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Abstract

Generative AI has transformed content creation, enhancing efficiency and scalability across

media platforms. However, it also introduces substantial risks, particularly the spread of misin-

formation that can undermine consumer trust and platform credibility. In response, platforms

deploy detection algorithms to distinguish AI-generated from human-created content and label

it, but these systems face inherent trade-offs: aggressive labeling lowers false negatives (failing to

detect AI-generated content) but raises false positives (misclassifying human-created content),

discouraging truthful creators. Conversely, conservative labeling protects creators but weak-

ens the informational value of labels, eroding consumer trust. We develop a model in which

a platform sets the labeling threshold, consumers infer credibility from labels when deciding

whether to engage, and creators choose whether to adopt AI and how much effort to exert

to create content. A central insight is that equilibrium structure shifts across regimes as the

threshold changes. At low thresholds, consumers trust human labels and partially engage with

AI-labeled content, disciplining AI misuse and boosting engagement. At high thresholds, this

inference breaks down, AI adoption rises, and both trust and engagement collapse. Thus, the

platform’s optimal labeling strategy balances these forces, choosing a threshold that preserves

label credibility while aligning creator incentives with consumer trust. Our analysis shows how

labeling policy shapes content creation, consumer inference, and overall welfare in two-sided

content markets.
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1 Introduction

Generative artificial intelligence (AI) is transforming content creation at an unprecedented scale,

producing text, images, audio, and video with remarkable efficiency. From crafting marketing copy

and product descriptions to social media posts and even contributing to news articles, generative AI

greatly enhances efficiency and creativity. BuzzFeed, for example, has integrated AI-driven tools to

generate personalized articles at scale, significantly boosting user engagement. Similarly, marketing

firms, e-commerce platforms, and news agencies increasingly rely on AI to draft advertising copy,

product descriptions, and news summaries.

However, the ease with which AI can generate realistic and persuasive content also introduces

significant risks, especially the spread of misinformation. In practice, AI-generated misinformation

has already demonstrated its potential to undermine public trust and distort online discourse. For

instance, during the recent controversy surrounding Princess Kate Middleton, several AI-generated

photographs circulated widely on social media, fueling public confusion and speculation before offi-

cial clarifications emerged.1 Such incidents highlight how AI-generated content poses a direct threat

to consumer welfare by blurring the boundary between fact and fabrication, influencing consumer

beliefs, and ultimately undermining consumer trust in online content and platform credibility.

In response to these concerns, platforms such as Facebook, Instagram, TikTok, and LinkedIn

have begun deploying detection algorithms to distinguish human-created content from AI-generated

content.2 Although consumers often care about the truthfulness of content, platforms typically

cannot easily determine whether a piece of information is factually accurate or misinformation,

especially at scale. Even when fact-checking is possible, it requires substantial human resources,

domain expertise, and time to verify. This process is slow and labor-intensive, often allowing

misinformation to spread before corrective action can be taken. Moreover, truthfulness is inherently

subjective in many cases, such as opinion pieces, satirical content, or nuanced interpretations

of events, making automated ”fake news” scoring prone to bias, errors, and legal challenges, as

discussed in Lazer et al. (2018). For these reasons, platforms instead rely on indirect proxies:

detection algorithms that focus on identifying the origin of content (AI-generated vs. human-

created). These detection algorithms focus on identifying statistical patterns, linguistic features,

or metadata that are characteristics of AI-generated output. These features may include stylistic

1BBC News, March 11, 2024 “Kate Photo withdrawn by five news agencies amid ‘manipulation’ concerns.” https:

//www.bbc.com/news/uk-68526972
2See (1) https://about.fb.com/news/2024/02/labeling-ai-generated-images-on-facebook-instagram-and-t

hreads/, (2) https://newsroom.tiktok.com/en-us/partnering-with-our-industry-to-advance-ai-transpare
ncy-and-literacy, (3) https://www.linkedin.com/help/linkedin/answer/a6282984.
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inconsistencies, atypical word choice, or the absence of typical human writing nuances in text, as

well as unnatural texture patterns, irregularities in lighting and shading, distorted facial features, or

inconsistencies in background elements in images, artifacts commonly associated with the generative

AI process. Therefore, rather than adjudicating the truthfulness of content, platforms act as

gatekeepers, classifying and labeling content based on its likely origin. By labeling AI-generated

content, platforms aim to inform consumers about the potential risks associated with AI-generated

content.

A central challenge in deploying detection algorithms to label AI-generated content, essentially

a classification problem, is balancing two types of errors: false positives and false negatives. A

more aggressive labeling policy reduces exposure to AI-generated misinformation but increases false

positives, mistakenly flagging human-created content as AI-generated and potentially discouraging

legitimate creators. A more conservative policy mitigates false positives but raises the risk of false

negatives, failing to identify AI-generated content and potentially allowing misinformation to spread

undetected. These trade-offs have important implications for platform strategy, content quality,

and overall market outcomes. Moreover, labeling policies influence not only direct classification

outcomes but also consumer inferences about content authenticity. A more conservative policy may

foster widespread skepticism, even toward content labeled as human-created. Conversely, a more

aggressive policy may preserve engagement with flagged posts if consumers view misclassifications

as plausible. Through these mechanisms, labeling policies shape not only the mechanical outcomes

of classification but also consumers’ beliefs and strategic behavior across different labeling regimes,

ultimately affecting consumer engagement, content creation incentives, and overall welfare.

To analyze these issues, we develop a theoretical model of strategic interaction among three

key players: consumers, content creators, and the platform. On the demand side, consumers

derive utility only from high-engagement truthful content. Content engagement level is directly

observable when consumers view the content, but truthfulness is never verifiable. As a result,

consumers rely on platform-generated labels as signals of credibility and decide whether to engage

based on the observed engagement level and the label. In our model, engagement denotes the

consumer’s decision to allocate attention to view and interact with content. Once she engages, she

consumes the content and realizes utility. Thus, we use the terms engagement and consumption

interchangeably. This demand-side inference is central to shaping equilibrium outcomes on the

platform. On the supply side, there are two types of content creators: “truthful” creators, who

produce only truthful and authentic content, and “deceptive” creators, who generate fake content

and misinformation. These types are fixed and unobservable. Creators make two key decisions:
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how much effort to exert in content creation, and whether to adopt AI tools. Exerting effort

increases the likelihood of producing high-engagement content that appeals to consumers but incurs

a cost. AI tools reduce the cost of content creation by automating tasks such as drafting text,

generating images, or synthesizing ideas. This benefit applies to both types of creators, but it

also increases the likelihood of being flagged as AI-generated content by the platform’s detection

algorithm. Because misinformation can be made to appear high-engagement more easily since

persuasive effects can be generated through emotional or sensational framing without the effort

of ensuring factual accuracy, deceptive creators have an inherent advantage. We capture this

asymmetry by assuming that, for any given effort level, deceptive creators are more likely to produce

high-engagement content. The platform, operating in a two-sided market, intermediates between

creators and consumers using a probabilistic detection algorithm. Each piece of content is assigned a

score reflecting the likelihood of being AI-generated based on observable features, with AI-generated

content typically receiving higher scores. The platform then applies a threshold: content with a

score above the threshold is labeled as AI-generated, while content below is labeled as human-

created. This labeling threshold governs the trade-off between false positives (mislabeling human

content) and false negatives (failing to detect AI content). The platform sets the threshold to

maximize a weighted sum of consumer surplus and creator profits. This framework allows us

to characterize the platform’s optimal labeling policy while accounting for strategic behaviors on

both sides of the market. We examine whether and when detection can mitigate the spread of

misinformation, how AI/human labels shape consumer inference and engagement, and how platform

labeling strategy affects creator production effort and AI adoption decisions. Finally, we explore

how the optimal labeling threshold changes as generative AI and detection technologies evolve.

We begin with a benchmark where AI usages are perfectly observed by consumers to high-

light the signal role of AI adoption. We find that perfect observability prevents any divergence

in AI adoption strategies across creator types, as deceptive creators will be fully identified and

punished through consumer disengagement, leading only to pooling outcomes where both creator

types uniformly adopt or abstain from AI depending on adoption costs. This clarifies the value of

the platform’s imperfect detection in the main model, which enables noisy signaling, endogenous

association between AI and deception, and richer semi-separating equilibria.

We then extend the model to incorporate platform detection, where content is probabilistically

labeled as AI- or human-generated. These labels influence consumer inference only when AI adop-

tion differs across creator types, which arises under moderate AI costs. In this regime, truthful

creators do not adopt AI, but deceptive creators use AI probabilistically, making the AI label
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a noisy signal of misinformation. More importantly, detection supports a set of semi-separating

equilibria, where the nature of the equilibrium shifts as the labeling threshold changes. Under a

low labeling threshold (aggressive), AI-generated misinformation is less likely to be mislabeled as

human-created (i.e., the false negative rate is low), making the human label a credible signal of

authenticity. Consumers always engage with human-labeled content, but engage with AI-labeled

content probabilistically—they sometimes engage and sometimes do not. We refer to this as the

semi-A equilibrium, where the AI-labeled content is partially trusted. As the labeling threshold

rises (a conservative policy), the equilibrium structure undergoes a regime shift: human-created

content is now rarely mislabeled (i.e., the false positive rate is low), so the AI label becomes a

stronger signal of misinformation. We refer to this regime as the semi-H equilibrium. In this semi-

H regime, consumers avoid AI-labeled content entirely and engage with human-labeled content

probabilistically. This endogenous shift in equilibrium structure is central to understanding how

labeling policy shapes outcomes.

Our first contribution is to show how a signaling-like outcome can arise in the context of

AI-generated content detection on platforms, where AI-labeled content is more likely to be fake,

and a human label serves as a signal of honesty. Unlike standard signaling models in which costly

actions such as advertising or pricing are perfectly observed by consumers and are often exogenously

wasteful, creators’ AI adoption in our setting is unobservable and only imperfectly conveyed through

platform labeling. As a result, signaling does not operate through a deliberately chosen and publicly

observed signal, but emerges endogenously from differential AI adoption incentives across creator

types and consumer inference under imperfect information. In our model, although AI lowers the

marginal cost of effort for both types, deceptive ones gain a higher return from effort in crafting

high-engagement content because they are unconstrained by factual accuracy. This asymmetry

inclines deceptive creators toward AI adoption, generating an endogenous association between

AI usage and deception, under which truthful creators forgo AI to preserve credibility, deceptive

creators exploit it for cost advantages, and consumers rationally discount AI-labeled content. Such

an endogenous association can not only explain consumers’ AI aversion even in the absence of any

primitive dislike of AI-generated content, but also motivate and justify the use of labeling policies

to combat misinformation in practice.

Building on these equilibrium patterns, our analysis yields several key insights into how plat-

form labeling policy shapes market outcomes. First, the labeling threshold’s effect on consumer

engagement is shaped by the equilibrium regime it induces. When the threshold lies in the semi-A

region, such an aggressive labeling policy lowers false negatives, strengthens the informativeness
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of the human label, and disciplines AI adoption by deceptive creators, leading to higher consumer

engagement. However, once the threshold crosses into the semi-H region (i.e., very high thresh-

old), such a conservative labeling policy erodes label informativeness, raises AI adoption, and

diminishes engagement. This highlights the importance of anticipating regime shifts in designing

labeling policies. Second, the mechanism driving these patterns is consumer inference. Detection

labels influence how consumers assess content credibility, which in turn shapes their engagement

decisions. Creators respond to these demand-side signals: when AI usage can be inferred from

labels, deceptive creators face lower returns to AI adoption, reducing misinformation. But when

labeling becomes too aggressive or too conservative, inference breaks down, and strategic misuse

of AI intensifies. Third, these strategic feedback effects imply that detection conservativeness does

not always benefit creators. We show that while a high threshold reduces misclassification risk of

human-created content, it can also depress engagement and profits by weakening label credibility.

Finally, the platform’s optimal threshold balances these forces: it neither minimizes false positives

nor false negatives alone, but simultaneously maximizes the informational value of labels to align

creator incentives with consumer trust.

We further explore five extensions to examine additional platform design implications and

demonstrate the robustness of the model. First, improvements in detection accuracy enable plat-

forms to adopt more conservative thresholds without eroding credibility. Second, as AI adoption

costs decrease, more aggressive oversight is required to preserve engagement and welfare. Third,

disclosing continuous AI scores rather than binary labels leads to higher deceptive AI adoption and

lower consumer surplus, implying the strategic advantage of coarse binary labeling. Finally, the

last two extensions show that the main results—particularly the endogenous association between

AI and misinformation—remain robust when creator types are endogenous and when deceptive

content provides partial positive utility to consumers.

The remainder of the paper is organized as follows. Section 2 reviews the related literature.

Section 3 presents the model. Section 4 analyzes the benchmark case with perfectly observed AI

usage. Section 5 characterizes the equilibrium of the main model and examines the platform’s

optimal labeling strategy. Section 6 provides extensions, and Section 7 concludes.

2 Literature Review

Our research connects to multiple strands of literature at the intersection of algorithmic design,

platform strategy, content moderation, and AI-generated content. First, our work relates to the
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literature on algorithm design and the economic implications of algorithms. Some work considers

a principal’s algorithm design problem in the presence of strategic agents who can manipulate the

information provided to algorithm (Eliaz and Spiegler, 2019; Björkegren et al., 2020), while other

research investigates the strategic interaction between multiple algorithms (Liang, 2019; Salant and

Cherry, 2020; Montiel Olea et al., 2022) or between firms deploying algorithms, such as demand

prediction algorithms (Miklós-Thal and Tucker, 2019; O’Connor and Wilson, 2021), and pricing

algorithms (Calvano et al., 2020; Hansen et al., 2021; Klein, 2021; Brown and MacKay, 2023). In

addition, current literature also explores the impact of predictive AI and recommender systems on

user beliefs and behavior (Che and Hörner, 2018; Zhong, 2023; Zhou and Zou, 2023; Choi et al., 2024;

Wang, 2025; Ning et al., 2025). In contrast to the recommendation setting, our detection algorithm

does not steer consumer choice directly but instead alters beliefs about content authenticity, thereby

shaping equilibrium inference, AI adoption, and effort decisions.

