwise reject, thereby strictly increasing expected project surplus.

By construction, q̃1 < supQ1 = ζL and q̃6 > inf Q6 = ζH . Moreover,

q̃3 > E[q | Xq = H] = ζH and q̃4 < E[q | Xq = L] = ζL.

These inequalities imply that the principal can strictly reduce the manager’s wage payments

while maintaining incentive compatibility.

In summary, the no-AI benchmark is strictly dominated by the partition constructed above

and therefore cannot be optimal.

For the full-AI-information benchmark, consider the partition

q̂
L
= q̂

H
=

µ∗

ηH
and q̂L = q̂H =

µ∗

ηH
.

Here µ∗ and µ∗ are the optimal thresholds under full AI information. This partition replicates

exactly the project approval and rejection decisions of the full-AI-information benchmark.

However, it strictly reduces the manager’s wage payments, since

q̃1, q̃4 < supQ1 = supQ4 =
µ∗

ηH
and q̃3, q̃6 > inf Q3 = inf Q6 =

µ∗

ηH
.
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Therefore, the full-AI-information benchmark is strictly dominated by the partition constructed

above and cannot be optimal. ■

Proof of Proposition 7

For a given value of q̂AI , the manager’s expectation µAM takes the value of ηH q̂AI if Xν = H ,

and ηLq̂AI if Xν = L. Every possible contract is dominated by one of the three wage schemes

described in the proposition.

Consider a contract where wS > 0, µ ⩽ ηH q̂AI , and µ ⩾ ηLq̂AI . Under this contract, the

manager approves if Xν = H and rejects if Xν = L. The principal’s expected profit is bounded

above by:

E[(µAM−c)1{a=A}|q̂AI ]− E[µAMwS1{a=A}|q̂AI ]− E[wR1{a=R}|q̂AI ]

=θν
(
ηH q̂AI−c

)
− µb

µ− µ

⩽θν
(
ηH q̂AI−c

)
− ηHk , (A29)

with equality if and only if wS = k
q̂AI

and wR = ηHk.

Similarly, for a contract where wS > 0 and µ > ηH q̂AI , or where wS = 0 and wR ⩾ b, the

principal’s profit is bounded above by:

θνφmax
{
ηH q̂AI−c, 0

}
− (1−θνφ)b− θνφb · 1{ηH q̂AI⩽c−b} (A30)

with equality if and only if wS = 0 and wR = b. Under this contract, the manager only approves

the project when private benefits are present and µAM > c− b.

For a contract where wS > 0 and µ < ηLq̂AI , or where wS = 0 and wR < b, the principal’s

profit is bounded above by:

θν
(
ηH q̂AI−c

)
+ (1−θν)φ

(
ηLq̂AI−c

)
+ (1−θν)(1−φ)max

{
ηLq̂AI−c, 0

}
(A31)
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with equality if and only if wS = 0 and wR = 0. Under this contract, the manager only rejects

the project when there is no private benefit and µAM < c. Given the bound for managerial bias

(6), the expression (A31) is lower than either (A29) or (A30).

Comparing (A29) and (A30), we obtain the optimal contract stated in Proposition 7. Summa-

rizing the analysis of the manager’s decisions, we obtain the manager’s action rule outlined in

this proposition. ■

Proof of Result 5

When the AI-provided estimate q̂AI satisfies q̂AI ∈
[

c
ηH

+ ηHk−(1−θνφ)b
ηHθν(1−φ) , 1

]
, the principal’s

expected profit is

θν(ηH q̂AI − c)− ηHb

ηH − ηL
.

If instead q̂AI ∈
[
0, c

ηH
+ ηHk−(1−θνφ)b

ηHθν(1−φ)

)
, the expected profit is −b, which is bounded below by

θν max{ηH q̂AI − c, 0} − ηHb

ηH − ηL
.

Thus, under the optimal AI-contingent contract, the principal’s profit satisfies

πContingent
B,AM > θν

∫ 1

0

max{ηH q̂AI − c, 0} dF (q̂AI)−
ηHb

ηH − ηL
.

Applying the argument from Proposition 3, which shows that for the convex function

max ηHq − c, 0, more precise AI information q̂AI yields a higher expectation than less precise

information Xq, we obtain

πContingent
B,AM > θν

∫ 1

0

max{ηH q̂AI − c, 0} dF (Xq)−
ηHb

ηH − ηL

= θν(ηHζH − c) · θq −
ηHb

ηH − ηL
⩾ πB,M .

The principal’s profit under the optimal AI-contingent contract surpasses the no-AI benchmark.

■
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