Our study also contributes to the literature on the firms’ strategic design of algorithms and

inherent tradeoffs. Cao et al. (2024) investigate the exploration and exploitation tradeoff in rec-

ommendation algorithms and show that a monopolistic firm has a stronger incentive to explore

consumers’ interests than competing firms. Iyer and Ke (2024) study the bias-variance tradeoff

in model selection of algorithmic target advertising and find that competing firms adopt biased

algorithms to soften competition. Closely related to our work, Iyer et al. (2026) examine the pre-

cision and recall tradeoff in targeting, conceptually analogous to the false positives-false negatives

tradeoff: higher precision reduces false positives at the cost of lower recall. They show that firms

favor high-precision but low-recall algorithms to reduce competition. We extend this line by mod-

eling detection as a platform-level intervention: a probabilistic classifier that shapes equilibrium

outcomes on two-sided markets through strategic consumer inference and creator behavior.

A growing literature examines content platforms hosting user-generated or decentralized con-

tent, often through the lens of two-sided markets. These studies explore how to influence content

creation incentives by revenue sharing (Jain and Qian, 2021), recommendation (Qian and Jain,

2024; Zou et al., 2025), or promotion (Ren, 2024). Some research has shown that platforms can

provide extra information and influence market outcomes through certification or endorsement (Hui

et al., 2023; Bairathi et al., 2025; Chen et al., 2025). Our model contributes to this literature by

showing how detection systems, through platform certificates such as labeling, act as powerful

levers of platform control. Rather than removing content or banning users, the platform classifies

content with varying error probabilities and influences both sides of the market: it affects creators’

incentives to adopt AI and exert effort, and alters consumer beliefs about content credibility.
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Our paper also enriches the broader literature on content moderation and misinformation de-

tection. Prior work examines centralized versus decentralized enforcement (Wu, 2024; Chang et al.,

2024), trade-offs between moderation and user growth (Liu et al., 2022), and balancing consumer

engagement and ad revenue (Madio and Quinn, 2024). Related studies on deceptive advertising

demonstrate that stricter penalties on firms’ deceptive statements may harm consumer surplus by

incentivizing firms to invest in more sophisticated deceptiveness (Wu and Geylani, 2020) or by

enhancing firms’ pricing power (Rhodes and Wilson, 2018). While much of this literature focuses

on hard interventions like censorship or content removal, we highlight indirect governance through

labeling. Rather than judging truth directly, platforms use imperfect classifiers to signal content

origin, allowing consumers to interpret these signals strategically. Shin and Yu (2021) also study

how imperfect binary signals influence belief updating and consumer demand. Relatedly, Yang

et al. (2024) examine false positives and false negatives in a communication game, where a disinfor-

mation detector affects a sender’s incentive to lie. This links to recent work on diagnostic testing

by Dai and Singh (2025), who study how labs set diagnosis thresholds by weighing false positives

against false negatives. In parallel, we show that platforms optimize the labeling threshold not

for accuracy alone, but to manage the economic consequences of consumer inference and creator

behavior in a two-sided market.

Finally, we contribute to the emerging literature on AI-generated content and its detection.

Some works explore the capabilities of AI in areas such as content creation and personalized adver-

tising (Kapoor and Kumar, 2025). Notably, Zou et al. (2026) studies the welfare consequences of

generative AI in content production under limited consumer attention, where AI-generated content

crowds out human content. Our model also treats AI as a productivity-enhancing technology, but

generates an endogenous association between AI usage and misinformation, which is the central

mechanism of the paper. Other work investigates the detectability of machine-generated reviews

and their impact on trust and persuasion in digital platforms (Crothers et al., 2023; Ma and Luo,

2024; Shin et al., 2026). In contrast, we consider the potential negative consequences of AI usage

on misinformation creation and offer insights into the optimal labeling strategies of AI-generated

content for content platforms.

3 Model Setup

We study a content platform that intermediates interactions between unit masses of creators and

consumers. Creators produce content for user consumption, but not all content is equally valu-
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able: consumers care about both engagement level (e.g., narrative coherence, emotional resonance)

and authenticity. While engagement level is revealed upon consumption, authenticity, specifically

whether content contains misinformation, is not directly observable. This asymmetry creates un-

certainty for consumers and poses a design problem for the platform: how to supply information

to consumers through detection algorithms that label content as AI- or human-generated.

Creator Types and Content Production

In our model, content is characterized along two dimensions: engagement level and authenticity.

The engagement dimension captures attributes such as newsworthiness as well as clarity, coherence,

and polish, which directly influence consumer enjoyment. The authenticity dimension, orthogonal

to engagement, reflects whether the content is truthful or misinformation. This two-dimensional

structure underscores that content varies both in its engagement level and truthfulness, and both

dimensions jointly determine its value to consumers.

Building on this foundation, we model creator heterogeneity along the authenticity dimension.

Each creator is of type j ∈ {T, D}: a fraction λ ∈ (0, 1) are “truthful” creators (j = T ) who

exclusively produce truthful and authentic content, while the remaining 1 − λ are “deceptive”

creators (j = D) who generate only fake content and misinformation. This dichotomy captures

a structural distinction in the creator population: some consistently aim to inform and engage

audiences with credible material, while others rely on sensational or misleading content to attract

attention or extract value. A creator’s type is private information, but the overall distribution,

λ = Pr(j = T ), is common knowledge among all agents, including consumers and the platform.

Each creator chooses an effort level ej ∈ [0, 1] and decides whether to adopt AI tools aj ∈ {0, 1}

that reduce the cost of content generation.3 Higher effort increases the probability of producing

high-engagement content, defined as content that appeals to consumers along observable dimensions

such as clarity, coherence, or emotional resonance. A type-j creator who exerts effort ej produces

engagement level q with the following probabilities:

3In practice, AI adoption takes two main forms: assistive use, where creators leverage tools for supportive tasks
such as editing drafts and enhancing clarity; and generative use, where AI tools produce substantial content such
as drafting full articles or synthesizing images. Platforms, such as Meta, typically prioritize labeling generative
outputs due to their higher detectability and greater misinformation risks, while often allowing assistive usage without
labeling. For analytical tractability, our model focuses on generative AI adoption and represents it as a binary choice.
Distinguishing between assistive and generative modes of adoption, and their implications for creator incentives and
label informativeness, is an important direction for future work.
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q =

q with probability ηj · ej ,

q = 0 otherwise,

where ηT = 1 for truthful creators and ηD = r > 1 for deceptive creators.4 The parameter

r > 1 reflects the fundamental asymmetry that deceptive creators do not face the constraint

of factual accuracy. Because they are free to invent narratives, they can make content appear

more engaging through tactics such as sensationalized framing and emotional triggers, without

incurring the effort required to ensure accuracy. By contrast, truthful creators must invest effort

not only in presentation but also in maintaining fidelity to facts. This gives deceptive creators

an inherent advantage: for the same effort level, they are more likely to generate content that

appears high-engagement, even if it is false. This asymmetry is consistent with empirical evidence:

misinformation spreads faster and more broadly than truthful content due to novelty and high-

arousal emotions such as fear, disgust, and surprise (Vosoughi et al., 2018); fake news systematically

exploits psychological mechanisms (novelty, emotional arousal, partisan congruence) that truthful

content cannot easily match to trigger engagement (Pennycook and Rand, 2021).

The cost of effort is quadratic and depends on whether the creator adopts AI:

C(e; a) = c(a) · e
2

2
, where c(a) =

c if a = 0

c/θ if a = 1

,

where c denotes the baseline marginal cost of effort, and θ > 1 captures the relative efficiency gain

from AI, where the cost of effort is assumed to be sufficiently large c > r2 · θ to ensure that all

equilibrium effort choices remain interior. For example, θ = 2 implies that AI reduces the marginal

cost of effort by half. This reflects the assumption that AI tools enhance efficiency by lowering the

marginal cost of generating high-engagement content5. In addition, creators who adopt AI incur a

4If ηT > ηD, the equilibrium behaviors of creators and consumers are reversed: truthful creators become at least as
likely as deceptive creators to adopt AI, and AI usage can become endogenously associated with truthful rather than
deceptive content. Consequently, consumers are more willing to engage with AI-labeled content than human-labeled
content, and the polarity of the labeling mechanism flips, with the AI label, rather than the human label, becoming
the credible signal of authenticity. The platform can still influence consumers’ and creators’ behavior through the
informativeness of labels by adjusting the threshold. In other words, the underlying mechanism — platform labeling
generating an endogenous association between AI usage and one creator type, which underpins the signaling role of
labels — does not depend on which type holds the productivity advantage. The role of ηD > ηT is in determining
which label serves as the credibility signal in practice, not whether such a signaling structure arises at all. We
note this reversed case for completeness, although it does not realistically describe online content markets, where
misinformation has consistently been shown to be easier to present as engaging than factual content.
5We model AI as a cost-reducing technology to isolate the inference effects of labeling in the simplest possible

environment. AI can also affect content creation along other dimensions, such as personalization or targeted content
generation. Incorporating these richer capabilities would substantially complicate the analysis and we discuss them
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fixed cost K > 0. This structure captures the productivity benefit of AI: while using AI requires

upfront investment, it enables more efficient content production by reducing the cost of exerting

effort.

Creators benefit from attracting consumer engagement, which translates into both economic

incentives (e.g., ad revenues, subscription fees) and non-economic motivations such as social influ-

ence or recognition. We normalize the revenue per unit of consumer engagement to one, so a type-j

creator’s total revenue is equal to the total consumer demand for their content, denoted by Qj .

Therefore, the profit for a type-j creator is given by,

πj(ej , aj) = Qj − C(ej ; aj)− aj ·K.

Consumer Utility

Consumers randomly pick one piece of content and derive utility only if the content is both high-

engagement and truthful. They enjoy visually polished, well-crafted, and informative content, but

also care deeply about its authenticity. Accordingly, we assume that consumers receive utility

u = q from high-engagement content (q) only if it is produced by a truthful creator, and zero oth-

erwise6. This reflects the idea that while superficial appeal may attract initial attention, credibility

ultimately matters. Misinformation, even when engaging in form, can cause tangible harm.7 We

therefore model consumers as forward-looking agents who value not just content engagement, but

also informational integrity.

While content engagement q is revealed upon observing the content, the creator type (and thus

the content authenticity) is not. Consumers infer authenticity from observable signals, specifically

the platform-generated label indicating whether content is likely AI- or human-created, and update

their belief accordingly. Consumers have an outside option with vo > 0. They choose to engage

with content only when their expected utility based on posterior belief exceeds vo:

E[u|q, L] = q · Pr(j = T |q, L) ≥ vo,

as directions for future work in the Conclusion.
6A natural extension would consider misinformation imposing harm ϕ > 0 on consumers, (e.g., distorting voting

behavior or eroding societal trust). Consumers then engage with high-engagement content if and only if µq̄ + (1 −
µ)(−ϕ) ≥ vo, or equivalently µ ≥ vo+ϕ

q̄+ϕ
. This effectively replaces q̄ with q̄ + ϕ and vo with vo + ϕ in the consumer’s

belief threshold. Since vo < q, this raises the engagement threshold, reduces consumers’ willingness to engage, and
strengthens the value of labeling policies without altering the equilibrium structure.
7For example, misinformation about COVID-19 treatments led to widespread confusion and adverse health outcomes

(Bridgman et al., 2020). See also Allcott and Gentzkow (2017) on the influence of fake news during elections.
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where L is the label assigned by the platform, which affects consumers’ beliefs. This structure

introduces an inference problem: consumption decisions depend on how credible each label is as a

signal of truthfulness, which in turn depends on creators’ equilibrium strategies and the platform’s

labeling rule.

Algorithmic Detection

The platform uses a probabilistic detection algorithm that assigns each content a score s ∈ [0, 1],

indicating the predicted probability that it was AI-generated. The score distribution depends on

the true source of content: AI-generated content yields scores drawn from a cumulative distribution

FA(s) with density function fA(s), while human-created content yields scores drawn from FH(s)

with density fH(s). We assume the monotone likelihood ratio property (MLRP): higher scores are

more indicative of AI generation. Formally, for s2 > s1,

fA(s2)

fH(s2)
>
fA(s1)

fH(s1)
.

This property ensures that higher values of s are more likely to originate from AI-generated content,

capturing the statistical relationship between AI usage and the algorithm’s signal.

Based on this score, the platform sets a threshold x ∈ (0, 1) to classify content and assign a

binary label (L ∈ {LA, LH}): content with s > x is labeled as AI-generated (L = LA), while content

with s ≤ x is labeled as human-created (L = LH).8 Because the classification is imperfect, the

platform faces a fundamental trade-off between false positives (mislabeling human content as AI-

generated) and false negatives (failing to detect AI-generated content). Specifically, the probability

of a false positive is 1−FH(x), and the probability of a false negative is FA(x). Raising the threshold

x reduces the false positives but boosts the false negatives, and vice versa. Table 1 summarizes the

labeling outcomes by content origin and label assignment.

Label

Human (L = LH) AI (L = LA)

AI Usage
Human-generated (a = 0): FH True Negative: FH(x) False Positive: 1− FH(x)

AI-generated (a = 1): FA False Negative: FA(x) True Positive: 1− FA(x)

Table 1: Labeling Outcomes Based on Threshold x

8The main model focuses on the labeling threshold x as the platform’s key decision variable. In extension 6.1, we
extend the model to examine how changes in the FA and FH affect the platform’s decision.

11



Platform’s Objective

As platforms often rely on creators to produce content and monetize consumer engagement, we

consider the platform chooses the labeling threshold x to maximize a weighted sum of consumer

surplus and type-T creator profits,

Π(x) = w · CS + (1− w) · πT ,

where w ∈ [0, 1] captures the platform’s relative emphasis on consumer surplus versus creator-

side incentives.9 Consumer surplus CS is defined as the expected utility from consumed content

CS ≡ E[u|q, L]. A consumer engages with content if their expected utility exceeds an outside

option v0. Thus, surplus reflects the value derived from consumption, accounting for both content

engagement and credibility as inferred through platform labels.

Strategies, Timing, and Equilibrium Concept

We analyze a symmetric Perfect Bayesian Equilibrium in which all agents of the same type adopt

identical strategies. A type-j ∈ {T, D} creator’s strategy is defined by a (possibly mixed) choice

over AI adoption and effort level, represented by a probability distribution σj(a, e) ∈ ∆({0, 1} × [0, 1]).

On the demand side, consumers choose a strategy δc = (δH , δA) ∈ [0, 1]2, where δH and δA denote

the probability of consuming high-engagement content labeled as human-created (LH) and as AI-

generated (LA), respectively. Consumers form beliefs about the content’s type based on labels and

maximize expected utility conditional on those beliefs.

The timing of the game unfolds as follows. In the first stage, the platform sets its detection

algorithm by choosing a classification threshold x ∈ (0, 1). Given this threshold, creators then

decide whether to adopt AI tools and how much effort to exert in content creation in the second

stage. Once content is produced, the platform applies its detection algorithm to label content as

either AI-generated or human-created in the third stage. Finally, consumers randomly pick one

piece of content from the platform, observe its realized engagement level and label, form beliefs

about the content’s source, and decide whether to engage10. Payoffs are realized at this final stage.

Figure 1 summarizes the game sequence.

9We will later show that the platform’s optimal labeling strategy is invariant to the choice of w, and that including
type-D creators’ profits in the platform’s payoff does not affect the result.
10Note that this random exposure assumption is adopted for analytical simplicity and does not qualitatively alter our
results. Intuitively, as long as consumers have limited attention and will not consume all available content, they must
choose what to engage with based on their beliefs about content truthfulness; they would still set a belief threshold
and consume only content above that threshold.
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Stage 1:

Algorithm design

Stage 2:

Creator decision

Stage 3:

Detection and labeling

Stage 4:

Consumer decision Outcome

Platform sets the
labeling cutoff x

Creator j

Imperfect detectionCreator j’s strategy σj Consumers’ strategy (δH , δA)

Use AI:
(1, ej(1))

Not use AI:
(0, ej(0))

LA

LH

Consume:
CS = q · 1(j = T ),
πj = 1− C(ej ; aj)− ajK

Not consume:
CS = vo,
πj = −C(ej ; aj)− ajK

Figure 1: Timing of the Game

In the creators-consumers subgame (given any labeling strategy x set by the platform), we focus

on Perfect Bayesian Equilibrium, in which the platform’s labels may serve as a noisy signal for the

type of creator. Given the fraction of truthful creators λ, the creators’ anticipated strategies σ̃j for

j ∈ {T,D}, and the observed label L ∈ {LA, LH}, consumers update their posterior beliefs using

Bayes’ rule whenever plausible. Formally, the resulting equilibrium must satisfy three conditions:

(i) each individual type-j creator’s strategy σj maximizes her profit given the consumer’ strategy

δc = (δH , δA) and the strategy of the other creators σj′ of both types j ∈ {T,D}; (ii) the consumer

maximizes expected utility given beliefs and the equilibrium strategies of both creator types σ∗j for

j ∈ {T,D}; and (iii) beliefs are updated consistently with Bayes’ rule wherever possible.

Multiple equilibria may exist in this subgame. To refine the subgame equilibria, we apply a

Pareto-dominance criterion: an equilibrium is eliminated if there exists another subgame equilib-

rium that all three parties (truthful creators, deceptive creators, and consumers) weakly prefer,

with at least one party strictly better off.

4 Benchmark: Perfectly Observed AI Adoption

We begin our analysis by examining a benchmark where consumers perfectly observe creators’ AI

adoption decisions, but the platform does not employ any detection algorithm. This allows us to

isolate the strategic interaction between creators and consumers, highlighting the signaling role of

AI adoption decisions. In this environment, consumers observe both the realized engagement level of

13



the content and whether it was AI-generated or human-created. Consequently, upon encountering

high-engagement content q, consumers must update their beliefs about its authenticity based on

the observed AI usage and the anticipated equilibrium behavior of creators.

Specifically, let σ̃j(a, e) denote the anticipated strategy of a type-j ∈ {T,D} creator, defined

over AI adoption decision a ∈ {0, 1} and effort level e ∈ [0, 1]. We introduce the following notations:

āj = Pr(aj = 1) = Eσ̃j
[aj ]

ēj(a) = Eσ̃j
[e | a]

where āj is the probability that a type-j creator adopts AI, and ēj(a) is the expected effort level

conditional on AI adoption a ∈ {0, 1}. The expectations are taken over the probability measure

induced by the strategy σj(a, e), which accommodates both continuous distributions and mass

points when effort is chosen discretely. Given this, the probabilities that a type-j creator produces

high-engagement content conditional on AI adoption are:

Pr(q = q | j, aj = 1) = ηj · ēj(1) and Pr(q = q | j, aj = 0) = ηj · ēj(0),

where ηT = 1 and ηD = r > 1, capturing the idea that deceptive creators more easily produce

superficially high-engagement (but fake) content. Because consumers observe AI adoption perfectly,

and thus the AI adoption becomes a clean signal of content authenticity, their beliefs about content

authenticity are conditional on the observed AI usage. Specifically, a consumer’s beliefs that a high-

engagement piece of AI-generated content is from a truthful creator and that for human-created

content are:

µA(σ̃) =
λāT ēT (1)

λāT ēT (1) + (1− λ)āDrēD(1)
, µH(σ̃) =

λ(1− āT )ēT (0)

λ(1− āT )ēT (0) + (1− λ)(1− aD)rēD(0)
.

In equilibrium, σ̃ will coincide with creators’ equilibrium strategy σ, and thus a consumer will

consume high-engagement AI-generated content if and only if µA(σ̃)q− vo ≥ 0 and human-created

content if µH(σ̃)q−vo ≥ 0. Given this decision rule (i.e., consumer strategy δc = (δH , δA)), creators

choose effort to maximize profits. The optimal effort levels under each AI adoption decision are:

eT (0; δc) = argmax
eT

{
eT δH − c

2
e2T

}
=
δH
c
, eT (1; δc) = argmax

eT

{
eT δA − c

2θ
e2T

}
=
θδA
c
.

eD(0; δc) = argmax
eD

{
reDδH − c

2
e2D

}
=
rδH
c
, eD(1; δc) = argmax

eD

{
reDδA − c

2θ
e2D

}
=
rθδA
c

.
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Because creators choose from a discrete set of actions in equilibrium, we slightly abuse notation

by letting σj = (āj , ej(1), ej(0)) denote a type-j creator’s strategy, where āj is the probability of

adopting AI, and ej(1) and ej(0) denote effort levels with and without AI, respectively.

We next characterize equilibria in this benchmark. Notably, perfect observability prevents

any divergence in AI adoption strategies across creator types. Suppose, for contradiction, that

a pure-strategy separating equilibrium exists in which truthful creators avoid AI while deceptive

creators adopt it. Consumers would then rationally infer that AI-generated content comes solely

from deceptive creators and reject it. Deceptive creators would then deviate by mimicking truthful

creators and avoiding AI. Analogously, the separating equilibrium in which truthful creators adopt

AI while deceptive creators avoid AI cannot exist. Similarly, no semi-separating equilibrium can

exist where truthful creators adopt AI āT > 0, and deceptive creators mix 0 < āD < 1. In this,

AI-generated content would still be solely attributed to deception.11 Therefore, deceptive creators

must mimic truthful ones to maintain consumer engagement, resulting in uniform AI adoption.

Thus, we focus on pooling equilibria. To guarantee the equilibrium uniqueness, we further adopt

the D1 criterion to rule out equilibria that rely on unreasonable off-equilibrium-path beliefs in this

benchmark. When the share of truthful creators λ is sufficiently high, consumers are optimistic

and always consume high-engagement content. Under these conditions, both types of creators may

find it optimal to adopt the same AI adoption strategy, resulting in pooling equilibria. Two such

equilibria arise depending on the cost of adopting AI (K). If K is relatively small, there exists

a pooling equilibrium where all creators adopt AI tools, āT = āD = 1. We refer to this as the

“Pool−1” equilibrium. Conversely, if K is high, a pooling equilibrium arises in which neither type

adopts AI, i.e., āT = āD = 0, which we denote “Pool − 0”. These equilibria can be supported

by the off-equilibrium-path belief µ = 0 upon observing content created using a method deviating

from the equilibrium strategy. A third pooling equilibrium, “Pool−∅′′, also exists in which creators

exert no effort and consumers choose not to consume δc = 0, leading to market collapses. However,

this equilibrium is strictly Pareto-dominated whenever other equilibria exist. Lemma 1 formalizes

the equilibrium outcomes in this benchmark setting.

Lemma 1. There are three different types of pooling equilibria. Let K ≡ θ−1
2c and λ ≡ r2vo

r2vo+(q−vo)
.

(1) (Pool-1) If λ ≥ λ and 0 < K ≤ K, a pooling equilibrium exists with δA = 1, āT = āD = 1,

eT (1) = θ/c, and eD(1) = rθ/c.

11There exists another possible semi-separating equilibrium in which the truthful creators mix 0 < aT < 1, and
deceptive creators always use AI aD = 1. However, this equilibrium can only exist when K is small and is Pareto-
dominated by the Pool-1 equilibrium. We discuss this case in Appendix.
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(2) (Pool-0) If λ ≥ λ and K > K, a pooling equilibrium exists with δH = 1, āT = āD = 0,

eT (0) = 1/c, and eD(0) = r/c.

(3) (Pool-∅) For any λ, there always exists a pooling equilibrium where δc = 0 and no effort or AI

adoption.12 This outcome is Pareto-dominated when other equilibria are feasible.

Figure 2: Equilibrium of Creators-Consumers Subgame with Perfectly Observed AI-Adoption

Figure 2 summarizes which equilibrium regions arises, highlighting the impossibilities of sepa-

rating or semi-separating equilibria. When consumers can perfectly observe AI adoption decisions,

deceptive creators must mimic truthful ones to maintain consumer engagement. Thus, perfect

observability of AI adoption does not make AI usage an informative signal of authenticity in equi-

librium.

Throughout the following main analysis, we focus on the intermediate range of λ by making the

following assumption, where consumers remain skeptical about the truthfulness of high-engagement

content and the benchmark outcome collapses to pooling equilibria. This modeling choice allows us

to concentrate on the region where algorithmic labeling is most consequential for shifting market

equilibrium behavior.13

Assumption 1. λ < λ < λ̃.

12One can assume that upon observing a high-engagement piece of content, µ̃ = Pr(j = T | q) = 0 for supporting
this Pool-∅ equilibrium.
13In the online Appendix, we analyze cases where λ is either very low (λ < λ) or very high (λ > λ̃). In either case,
the platform’s detection algorithm does not affect consumers’ consumption decisions (except the case when λ is not
extremely high, where a separating equilibrium can arise. Even in this separating equilibrium, creators’ AI adoption
strategies and consumers’ consumption strategy are fixed regardless of the platform’s labeling threshold).
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5 Main Model: Platform Detection

We now analyze the main model in which consumers do not know whether the content was AI-

generated or human-created and the platform deploys the detection algorithm, which classifies con-

tent as either human-created (LH) or AI-generated (LA). The platform chooses a labeling threshold

x ∈ (0, 1), which determines how aggressively the algorithm flags content as AI-generated. This

threshold affects not only the distribution of labels observed by consumers but also the inference

they draw from those labels, thereby affecting the creators’ incentives.

The platform’s detection algorithm assigns each piece of content a score indicating the likelihood

that it was AI-generated. These scores follow different distributions depending on the content’s

true origin: FA(s) for AI-generated content and FH(s) for human-created content. The platform

classifies content as AI-generated (LA) if its score exceeds the threshold x, and as human-created

(LH) otherwise. Two key functions characterize the algorithm’s classification accuracy. The cu-

mulative distribution function FH(x) denotes the probability that human-created content receives

a score below the threshold x, and is therefore (correctly) labeled as LH . Conversely, FA(x) is the

probability that AI-generated content also falls below x and is thus (incorrectly) labeled as LH .

These functions jointly determine the accuracy and credibility of content labeling. A lower

threshold reduces false negatives by decreasing FA(x), meaning fewer AI-generated contents are

mislabeled as human. However, it simultaneously increases false positives by decreasing FH(x),

meaning more human-generated content is mislabeled as AI. Conversely, a higher threshold raises

false negatives as FA(x) increases, and decreases false positives (1 − FH(x)) as FH(x) increases.

The platform thus faces a fundamental trade-off between minimizing false positives and minimizing

false negatives. These relationships are summarized in Table 2.

Labeling Threshold FH(x) FA(x)
False Positives
(1− FH(x))

False Negatives
(FA(x))

Lower x (More Aggressive) Decreases (↓) Decreases (↓) Increases (↑) Decreases (↓)

Higher x (More Conservative) Increases (↑) Increases (↑) Decreases (↓) Increases (↑)

Table 2: Effect of Labeling Threshold on Classification Outcomes

This classification trade-off has direct implications for consumer beliefs and the informativeness

of content labels. A lower threshold enhances detection aggressiveness but increases false positives,

potentially eroding informativeness in the AI label (LA) as more human-created content is misclas-

sified. A higher threshold reduces false positives but allows more AI-generated content to evade
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detection, weakening the reliability of the human label (LH). In either extreme, label credibility

deteriorates, diminishing the informativeness of labels and impairing consumers’ ability to assess

content authenticity. These shifts in belief, in turn, influence consumers’ engagement decisions and

alter creators’ strategic choices about AI adoption and effort. In the remainder of this section, we

analyze how the platform’s choice of labeling threshold shapes equilibrium outcomes by interacting

with consumer inference and creator incentives.

5.1 Labeling Threshold, Belief Updating, and Incentives

We now examine how the platform’s labeling threshold x shapes the informativeness of content

labels and how that, in turn, affects consumer inference and strategic creator behavior. Although

creators move first in the game, their decisions are shaped by expectations of how consumers will

interpret content labels. These labels, in turn, are probabilistic signals generated by the detection

algorithm based on the platform’s chosen threshold x.

The labeling mechanism assigns either LH (human-created) or LA (AI-generated) to any high-

engagement content based on the content’s detection score. Recall that FH(x) is the probability that

human-generated content is labeled as LH , while FA(x) is the probability that AI-generated content

is mistakenly labeled LH . Upon seeing a label L ∈ {LH , LA} attached to high-engagement content,

the consumer updates her posterior beliefs about whether it was created by a truthful creator based

on these classification probabilities and anticipated creator behavior σ̃. Let mj(H) and mj(A)

denote the probability that a type-j ∈ {T,D} creator generates high-engagement content labeled

as LH and LA, respectively. These probabilities depend on the creator’s AI adoption probability

aj , expected effort level ēj(a), and the accuracy under the detection algorithm, FH(x) and FA(x).

For example, mT (H) accounts for two possibilities: a type-T creator (i) uses AI, generates high-

engagement content with probability āT ēT (1), and the algorithm misclassifies it as human-created

with probability FA(x); or (ii) the creator does not use AI, generates high-engagement content with

probability (1− āT )ēT (0), and the algorithm correctly labels it as human-created with probability

FH(x). The sum of these two cases gives mT (H). The other entries follow analogously. Table 3

summarizes all four labeling probabilities.

L = LH L = LA

j = T āT ēT (1)FA(x) + (1− āT )ēT (0)FH(x) āT ēT (1)(1− FA(x)) + (1− āT )ēT (0)(1− FH(x))
j = D r [āDēD(1)FA(x) + (1− āD)ēD(0)FH(x)] r [āDēD(1)(1− FA(x)) + (1− āD)ēD(0)(1− FH(x))]

Table 3: Probabilities of Content Labeling mj(L)
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Using these expressions, we can calculate consumers’ posterior beliefs: µH(x) as the probability

that human-labeled high-engagement content is truthful, and µA(x) as the probability that AI-

labeled high-engagement content is truthful.14

µH(x) =
λmT (H)

λmT (H) + (1− λ)mD(H)
, µA(x) =

λmT (A)

λmT (A) + (1− λ)mD(A)
. (1)

Proposition 1 (Consumer Inference and Label Informativeness). Labels are strictly informative;

that is, µH(x) > µA(x) if and only if

(1− āT )ēT (0)

āT ēT (1) + (1− āT )ēT (0)
>

(1− āD)ēD(0)

āDēD(1) + (1− āD)ēD(0)
. (2)

Under this condition, both µH(x) and µA(x) strictly decrease in x: ∂µH(x)
∂x < 0, ∂µA(x)

∂x < 0.

This proposition characterizes when labels are informative and how informativeness responds

to the labeling threshold. If truthful creators are relatively more likely to avoid AI than deceptive

creators, then human-labeled content (LH) becomes informative, indicating a truthful origin.15

Moreover, as the labeling threshold x increases, the informativeness of the label LH erodes but

that of LA enhances. More AI-generated content slips through as LH (higher FA(x)), and less

human content is mislabeled as LA (lower 1 − FH(x)). As a result, both beliefs µH(x) and µA(x)

decline.

We now show that the condition for informativeness in Equation (2) always holds in equilibrium.

Specifically, deceptive creators are more inclined to adopt AI than truthful creators, creating a

systematic asymmetry in AI usage incentives.

Lemma 2 (AI Adoption Incentives). In any equilibrium, the type-D creators are at least as likely

as the type-T creators to adopt AI: āD ≥ āT . If 0 < āT < 1, then āD = 1; if 0 < āD < 1, then

āT = 0.

This asymmetry arises because deceptive creators benefit more from AI’s efficiency gains and

are less concerned with reputational loss of being labeled as AI. While both types face the same

consumer inference and share the same payoff structure (expected credibility µ times content en-

gagement level q), deceptive creators have a mechanical advantage: they are more likely to produce

high-engagement content (i.e., r > 1). Even if skeptical consumers assign lower credibility to AI-

14For notational simplicity, we write µH(x) and µA(x) instead of the more precise µH(x | σ̃) and µA(x | σ̃), suppressing
dependence on anticipated creator strategies when context permits.
15If both types either always adopt AI (āT = āD = 1) or never adopt (āT = āD = 0), labels provide no information
about type regardless of the labeling threshold.
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labeled content, deceptive creators can still expect a higher payoff through their greater ability

to produce high-engagement content. Truthful creators, by contrast, must exert more effort to

generate high-engagement content and thus rely more on maintaining credibility to attract con-

sumption. This divergence leads to systematically stronger AI adoption incentives for deceptive

creators, ensuring that Proposition 1 holds in equilibrium: content labels remain informative when-

ever detection is used.

5.2 Equilibrium Characterization

We now characterize the set of Perfect Bayesian Equilibria in the main model with platform de-

tection. When the platform detection provides informative signals about content authenticity,

creators’ incentives to adopt AI diverge, generating the possibility of semi-separating equilibria.

These outcomes are of primary interest because they capture meaningful interaction between plat-

form policy and strategic behavior. In contrast, pooling equilibria, where both types of creators

adopt the same AI strategy, arise only if the cost of AI is either very high K ≥ K or very low

K ≤ K, making content labels uninformative (as shown in Proposition 1). In such pooling equilib-

ria, consumers observe only the realized quality of the content upon engagement, without knowing

whether it was AI-generated or human-created. Two such equilibria arise depending on the cost

of adopting AI. If K is relatively small, there exists a pooling equilibrium where all creators adopt

AI tools, aT = aD = 1. We refer to this as the “Pool-1” equilibrium. Conversely, if K is high, a

pooling equilibrium arises in which neither type adopts AI, i.e., aT = aD = 0, which we denote

“Pool-0”.

Our focus is therefore on the interior case where AI costs are moderate (K < K < K) and

labeling meaningfully affects both consumer belief and creator strategy. In these semi-separating

equilibria, type-T creators do not adopt AI to preserve credibility, while type-D creators mix

between adopting and not adopting AI, balancing efficiency gains against reputational loss. Con-

sumers, in turn, update their beliefs based on the observed label and choose whether to consume

or not.16

16There exist other possible semi-separating equilibria where the type-T creators mix between using AI āT ∈ (0, 1),
the type-D creators use AI āD = 1, and consumers mix on either high-engagement content with LA or that with
LH . The same as the benchmark, these equilibria exist for 0 < K < K, and are Pareto-dominated by the Pool-1
equilibrium.
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Creator Payoffs

In any candidate semi-separating equilibrium, the type-T creators avoid AI entirely (aT = 0), and

exert optimal effort eT (0) to maximize expected payoff. Type-D creators mix between adopting

and not adopting AI with probability aD ∈ (0, 1). Let (δH , δA) denote the consumer’s mixed

content consumption strategy upon seeing LH and LA, respectively. The type-j creators’ expected

payoffs:

πj(a = 1) = max
ej

{
ηj · ej · [FA(x)δH + (1− FA(x))δA]−

c · e2j
2θ

}
−K,

πj(a = 0) = max
ej

{
ηj · ej · [FH(x)δH + (1− FH(x))δA]−

c · e2j
2

}
,

where ηT = 1 and ηD = r > 1 as before. In equilibrium, type-D creators must be indifferent

between these two actions: πD(a = 1) = πD(a = 0).

Consumer Mixing Behavior

In any semi-separating equilibrium, consumers mix over one label while either always consuming

or never consuming the other. The next result characterizes this structure.

Lemma 3 (Consumer Mixing). In any semi-separating equilibrium, if consumers mix on LA (0 <

δA < 1), then they always consume LH content (δH = 1). Conversely, if 0 < δH < 1, then δA = 0.

This lemma implies that semi-separating equilibria fall into two distinct regimes: (i) In a semi-A

equilibrium, consumers are indifferent only over AI-labeled LA content: δA ∈ (0, 1) and δH = 1.

(ii) In a semi-H equilibrium, they are indifferent only over human-labeled LH content: δH ∈ (0, 1)

and δA = 0. The intuition follows directly from the nature of binary state (truthful or fake) and

belief monotonicity, which constrains consumer strategies to two indifference-based outcomes: if

consumers mix upon observing LA, they must be indifferent between consuming AI-labeled content

and not, which implies that µA · q = vo holds with equality. Since µH > µA by Proposition 1,

content labeled LH must be strictly more attractive, so δH = 1. Similarly, if consumers mix on

LH , they must always reject LA content.

Figure 3 illustrates the underlying semi-separating equilibria structure. Consumers do not

observe the creator’s type or AI adoption directly. Instead, the platform’s detection algorithm

probabilistically labels content based on the chosen threshold x, potentially generating misclas-

sification. Consumers then observe the label and decide to consume with probability δH or δA,
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depending on the label observed. The figure captures the multi-stage strategic interaction among

creators, the platform detection algorithm, and consumer inference that supports semi-separating

equilibria.

Nature

λ 1− λ

Type-T Creator Type-D Creator

āT = 0 āD 1− āDAI Adoption:

Exert Effort eT (0) Exert Effort eD(1) Exert Effort eD(0)Effort Decision:

Label LH Label LA

Algorithm

Detection:

FH(x)

1− FH(x) FA(x) 1− FA(x) FH(x)

1− FH(x)

Consumer

Inference:
Consumer Belief: µH Consumer Belief: µA

CS = q · 1(j = T ),

πj = 1−C(ej ; aj)−ajK

CS = vo,

πj = −C(ej ; aj)−ajK

CS = q · 1(j = T ),

πj = 1−C(ej ; aj)−ajK

CS = vo,

πj = −C(ej ; aj)−ajK

Consumption

Decision:

δH 1− δH 1− δAδA

Figure 3: Game Tree of Semi-separating Equilibria

Effort Choices and Creator Strategies

Given (δH , δA), the type-T creator’s optimal effort is:

eT (a = 0) =
FH(x)δH + (1− FH(x))δA

c
.

Type-D creators’ optimal effort levels, conditional on their AI adoption decision, must be:

eD(1) =
rθ [FA(x)δH + (1− FA(x))δA]

c
and eD(0) =

r [FH(x)δH + (1− FH(x))δA]

c
.

In equilibrium, the type-D creator’s AI adoption probability āD must make consumers indif-

22



ferent upon seeing AI-labeled content or human-labeled content. Then, consumers’ indifference

condition pins down the type-D creator’s equilibrium mixing probability āD. We characterize the

existence conditions for both semi-A and semi-H equilibria in Proposition 2.

Proposition 2 (Equilibrium Characterization). Under Assumption 1, the equilibrium depends on

the cost of AI adoption K and the platform’s labeling threshold x as follows:

(1) If 0 < K ≤ K, the unique equilibrium is the Pool-1 equilibrium: both types adopt AI.

(2) If K < K < K, two different types of semi-separating equilibria exist:

(i) (Semi-A): If x ∈ (0, x∗], consumers mix over LA content (δA ∈ (0, 1)) and fully consume

LH (δH = 1). Type-T creators avoid AI, and type-D creators mix AI adoption with

probability āsemiA
D ∈ (0, 1).

(ii) (Semi-H): If x ∈ (x∗, 1), consumers never consume LA (δA = 0) and mix over LH

(δH ∈ (0, 1)). Type-T creators avoid AI, and type-D creators mix AI adoption with

probability āsemiH
D ∈ (0, 1).

(3) If K ≥ K, the unique equilibrium is the Pool-0 equilibrium: both types avoid AI.

Proposition 2 and Figure 4 highlight how equilibrium outcomes depend on both AI adoption

costs and the platform’s labeling threshold. When K is either very low (K ≤ K) or prohibitively

high (K ≥ K), both types of creators make the same AI adoption decision (either both adopt or

both abstain), making the label uninformative and resulting in a pooling equilibrium. However, in

the intermediate regime, detection plays a strategic role, and the equilibrium depends critically on

the labeling threshold x.

Under an aggressive labeling 0 < x ≤ x∗, AI-generated content is less likely to be mislabeled

as human-created (i.e., false negative rate is low), making the human label highly informative. As

a result, consumers trust human-labeled content but remain skeptical of content with an AI label,

leading to a semi-A equilibrium17. In contrast, under a conservative labeling policy x∗ < x < 1,

human-created content is rarely misclassified (i.e., the false positive rate is low), and the AI label

becomes a strong indicator of AI-generated content. Therefore, consumers never consume AI-

labeled content and mix over human-labeled content, resulting in a semi-H equilibrium.

17This semi-separating equilibrium should be viewed as describing the aggregate mixing rate in equilibrium. Mixed-
strategy equilibrium in game theory admits two standard interpretations (Fudenberg and Tirole, 1991). The first
is individual-level randomization: each consumer engages with AI-labeled content with probability δA, and Type-D
creators use AI with probability asemiA

D . The second is a population interpretation: a fraction δA of consumers always
engage with AI-labeled content while the rest never do; a fraction asemiA

D of Type-D creators choose (1, eD(1)) and
the rest follow (0, eD(0)). Both interpretations yield the same aggregate outcome, and the latter is more natural in
the current model of a large market. The semi-H equilibrium can follow the same interpretation.
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Figure 4: Equilibrium Characterization with Detection

5.3 Impact of Labeling Threshold on Equilibrium Outcomes and Welfare

We now analyze how the platform’s labeling threshold x affects equilibrium outcomes. As shown in

Proposition 2, semi-separating equilibria arise when AI adoption is asymmetric across creator types

and labels remain informative. In this section, we examine how changes in x shape equilibrium

behavior for both consumers and creators. These effects, taken together, determine the platform’s

optimal labeling policy and total welfare.

Effect of Labeling on Consumers’ Equilibrium Strategy

Detection affects how consumers interpret content labels. As established in Proposition 1, both

posterior beliefs µH(x) and µA(x) decline as x increases: the human label becomes less informative,

while the AI label becomes a more definitive indication of misinformation. This shift does not imply

uniform erosion of informativeness, but rather a redistribution: LH loses credibility as AI-generated

content slips through, while LA becomes a stronger signal of misinformation.

Lemma 4 (Labeling and Consumer Equilibrium Strategy). Consumer equilibrium strategy (δH(x), δA(x))

varies with the labeling threshold x as follows:

(1) In semi-A region (x ≤ x∗), δH(x) = 1, and δA(x) can be non-monotonic: when x is small, it

increases with x if and only if fA(0)/fH(0) is small; when x is large, it declines with x.

(2) In semi-H region (x > x∗), δA(x) = 0, and δH(x) strictly decreases in x.
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Lemma 4 captures how labeling policy reshapes consumer behaviors by altering posterior beliefs

and the informativeness of labels. In semi-A equilibria (aggressive labeling), consumers fully trust

human-labeled content (δH = 1) and consume the AI-labeled content with probability δA(x) ∈

(0, 1). Figure 5 shows the non-monotonicity of δA in the semi-A regime. As x initially increases from

zero, the algorithm becomes relatively accurate and the AI label becomes more informative, which

can increase the truthful creator’s effort and thus, consumer engagement (raising δA); as x further

increases, the AI label becomes increasingly associated with deception, diluting consumer trust and

decreasing consumer engagement (lowering δA). Once labeling becomes sufficiently conservative

(x > x∗), the equilibrium shifts to semi-H regime, where the AI label is fully avoided (δA = 0),

and consumer demand becomes concentrated on LH . Even then, trust in LH falls as the labeling

threshold rises, since a higher x increases the likelihood that AI content is misclassified as human.

Thus, δH(x) declines in this regime as well.
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Figure 5: Effect of Labeling Threshold x on Consumer Strategy

Overall, the transition from semi-A to semi-H reflects a structural shift in consumer inference:

from partial trust in both labels to selective engagement with human-labeled content only. The

regime shift at x∗ marks a collapse in AI-labeled content demand and a reduction in overall engage-

ment. As labeling becomes overly conservative, both µH(x) and µA(x) fall, not because both labels

lose value equally, but because the growing prevalence of misclassification undermines confidence

in the labeling system altogether.

Effect of Labeling on Creators’ AI Adoption and Effort

The labeling threshold also shapes creators’ AI adoption decisions and their effort choice. Under

an aggressive labeling (i.e., low x in Semi-A), the probability that AI-generated content is labeled

as such is high, reducing the relative appeal of AI adoption due to lower demand for LA content.
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Note that āD(x) denotes the equilibrium probability that type-D creators adopt AI.

Lemma 5 (Labeling and AI Adoption). In equilibrium,

(1) In semi-A region (x ≤ x∗), aD(x) may be non-monotonic if K/r2 is small; otherwise (i.e.,

K/r2 is high), it strictly decreases in x.

(2) In semi-H region (x > x∗), aD(x) strictly decreases in x, with a discrete jump at x∗.

These dynamics are depicted in the upper panels (a) and (b) of Figure 6. In the semi-A regime,

when AI is relatively cheap (low K/r2), initial increases in x reduce the penalty of AI usage and

permit opportunistic AI adoption due to the low cost. However, further increases in x erode AI

label credibility, reduce consumer engagement with AI-labeled content, and thus may cause āD to

decline. On the other hand, when AI is more costly (high K/r2), this opportunistic AI adoption

does not arise due to the cost, and as x increases, it consistently discourages AI usage, and āD

decreases monotonically. Once the labeling threshold crosses the boundary into the semi-H regime

(x > x∗), AI adoption jumps sharply in both cost cases, which can be explained by the equilibrium

regime shift. At x = x∗, consumers cease engaging AI-labeled content and start to consume human-

labeled content only probabilistically. This shift erodes the reward for avoiding AI (as δH starts

to decline), prompting deceptive creators to increase their AI adoption rate. In semi-H regime, as

credibility deteriorates and consumers avoid AI-labeled content, further raising x reduces creator

incentives to adopt AI and results in a continued decline in āD(x).

Moreover, creators adjust their effort in response to equilibrium demand, which depends on

both label distributions and consumer beliefs.

Lemma 6 (Creators’ Effort and Profits). In equilibrium:

(1) In semi-A region (x ≤ x∗), both types increase their effort levels with x.

(2) In semi-H region (x > x∗), all effort levels decline as x increases.

Moreover, creator profits move in the same direction as effort levels.

Panels (c) and (d) of Figure 6 illustrate these relationships. In the semi-A regime, higher x

allocates more content into the human-labeled category, increasing expected demand. This “label

reallocation” effect dominates any loss in label credibility, incentivizing both types to exert greater

effort. In contrast, in the semi-H regime, more conservative labeling erodes the credibility of human

labels. As consumers grow more skeptical, expected demand falls, prompting creators to scale back

efforts. Panel (d) confirms that this decline in effort leads directly to lower profits.
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Figure 6: Effect of Platform Labeling on Creator Behavior
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Put all these lemmas 5, 6 together, the labeling threshold has a fundamental strategic impact

on creator behavior: an intermediately conservative policy can moderate type-D creators’ AI usage

(by threatening them with detection while still rewarding truthful creators’ content production via

an informative labeling), but an overly conservative policy backfires by encouraging rampant AI-

generated fake content by shifting to semi-H equilibrium. This behavioral pattern directly affects

the welfare outcomes on the platform.

5.4 Welfare Implications and Optimal Labeling Threshold

Following Lemma 6 and Proposition 3, it is clear that consumer welfare and creator profit (par-

ticularly the profits of truthful creators) are both non-monotonic in the labeling threshold x. Let

CS(x) denote consumer surplus. When x is very low (under overly aggressive detection), fewer

AI-generated posts are mislabeled as human-created (reducing false negatives). However, exces-

sively aggressive detection also increases false positives, leading to the misclassification of truthful

human content, causing unwarranted skepticism and lower consumption. At the other extreme,

overly conservative detection (a very high x) deteriorates content credibility, reducing the overall

engagement and lowering creators’ profit. These behavioral adjustments feed directly into market

welfare outcomes. The next result summarizes our main findings on how welfare outcomes vary

with x, and investigates the optimal labeling policy.

Proposition 3 (Welfare and Optimal Labeling Threshold). Consumer surplus CS increases in x

under semi-A region (x ≤ x∗), discretely drops at x = x∗, and remains flat under semi-H region

(x > x∗). Moreover, the platform’s objective, maximizing a weighted sum of consumer surplus and

type-T creators’ profit, is uniquely maximized at x∗. At this threshold:

(1) The resulting equilibrium is the semi-A equilibrium, in which consumers fully consume LH

labeled content but do not consume LA labeled content: δsemiA
c = (1, 0).

(2) Both consumer surplus and the profit of truthful creators attain their maximum values.

Figure 7 illustrates these results. Panel (a) plots the pattern of consumer surplus. In the

semi-A regime (x ≤ x∗), consumers fully engage with LH content and selectively consume LA

content. As x increases, fewer human-generated posts are misclassified as AI (i.e., false positives

decline), increasing the share of trustworthy LH content and thereby improving consumption.

Thus, consumers at first benefit from more posts under the reliable LH label, and truthful creators

benefit from greater engagement. Consumer surplus rises with x in this region, and so do truthful
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creators’ profits. However, as x approaches x∗, false negatives become more prominent, causing

more AI-generated content to be mislabeled as LH . This undermines the credibility of the human

label. Once x crosses the threshold x∗ (shift to semi-H regime), the informativeness of AI labels

improves, and consumers cease engaging with LA content and become wary of even LH content.

This results in a sharp drop in consumer surplus at x = x∗, with no further gain beyond this

point (x > x∗), since AI-labeled content is already ignored entirely, additional conservativeness

only weakens engagement with LH .
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Figure 7: Effect of Labeling Threshold on Welfare

Panel (b) shows the platform’s optimal labeling threshold, which maximizes the weighted sum

of consumer surplus and type-T creators’ profits for different weights w. Across all weights, the

objective is single-peaked and uniquely maximized at x∗. This threshold balances label credibility

and informativeness: it deters AI misuse while preserving the credibility of LH content.

On the creator side, profits follow a similar pattern. In the semi-A regime (x ≤ x∗), type-

T creators benefit from credible human labels, and type-D creators face disincentives to adopt

AI, reducing misinformation. When x > x∗, the equilibrium shifts to semi-H regime and the

credibility of human label becomes diluted; even human-labeled posts face skepticism. This harms

both consumer engagement and type-T creators’ payoffs. Thus, total surplus is maximized at

an interior threshold x∗, the unique point where engagement, credibility, and welfare are jointly

optimized. A more aggressive labeling wastes legitimate content; a more conservative labeling

invites misuse and distrust.
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6 Extensions

6.1 Detection Technology Development

We first investigate how improvements in detection technology affect the platform’s optimal labeling

strategy. We introduce a factor t to parameterize the performance of the detection algorithm, with

higher t indicating more accurate classification. Formally, we assume:

∂FA(x; t)

∂t
< 0 and

∂FH(x; t)

∂t
> 0, (3)

so that as t increases, the algorithm becomes more accurate: both false negatives (FA) and false

positives (1− FH) decrease.

Proposition 4 (Effect of Algorithm Technology on Optimal Labeling Strategy). Given K < K <

K, the platform’s optimal labeling strategy x∗ increases with t.

Proposition 4 and panel (a) of Figure 8 show that as the detection algorithm becomes more

accurate, the platform can afford to relax its labeling policy. This is because a sophisticated

algorithm reduces the risk of false positives and false negatives. By increasing x∗, the platform

can still maintain consumer trust and deter type-D creators from adopting AI without incurring a

large increase in misinformation. Technological improvement thus enables greater flexibility to be

more conservative without triggering excessive AI adoption and misinformation.

x*

0.76

0.82

0.88

0.94

1

t

(a) Detection Technology

x*

K K
0

0.25

0.05

0.75

1

Pool-1 Pool-0Semi-A

K

(b) AI Adoption Cost

Figure 8: Comparative Statics of Optimal Labeling Threshold
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6.2 Effect of AI Adoption Cost

We next examine how the platform’s optimal labeling strategy responds to changes in the cost of

AI adoption in Proposition 5 and panel (b) of Figure 8. We have the following proposition.

Proposition 5 (Effect of AI Adoption Cost on Optimal Labeling Strategy).

(1) If K ≤ K or K ≥ K, the platform does not employ detection.

(2) If K < K < K, the platform’s optimal labeling threshold x∗ increases with K.

When adoption costs are either very low (K ≤ K) or very high (K ≥ K), both types of creators

make the same AI adoption decision, so detection does not alter the equilibrium and is therefore

unnecessary. By contrast, when K falls within an intermediate range, the platform actively employs

detection. In this region, as AI tools become cheaper, creators, particularly of type-D, face stronger

incentives to use them. The platform must then reoptimize its labeling policy in response to these

shifts in incentives from declining AI costs. A more aggressive policy becomes necessary to preserve

content credibility and deter widespread AI usage that could undermine engagement and trust.

6.3 Disclosure of AI Score

We now examine an alternative regime in which the platform discloses the raw AI score s ∈ [0, 1],

rather than only a binary label, and ask whether finer disclosure improves welfare. Upon seeing

a score s attached to high-engagement content, a consumer updates her posterior belief about

whether it is produced by a truthful creator

µ(s) =
λ [aT eT (1)fA(s) + (1− aT )eT (0)fH(s)]

λ [aT eT (1)fA(s) + (1− aT )eT (0)fH(s)] + (1− λ)r [aDeD(1)fA(s) + (1− aD)eD(0)fH(s)]
.

By the same logic as Proposition 1, s is informative and µ(s) is decreasing in s if and only if truthful

creators are more likely to avoid AI than deceptive creators, i.e.,

(1− āT )ēT (0)

āT ēT (1) + (1− āT )ēT (0)
>

(1− āD)ēD(0)

āDēD(1) + (1− āD)ēD(0)
,

under which, consumers therefore follow a cutoff strategy: engage δ(s) = 1{s ≤ s∗}. We summarize

the equilibrium in Lemma 7 and Figure 9.

Lemma 7 (Equilibrium Characterization under Score Disclosure).

(1) (Pooling): Pool-1, Pool-0 exist under the same (λ,K) conditions as in the main model, and

Pool-∅ exists for λ ≤ λ.
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(2) (Separating): If K < K < K and λ ≥ λs, a separating equilibrium exists in which δ(s) =

1{s ≤ s∗sep} with cutoff s∗sep ∈ (0, 1), and aT = 0, eT =
FH(s∗sep)

c and aD = 1, eD =
rθFA(s∗sep)

c .

(3) (Semi-separating): If K < K < K and λ < λ < λs, a semi-separating equilibrium exists

in which δ(s) = 1{s ≤ s∗semi} with cutoff s∗semi ∈ (0, 1), and aT = 0, eT =
FH(s∗semi)

c and

aD ∈ (0, 1), eD(1) =
rθFA(s∗semi)

c , eD(0) =
rFH(s∗semi)

c .

Figure 9: Equilibrium Characterization with Disclosure of AI Score

The structure mirrors the main model: pooling at extreme K, and separation or partial sepa-

ration at moderate K, depending on the fraction of truthful creators λ. If λ ≥ λs, there exists a

separating equilibrium, in which truthful creators avoid AI entirely, while deceptive creators em-

brace it, making the score s informative. Upon observing high-engagement content with scores s,

consumers infer its likelihood of originating from a truthful creator and engage only if s ≤ s∗sep.

Intuitively, low scores signal human effort and thus higher credibility, while high scores raise suspi-

cions of deceptive AI use. If λ < λ < λs, a semi-separating equilibrium also exists, in which truthful

creators refuse AI aT = 0, but deceptive creators use AI with a certain probability aD ∈ (0, 1).

Consumer strategy remains a threshold policy, though with a potentially lower cutoff s∗semi < s∗sep.

This setup reflects a partial separation, where deceptive creators mix to balance the benefits of AI

efficiency against the risk of eroding consumer trust in higher scores.

To assess whether finer disclosure benefits the platform, we compare the semi-separating out-

come under score disclosure with the main model under the optimal threshold x∗, where semi-

separating equilibria prevail in both settings.
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Proposition 6 (Coarse Labeling Dominates Fine Disclosure). Compared with the disclosure of the

AI score, the platform’s optimal binary labeling at threshold x∗ delivers

(i) a strictly lower AI adoption rate by deceptive creators,

(ii) strictly higher consumer surplus, and

(iii) the same profit for truthful creators.

Proposition 6 highlights how the platform’s binary labeling reshapes the interplay between

creators and consumers compared to finer disclosure. The optimal threshold satisfies x∗ = ssemi,

so truthful creators’ effort and profit are unchanged across regimes. But by pooling all scores

above x∗ into a single AI label LA, the platform aggregates marginal scores (where consumers

would be indifferent) with strictly worse supra-marginal scores into one bucket, depressing the

average posterior to µA(x
∗) < µ(ssemi). To restore consumer indifference at this lower-belief group,

deceptive creators must cut AI adoption, which curbs misinformation and raises consumer surplus.

Coarse labeling thus operates as strategic information design: by withholding within-bucket score

variation, the platform tightens the constraint on deceptive AI use— an effect unattainable under

fine disclosure.

6.4 Endogenous Creator Types and Regulatory Inspection

This extension allows deceptive creators to endogenously choose their content mode and intro-

duces a regulatory inspector who monitors the platform and adjusts enforcement intensity. The

setup captures the interplay between platform detection and regulatory oversight: the regulator’s

enforcement strategy responds to the level of deception on the platform, while creators’ decisions

to produce deceptive content are shaped by both platform detection and regulatory risk.

We augment the main model with one additional stage. After the platform announces the

labeling threshold x, each type-D creator chooses a content mode m ∈ {D,T}: mode D means

producing deceptive content, while mode T means producing truthful content. Simultaneously, a

regulatory inspector sets an inspection probability α ∈ [0, 1]. The content production, labeling,

and consumer engagement stages then proceed as in the main model. At the end of the game,

each fake-content creator is caught by the regulator with probability α and pays a penalty τ > 0,

representing regulatory fines, content removal, or account suspension.

We begin the analysis with the regulator’s problem. Let κ ∈ [0, 1] denote the fraction of type-D

creators choosing mode D. The regulator internalizes the social harm of misinformation: catching
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one fake-content creator eliminates harm γ > 0. When the regulator inspects with intensity α, each

of the (1 − λ)κ fake-content creators is caught with probability α, yielding total harm reduction

γ(1− λ)κα. The regulator incurs a convex enforcement cost crα
2/2, so its problem is:

max
α∈[0,1]

γ(1− λ)κ · α − cr
2
α2,

where cr is assumed to be sufficiently large cr > γ(1 − λ) to ensure an interior solution. The

first-order condition yields the endogenous inspection rate: α∗(κ) = γ(1−λ)
cr

κ. The inspection rate

is strictly increasing in κ: the more deceptive content is present, the greater the marginal benefit

of enforcement, so the regulator intensifies scrutiny. This feedback that more fake content invites

more inspection is the central deterrence mechanism.

Given α∗(κ), a type-D creator in mode D earns πD(x)−α∗(κ)τ , where πD(x) is the deceptive-

content profit from Proposition 2, and α∗(κ)τ is the expected penalty faced by each deceptive

creator. A creator who switches to mode T earns πT (x). The equilibrium deceptive fraction

κ∗(x) is determined as follows. If the regulatory threat is strong enough to deter full deception

(α∗(1)τ > πD(x)−πT (x)), type-D creators mix between modes in the interior equilibrium and the

indifference condition

πD(x)− α∗(κ∗)τ = πT (x)

pins down the fraction of deceptive creators choosing mode D. Otherwise, mode D is strictly

dominant regardless of κ, so all deceptive creators choose mode D (corner equilibrium, κ∗ = 1).

Combining both cases:

κ∗(x) = min

{
cr

τγ(1− λ)

[
πD(x)− πT (x)

]
, 1

}
.

Proposition 7 focuses on the case when platform detection is consequential for creator behavior

K < K < K and summarizes the results.

Proposition 7 (Endogenous Creator Types and Regulatory Inspection). Consider the case of

moderate AI adoption costs K ∈ (K,K):

(1) Two types of semi-separating equilibria exist:

(i) (Semi-A): If x ∈ (0, x∗], consumers mix over LA content (δA ∈ (0, 1)) and fully consume

LH (δH = 1). A fraction κ∗(x) of type-D creators choose mode D, producing fake content

and mixing AI adoption with probability āsemiA
D ∈ (0, 1). Truthful creators and type-D
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creators in mode T avoid AI.

(ii) (Semi-H): If x ∈ (x∗, 1), consumers never consume LA (δA = 0) and mix over LH

(δH ∈ (0, 1)). A fraction κ∗(x) of type-D creators choose mode D, producing fake content

and mixing AI adoption with probability āsemiH
D ∈ (0, 1). Truthful creators and type-D

creators in mode T avoid AI.

The regulator sets the inspection rate at α∗(κ∗(x)). All equilibrium objects mirror those of the

main model after replacing λ with the effective truthful share λ⋄ = 1− (1− λ)κ∗(x).

(2) The equilibrium share of deceptive creators producing fake content κ∗(x) is (weakly) increasing

in x for 0 < x ≤ x∗ and decreasing in x for x∗ < x < 1.

In equilibrium, the creators-consumers subgame is isomorphic to the main model with the fixed

truthful share λ replaced by the endogenous effective share λ⋄. As in the main model, deceptive

creators who select mode D have a strictly higher marginal return to AI’s cost reduction and

therefore adopt AI with a strictly higher probability than truthful-content creators. Consequently,

an endogenous association between AI usage and misinformation emerges from the mode-selection

decision, and platform labels retain their signaling value in equilibrium.
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Figure 10: Effect of Labeling Threshold on Fraction of Deceptive Creators

Figure 10 shows the equilibrium deceptive fraction κ∗(x), which is governed by the profit differ-

ential πD(x)−πT (x) between modes. In the Semi-A regime, consumers fully trust the human label

but only partially engage with AI-labeled content. As x rises, more deceptive AI content evades

detection and is mislabeled as human-created. Deceptive creators, who rely more heavily on AI,

benefit more from this than truthful creators, who use human effort almost exclusively. The profit

gap πD −πT therefore widens, inducing more type-D creators to choose mode D and raising κ∗. In
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the Semi-H regime, consumers stop consuming AI-labeled content entirely, and further increases in

x contaminate LH with undetected fake content, depressing overall engagement and shrinking the

relative advantage of deception, so κ∗ declines.

6.5 Positive Utility of Deceptive Content

In the main model, the assumption that deceptive content yields no consumer utility is intended

to sharpen the focus on misinformation risks and the signaling value of labels in the simplest possible

environment. In this section, we consider an extension where deceptive content yields positive

utility. Formally, we assume consumers receive utility u = q from high-engagement content if it is

produced by a truthful creator, and u = β · q if it is from a deceptive creator, where 0 < β < 1.

This setup captures the idea that deceptive content is inferior to truthful content but may still offer

engagement value. We characterize the equilibrium outcome in Lemma 8 below.

Lemma 8 (Equilibrium Characterization with Positive Utility of Deceptive Content).

(1) If 0 < β < vo
q , given λβ < λ < λ̃β, the equilibrium depends on the cost of AI adoption K and

the platform’s labeling threshold x as follows:

(i) If 0 < K ≤ K, the unique equilibrium is the Pool-1 equilibrium: both types adopt AI.

(ii) If K < K < K, two different types of semi-separating equilibria exist:

(a) (Semi-A): If x ∈ (0, x∗], consumers mix over LA content (δA ∈ (0, 1)) and fully con-

sume LH (δH = 1). Type-T creators avoid AI, and type-D creators mix AI adoption

with probability āsemiA
Dβ ∈ (0, 1).

(b) (Semi-H): If x ∈ (x∗, 1), consumers never consume LA (δA = 0) and mix over LH

(δH ∈ (0, 1)). Type-T creators avoid AI, and type-D creators mix AI adoption with

probability āsemiH
Dβ ∈ (0, 1).

(iii) If K ≥ K, the unique equilibrium is the Pool-0 equilibrium: both types avoid AI.

(2) If vo
q ≤ β < 1, the equilibrium depends on the cost of AI adoption K as follows:

(i) If 0 < K ≤ K, the unique equilibrium is the Pool-1 equilibrium: both types adopt AI.

(ii) If K < K < K, a separating equilibrium exists with δH = δA = 1, aT = 0, eT (0) = 1
c ,

and aD = 1, eD(1) = rθ/c.

(iii) If K ≥ K, the unique equilibrium is the Pool-0 equilibrium: both types avoid AI.
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Lemma 8 shows that the cutoff β = vo/q separates two qualitatively distinct regimes, depending

on whether deceptive content delivers enough value to clear the consumer’s outside option. When

β < vo/q, content known to be deceptive is worse than not consuming, so consumers remain

selective and condition engagement on labels. The equilibrium structure then mirrors the main

model: pooling at extreme AI costs and two semi-separating regimes (Semi-A and Semi-H) at

intermediate costs, with the same threshold x∗ separating aggressive from conservative regimes.

When β ≥ vo/q, even deceptive content exceeds the outside option, so consumers engage with any

high-engagement content regardless of its label. Labels lose their disciplinary role: type-D creators

face no reputational penalty for being flagged as LA and thus always adopt AI, and equilibrium

creator strategies become invariant to the labeling threshold x. The next Proposition 8 traces these

welfare implications in the empirically relevant intermediate-cost region K < K < K.

Proposition 8 (Welfare Impact with Positive Utility of Deceptive Content). When the cost of AI

adoption K is intermediate, K < K < K,

(1) if 0 < β < vo
q , CS increases with x under semi-A region (x ≤ x∗) discretely drop at x = x∗,

and remains flat under semi-H region (x > x∗). Moreover, truthful creators’ profit increases

with x under semi-A region (x ≤ x∗) and decreases with x under semi-H region (x > x∗). The

platform’s optimal threshold is x∗;

(2) if vo
q ≤ β < 1, consumer surplus and truthful creators profit are invariant to x.

Proposition 8 establishes that the welfare logic of the main model is robust to allowing positive

utility from deceptive content, but only up to the point at which deception becomes attractive

enough to override consumer skepticism. When β < vo/q, both consumer surplus and truthful cre-

ators’ profit follow the same non-monotonic pattern as in Proposition 3, and the platform’s optimal

threshold therefore remains x∗, the boundary between the two regimes. When β ≥ vo/q, detection is

welfare-irrelevant: because consumers engage with all high-engagement content regardless of label,

neither δH nor δA responds to x, and consumer surplus and truthful creators’ profit are invariant

to the labeling policy. Together, the two parts delineate the scope of the platform’s labeling lever:

algorithmic detection shapes welfare only when the gap between truthful and deceptive content

is large enough that consumers would otherwise opt out of engaging with suspect content. When

deceptive content is sufficiently valuable on its own, labels carry no welfare consequence, and the

platform’s detection choice is moot.
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7 Conclusion

Generative AI has revolutionized content creation, but it also raises serious concerns about the

spread of misinformation and its potential harm to consumer welfare. This paper analyzes how

content platforms design detection algorithms to manage the risk of AI-generated misinformation.

Our model demonstrates how labeling policy shapes consumer inference, creator incentives, and

overall welfare by incorporating strategic interactions among creators, consumers, and the platform.

A key insight is that AI labeling can serve as an effective tool for mitigating misinformation

even when platforms cannot directly verify truthfulness at scale. In practice, platforms and users

increasingly treat AI origin as a proxy for misinformation risk, despite the conceptual distinction

between content origin and factual accuracy. Our analysis rationalizes this pattern by generat-

ing the endogenous association between AI and misinformation. This equilibrium logic explains

why AI labeling matters in real-world settings and why AI labels can become a noisy signal of

misinformation, disciplining AI misuse without requiring costly fact-checking.

Our framework also yields managerial implications for platform design. We identify a core

trade-off: a more aggressive detection increases the informativeness of the human label, making it

a more credible signal of truthful content, but also increases the risk of misclassifying legitimate

human content, thereby discouraging truthful creators. In contrast, a more conservative detection

reduces false positives but weakens consumer trust, allowing deceptive creators to adopt AI more

intensively. The platform’s optimal detection strategy must balance these forces, not by simply min-

imizing classification errors, but by choosing the threshold that best aligns incentives, discouraging

excessive AI adoption, and sustaining consumer engagement. We then show that improvements in

detection accuracy allow platforms to adopt more conservative policies without sacrificing welfare;

cheaper AI technologies require a more aggressive labeling policy to maintain credibility; and coarse

binary labeling leads to lower deceptive AI adoption and higher consumer surplus in comparison

to disclosing continuous AI scores.

These results further highlight a broader insight that the platform’s labeling policy is not merely

a classification tool. It fundamentally alters the strategic behavior of both sides of the market.

By influencing the informativeness of content labels and consumer inference, labeling rules endoge-

nously affect AI adoption, effort, and consumption decisions. Designing optimal labeling strategies,

therefore, requires accounting for these equilibrium outcomes and recognizing that algorithmic ac-

curacy alone is not sufficient. What matters is how labeling reshapes incentives in two-sided content

markets, where platform policies influence not only the informativeness of content labels but also
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the strategic responses of creators and consumers alike.

While we believe our model captures the key mechanism to capture the inference and incentive

effects of labeling, we discuss and acknowledge some limitations. First, we assume content is ran-

domly exposed to consumers. In practice, platforms often endogenously promote high-engagement

content such as Zou et al. (2026), where AI-generated content can crowd out other content through

endogenous content distribution under limited attention. Because consumers in our model endoge-

nously screen out low-engagement content through their label-dependent engagement threshold,

such promotion would reinforce, rather than undermine, the core signaling role of labels, and ex-

ploring the interaction of promotion and labeling mechanisms would be a valuable direction for

future research. Second, our analysis focuses on creators’ static AI adoption and content creation

decisions within a one-shot framework. In practice, creators might initially adopt AI to improve

content and then cease using it to avoid detection, which lies beyond the scope of the present

framework. We therefore view this as an interesting avenue for future research. Third, we assume

AI reduces the cost of effort in content creation, which abstracts from richer AI capabilities, such as

generating personalized or targeted content. Incorporating AI personalization could amplify decep-

tive creators’ exploitation of consumer vulnerabilities and potentially exacerbate misinformation

risks. We leave all these as interesting directions for future research.

As generative AI continues to evolve, understanding the economic foundations of labeling strate-

gies for AI-generated content will become increasingly critical for platform design and policy. Our

analysis offers guidance for practitioners designing content moderation systems: detection should

be viewed not in isolation, but as part of an incentive architecture that governs user behavior and

trust. By explicitly modeling how detection shapes market-level outcomes, our work contributes

to the broader literature on platform governance and algorithmic interventions. We hope these

insights will encourage future research at the intersection of economics, technology, and platforms,

and inform the development of responsible labeling strategies in an increasingly AI-driven environ-

ment.
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Appendix

Proof of Lemma 1: Equilibrium Characterization in Benchmark

Proof. We show the existence condition of each equilibrium in the benchmark.

(i) Pool-1 Equilibrium: Given δA = 1, creators’ optimal efforts are eT (1) = θ/c and eD(1) = rθ/c,

with profits πT (1) = θ
2c − K and πD(1) = θr2

2c − K. Consumers consume if their posterior belief

exceeds the threshold: µA(σ̃) =
λeT (1)

λeT (1)+(1−λ)reD(1) ≥
vo
q ⇔ λ ≥ λ ≡ r2vo

r2vo+(q−vo)
.

In this equilibrium, the off-path deviation is human creation. Suppose consumers’ off-path

strategy is δH , then deviation profits are πT (0; δH) =
δ2H
2c and πD(0; δH) =

r2δ2H
2c . Therefore, truthful

creators benefit from deviating to human creation if δ2H > θ − 2cK, yielding the truthful types’

profitable-response set

BT = {δH ∈ [0, 1] : δ2H > θ − 2cK}.

The deceptive type profits from deviating when the consumer’s off-path response belongs to

BD = {δH ∈ [0, 1] : δ2H > θ − 2cK

r2
}.

Therefore, when K > K ≡ θ−1
2c , we have BD ⊆ BT . Thus, by D1, after observing an off-path

human-created high-engagement item, consumers must assign probability one to the truthful type.

Therefore, truthful creators strictly prefer to abstain from AI due to K > K.

For 0 < K ≤ K, neither type can profitably deviate regardless of consumers’ off-path response.

We can assume µH = 0 for simplicity, and thus neither type will deviate. Therefore Pool-1 survives

D1 for 0 < K ≤ K.

(ii) Pool-0 Equilibrium: Given δH = 1, creators’ effort is eT (0) = 1
c and eD(0) = r

c , with profits

πT (0) =
1
2c and πD(0) =

r2

2c . Consumers will consume high-engagement content if λ ≥ λ.

In this equilibrium, the off-path deviation is AI production. Suppose consumers consume off-

path AI-created high-engagement content with probability δA, truthful creators can benefit from

diversion if δA belongs to

BT = {δA ∈ [0, 1] : δ2A >
1 + 2cK

θ
}

Deceptive creators’ profitable response set is

BD = {δA ∈ [0, 1] : δ2A >
1 + 2cK/r2

θ
}

Since BT ⊊ BD for K < K ≡ r2(θ−1)
2c , D1 assigns the off-path AI deviation to the deceptive type,
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and supports the belief µA = 0. For K ≥ K, neither type can strictly profit from deviating to AI

regardless of consumers’ off-path response. In that case, D1 imposes no restriction, and the same

pessimistic belief µA = 0 is admissible. Pool-0 survives D1 for all K > 0, provided λ ≥ λ.

(iii) Semi-separating Equilibrium Consider a semi-separating equilibrium in which truthful creators

mix between human creation and AI, while deceptive creators always adopt AI, 0 < aT < 1 and

aD = 1. Human-created content comes only from truthful creators, so δH = 1. Truthful creators

must be indifferent between human creation and AI: πT (0) = πT (1) ⇔ 1
2c =

θδ2A
2c − K, thus

δA =
√

1+2cK
θ , which yields eT (1) = θδA

c , eD(1) = rθδA
c . Note that δA ∈ (0, 1) if and only if

0 < K < K.

The consumer must be indifferent after observing AI-created high-engagement content:

λaT eT (1)

λaT eT (1) + (1− λ)reD(1)
=
vo
q
,

which gives aT = (1−λ)r2vo
λ(q−vo)

. aT ∈ (0, 1) if and only if λ < λ < 1. This equilibrium survives D1

because both human-created and AI-created high-engagement content exists on the equilibrium

path, so there is no off-path belief to refine.

(v) Pareto-optimal Equilibrium. : If no effort is exerted, the content is uniformly low-engagement.

Therefore, consumers’ posterior belief upon seeing high-engagement content is off-equilibrium-path

and thus can be specified as 0 and choose not to consume. One can simply show that this belief

can survive the D1 criterion following similar steps above. Given this, creators have no incentive

to exert effort.

(vi) Pareto Dominance and Selected Equilibrium. We now apply Pareto dominance to select among

the D1-surviving equilibria. First, we show that Pool-1 dominates Pool-0 for 0 < K ≤ K. In

pool-1, πT = θ
2c −K, πD = r2θ

2c −K,CS = θ
c

(
λ(q − vo)− (1− λ)r2vo

)
+ vo. In pool-0, πT = 1

2c ,

πD = r2

2c , CS = 1
c

(
λ(q − vo)− (1− λ)r2vo

)
+ vo, which are lower than their counterparts in Pool

with CS strictly better off.

Second, we show that Pool-1 dominates the semi-separating for 0 < K < K and λ > λ. In the

semi-separating equilibrium, πT = 1
2c , πD = r2

2c +(r2−1)K, CS = 1
c

(
λ(q − vo)− (1− λ)r2vo

)
+vo,

which are all strictly lower than their counterparts in Pool-1.

Finally, Pool-∅ is Pareto-dominated whenever an active equilibrium exists. Hence, after D1 and

Pareto dominance, the selected equilibrium is Pool-1 if λ ≥ λ and 0 < K ≤ K, Pool-0 if λ ≥ λ and

K > K, and Pool-∅ if λ < λ.
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Proof of Proposition 1: Consumer Inference and Label Informativeness

Proof. We compare the posterior beliefs µH(σ̃) and µA(σ̃). The difference is

µH(σ̃)− µA(σ̃) =
λ(1− λ)r (FH(x)− FA(x)) [aDeD(1) · (1− aT )eT (0)− (1− aD)eD(0) · aT eT (1)]

[λmT (H) + (1− λ)mD(H)] · [λmT (A) + (1− λ)mD(A)]
,

which implies that µH(σ̃) − µA(σ̃) ≥ 0 ⇔ aDeD(1) · (1 − aT )eT (0) − (1 − aD)eD(0) · aT eT (1) ≥ 0.

The expression is 0 when aT = aD = 1, or aT = aD = 0. Otherwise, µH(σ̃) > µA(σ̃) holds if

(1− āT )ēT (0)

āT ēT (1) + (1− āT )ēT (0)
>

(1− āD)ēD(0)

āDēD(1) + (1− āD)ēD(0)
.

This condition is satisfied under the following: (i) 0 < aT < 1 and aD = 1; (ii) 0 < aD < 1 and

aT = 0, and (iii) aT = 0 and aD = 1. To analyze how these beliefs change with x, we differentiate:

∂µH(σ̃)

∂x
∝ − d

dx

(
FA(x)

FH(x)

)
,

∂µA(σ̃)

∂x
∝ − d

dx

(
1− FA(x)

1− FH(x)

)
.

Using MLRP ( fA(t)
fH(t) <

fA(x)
fH(x) for t < x), we have:

d

dx

(
FA(x)

FH(x)

)
=
fA(x)FH(x)− FA(x)fH(x)

F 2
H(x)

=
1

F 2
H(x)

[
fA(x)

∫ x

0
fH(t)dt− fH(x)

∫ x

0
fA(t)dt

]
> 0,

d

dx

(
1− FA(x)

1− FH(x)

)
=
fH(x)(1− FA(x))− fA(x)(1− FH(x))

(1− FH(x))2

=
1

(1− FH(x))2

[
fH(x)

∫ 1

x
fA(t)dt− fA(x)

∫ 1

x
fH(t)dt

]
> 0, (4)

Therefore, both µH and µA strictly decrease in x.

Proof of Lemma 2: Creators’ AI Adoption Incentive

Proof. Given consumers’ strategy (δH , δA), the type-T creators adopt AI if

max
eT

{
eT [FA(x)δH + (1− FA(x))δA]−

c

2θ
e2T

}
−K ≥ max

eT

{
eT [FH(x)δH + (1− FH(x))δA]−

c

2
e2T

}
⇔ K ≤ θ

2c
[FA(x)δH + (1− FA(x))δA]

2 − 1

2c
[FH(x)δH + (1− FH(x))δA]

2 .

Similarly, type-D creators adopt AI if

K ≤ r2
{ θ
2c

[FA(x)δH + (1− FA(x))δA]
2 − 1

2c
[FH(x)δH + (1− FH(x))δA]

2 }.
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Since r > 1, the condition for type-T creators to adopt AI always implies the condition for type-D

creators. Moreover, if type-T creators are indifferent (i.e., 0 < aT < 1), then type-D creators

strictly prefer to adopt AI, i.e., aD = 1. If type-D creators are indifferent (0 < aD < 1), then

inequality for type-D binds, and inequality for type-T does not hold, implying aT = 0.

Proof of Proposition 2: Equilibrium Characterization

Proof. In this proof, we summarize the main logic and relegate the full derivations to the Online

Appendix for brevity. We first define ϕ(x) = r2

2c

(
θF 2

A(x)− F 2
H(x)

)
, which measures the net profit

gain from using AI for type-D creators given δH = 1 and δA = 0.

(i) Semi-A region: Given consumers’ strategy (δH , δA) with δH = 1, the type-D creator is

indifferent between adopting AI and not, and this indifference condition pins down δsemiA
A =

FH(1−FH)r−FA(1−FA)θr+
√[

(1−FA)2θ−(1−FH)2
]
2cK+(FH−FA)2r2θ

[(1−FA)2θ−(1−FH)2]r
, which requires 0 < K < K ≡ r2(θ−1)

2c

and 0 < x ≤ x∗ ≡ ϕ−1(K), where x∗ is the labeling threshold at which the type-D creator

is indifferent between using AI and not at the fixed cost K given δc = (1, 0), thereby delim-

iting the semi-A and semi-H regimes. Given this, optimal efforts are esemiA
T =

FH+(1−FH)δ
semiA
A

c ,

esemiA
D (0) =

r[FH+(1−FH)δ
semiA
A ]

c , and esemiA
D (1) =

rθ[FA+(1−FA)δ
semiA
A ]

c . Then, type-D creators’ mixing

probability asemiA
D ensures µA = vo

q . Lastly, we show that semi-A equilibrium is Pareto-dominated

by Pool-1 when 0 < K ≤ K, as it yields lower creators’ profits and consumer surplus due to

δsemiA
A < 1.

(ii) Semi-H region: Type-D creators’ indifference implies that δsemiH
H = 1

r

√
2cK

F 2
A(x)θ−F 2

H(x)
, which

requires 0 < K < K and x∗ < x < 1. Creators’ optimal effort follows analogously. Type-D

creators’ mixing probability āsemiH
D ensures µH = vo

q . Last, we show that the semi-H equilibrium is

Pareto-dominated by Pool-1 for 0 < K ≤ K, as creators’ and consumers’ payoffs are strictly lower.

(iii) Pooling Equilibria Content labels provide no informative and thus consumer strategies

converge δH = δA = δc. We show the existence condition of each pooling equilibrium.

(a) Pool-1 Equilibrium: Given δc = 1, both types prefer adopting AI if the gain from lower effort

cost exceeds the AI cost:
max
eT

{
eT · δc − c

2θ · e
2
T

}
−K ≥ max

eT

{
eT · δc − c

2 · e2T
}

max
eD

{
r · eD · δc − c

2θ · e
2
D

}
−K ≥ max

eD

{
r · eD · δc − c

2 · e2D
} ⇔ 0 < K ≤ θ − 1

2c
≡ K.

Creators’ optimal efforts under AI are eT (1) = θ/c and eD(1) = rθ/c. Consumers consume if

their posterior belief exceeds the threshold: µ0(σ̃) =
λeT (1)

λeT (1)+(1−λ)reD(1) ≥
vo
q ⇔ λ ≥ λ.
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(b) Pool-0 Equilibrium: Both types prefer not adopting AI if K ≥ K ≡ r2(θ−1)
2c by similar logic in

case (a) above. Their optimal efforts without AI are eT (0) = 1/c and eD(0) = r/c. Consumers

will again consume if λ ≥ λ.

Proof of Lemma 4: Labeling and Consumer Equilibrium Strategy

Proof. (i) Semi-A region: In this case, δsemiA
A solves the indifference condition πD(1) = πD(0).

By the implicit function theorem,
dδ

semiA
A
dx = − (∂πD(1)/∂x)−(∂πD(0)/∂x)

(∂πD(1)/∂δA)−(∂πD(0)/∂δA) ∝
(
∂πD(0)

∂x − ∂πD(1)
∂x

)
∝

ψ(x), where ψ(x) ≡
[
FH(x) + (1− FH(x))δsemiA

A

]
fH(x) − θ

[
FA(x) + (1− FA(x))δ

semiA
A

]
fA(x).

We evaluate ψ(x) at the boundaries. As x → 0, note that δsemiA
A > 0 and fH(x), fA(x) > 0, so

ψ(x) → fH(x)δsemiA
A

(
1− θ fA(x)

fH(x)

)
. Under MLRP, this limit is positive if fA(0)

fH(0) is sufficiently small.

As x → x∗ (with ϕ(x∗) = K > 0), we have δsemiA
A → 0 and fA(x∗)

fH(x∗) >
FA(x∗)
FH(x∗) >

1√
θ
, implying

ψ(x∗) = FH(x∗)fH(x∗)− θ · FA(x
∗)fA(x

∗) < 0. Thus, δsemiA
A (x) can be non-monotonic in x.

(ii) Semi-H region: Differentiating δsemiH
H yields

dδ
semiH
H
dx ∝ − d

dx

(
F 2
A(x)θ − F 2

H(x)
)
. It suffices

to show F 2
H(x)

[(
FA(x)
FH(x)

)2
θ − 1

]
increases with x. Since FH(x) and FA(x)

FH(x) both increases in x from

Equation (4), the expression is strictly increasing, implying δsemiH
H decreases in x.

Proof of Lemma 5: Labeling and AI Adoption

Proof. (i) Semi-A region: Let z(x) = 1−FA(x)
1−FH(x) denote the survival function ratio, and define y(z)

as a transformed effort ratio capturing equilibrium behavior: y(z) = eD(1)
eD(0) ·

z(x)
θ , where y < z due

to eD(1)/θ < eD(0) in semi-A equilibrium. The variable y(z) combines the ratio of effort across

AI and non-AI strategies, the label survival rate, and the cost advantage of AI. This allows us to

express the type-D indifference condition πD(1) = πD(0) as:

(z − 1)2
(
y2

z2
− 1

θ

)
= ζ ·

(
z − y

z

)2
, where ζ ≡ 2Kc

θr2
. (5)

This equation defines y(z) implicitly as a function of z, and hence of x. The AI adoption rate is:

asemiA
D (x) =

λ(q − vo)− (1− λ)r2vo
(1− λ)r2vo(θy − 1)

.
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Here, āsemiA
D (x) is strictly decreasing in y(z) (

d ā
semiA
D (x)
dy < 0), and z(x) = 1−FA(x)

1−FH(x) increases in x

( dzdx > 0). Thus, the sign of
dā

semiA
D (x)

dx is the opposite of dy
dz :

dāsemiA
D

dx
=
dāsemiA

D

dy
· dy
dz

· dz
dx

∝ −dy
dz
.

Therefore, the sign of
(
dy
dz

)
determines whether AI adoption increases or decreases in x. The

following two Claims together establish the comparative statics result in the semi-A regime.

Claim 1 (Non-monotonic case). If K
r2
< θ−1

8c , then y(z) can be non-monotonic in z: it can either

first decrease and then increase, or always decrease. Therefore, āsemiA
D (x) can be non-monotonic.

Proof. See the Online Appendix.

Claim 2 (Monotonic case). If K
r2

≥ θ−1
8c , then y(z) is strictly increasing in z, implying that āsemiA

D (x)

decreases in x.

Proof. See the Online Appendix.

(ii) Semi-H region: For x > x∗, consumers ignore AI-label content entirely and āsemiH
D =

λ(q−vo)−(1−λ)r2vo
r2vo(1−λ)

[
θ
(

FA(x)
FH(x)

)2
− 1

]−1

, which strictly decreases in x because FA(x)
FH(x) increases with x.

(iii) Discontinuity at x∗: Finally, as x → x∗, the AI adoption rate jumps up: lim
x→x∗−

asemiA
D <

lim
x→x∗+

asemiH
D due to FA(x)

FH(x) <
1−FA(x)
1−FH(x) .

Proof of Lemma 6: Creators’ Effort and Profits

Proof. (i) Semi-A region: In this region, we have πD(1) = πD(0). We prove the monotonicity

by contradiction. Suppose instead πD(1) or πD(0) has a non-monotonic relationship with x and

admits a critical point x′ ∈ (0, x∗]. Then, both derivatives must vanish at x′, which means dπD(1)
dx =

dπD(0)
dx = 0. This leads to

dδ
semiA
A
dx = −fA(x)(1−δ

semiA
A )

1−FA(x) = −fH(x)(1−δ
semiA
A )

1−FH(x) , which implies fA(x)
1−FA(x) =

fH(x)
1−FH(x) . However, it contradicts MLRP, which ensures that fA(x)

fH(x) increases in x, implying fH(x)
1−FH(x) >

fA(x)
1−FA(x) .

To prove monotone increasing behavior in x, consider the behavior near x = x∗. We show

lim
x→x∗−

dπD(1)
dx = lim

x→x∗−

dπD(0)
dx > 0. By the chain rule, we have dπD(0)

dx ∝ fH(x)(1 − δsemiA
A ) + (1 −

FH(x))
dδ

semiA
A
dx . As x → x∗−, we have δsemiA

A → 0 and thus fH(x∗) + (1 − FH(x∗))
dδ

semiA
A
dx

∣∣
x=x∗ =

θFA(x∗)[fH(x∗)(1−FA(x∗)−fA(x∗)(1−FH(x∗))]
θFA(x∗)(1−FA(x∗))−FH(x∗)(1−FH(x∗)) > 0. Hence, πD (and thus πT = 1

r2
πD) strictly increases in

x. Since equilibrium profits are quadratic in effort, the associated effort levels must also rise in x.
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(i) Semi-H region: In this regime, creators’ efforts are eD(1) = θ
rc

√
2cK(FA(x)/FH(x))2

(FA(x)/FH(x))2θ−1
, and

eD(0) = 1
rc

√
2cK

(FA(x)/FH(x))2θ−1
. which decrease with x because FA(x)/FH(x) increases in x (from

Equation (4)). Then, the type-T creators’ effort and the two types of creators’ profits also decrease

with x by the same logic in case (i) above.

Proof of Proposition 3: Welfare and Optimal Labeling Threshold

Proof. For 0 < x ≤ x∗, a semi-A equilibrium exists. Consumer surplus is:

CS = λesemiA
T (q − vo)− (1− λ)r

[
āsemiA
D esemiA

D (1) + (1− āsemiA
D )esemiA

D (0)
]
vo + vo

=
{
λ(q − vo)− (1− λ)r2

[
āsemiA
D (Γ(x)− 1) + 1

]
vo

}
esemiA
T + vo,

where Γ(x) ≡ e
semiA
D (1)

e
semiA
D (0)

> 1 decreases in x, and esemiA
T increases in x (from Lemma 6). To show

CS(x) increases in x, it suffices to prove āsemiA
D (Γ(x)− 1) decreases in x. Then, we have āsemiA

D =

λ(q−vo)−(1−λ)r2vo

(1−λ)r2vo
[
Γ(x)

1−FA(x)

1−FH (x)
−1

] , which implies that

d

dx

(
āsemiA
D (Γ(x)− 1)

)
∝
[
FH(x)− FA(x)

1− FH(x)

dΓ(x)

dx
− Γ(x) (Γ(x)− 1)

d

dx

(
1− FA(x)

1− FH(x)

)]
< 0.

For x∗ < x < 1, the semi-H equilibrium exists, and consumer surplus is constant at vo. Since

type-T profit is also maximized at x∗, the platform’s objective is maximized at x∗.

Proof of Proposition 4: Effect of Algorithm Technology on Optimal Labeling Strategy

Proof. By introducing t, the optimal x∗ solves ϕ(x; t) − K = r2

2c

(
θF 2

A(x; t)− F 2
H(x; t)

)
− K = 0.

By the implicit function theorem, dx∗/dt = −(∂ϕ(x; t)/∂t)/(∂ϕ(x; t)/∂x)|x=x∗ . Since ∂ϕ(x;t)
∂x > 0

whenever ϕ(x; t) > 0, it suffices to show that

∂ϕ(x, t)

∂t
=
r2

c

(
θFA(x; t)

∂FA(x; t)

∂t
− FH(x; t)

∂FH(x; t)

∂t

)
< 0.

Proof of Proposition 5: Effect of AI Adoption Cost on Optimal Labeling Strategy

Proof. When K < K < K, the optimal labeling strategy x∗ is determined by ϕ(x) = K, where

ϕ(x) = r2

2c

(
θF 2

A(x)− F 2
H(x)

)
. By the implicit function theorem, we have dx∗

dK = 1
∂ϕ(x)/∂x

∣∣∣∣
x=x∗

> 0,

since ∂ϕ(x)/∂x > 0 for all x such that ϕ(x) > 0.
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Proof of Lemma 7: Platform Reveals the AI Score

Proof. We first derive the necessary and sufficient condition for ∂µ(s)
∂s < 0:

∂µ(s)

∂s
∝ − ∂

∂s

aDeD(1) fA(s)
fH(s) + (1− aD)eD(0)

aT eT (1)
fA(s)
fH(s) + (1− aT )eT (0)


= (aT eT (1) · (1− aD)eD(0)− aDeD(1) · (1− aT )eT (0))

∂

∂s

(
fA(s)

fH(s)

)
.

ByMLRP, ∂(fA/fH)/∂s > 0, so ∂µ(s)/∂s < 0 is equivalent to (1−āT )ēT (0)
āT ēT (1)+(1−āT )ēT (0) >

(1−āD)ēD(0)
āD ēD(1)+(1−āD)ēD(0) .

The Pool-1 and Pool-0 equilibria coincide with those of the main model (Proposition 2). We

characterize the (semi-)separating equilibria below.

(i) (Separating equilibrium). The threshold consumer strategy δ(s) = 1{s ≤ s∗} implies eT (0) =

FH(s∗)/c and eD(1) = rθFA(s
∗)/c. Consumer indifference at s∗ requires

λeT (0)fH(s∗)

λeT (0)fH(s∗) + (1− λ)reD(1)fA(s∗)
=
vo
q

⇔ λ

λ+ (1− λ)r2θ FA(s∗)
FH(s∗)

fA(s∗)
fH(s∗)

=
vo
q
. (6)

Since FA(s)
FH(s) and fA(s)

fH(s) both increases with s, there exists a unique s∗ that can solve Equation (6)

when lims→0
fA(s)
fH(s) is sufficiently small and lims→1

fA(s)
fH(s) is sufficiently large. Moreover, truthful

creators do not adopt AI if K ≥ Ks ≡ θF 2
A(s∗)−F 2

H(s∗)
2c , and deceptive creators adopt AI if K ≤

Ks ≡
r2[θF 2

A(s∗)−F 2
H(s∗)]

2c . Notice that this range of K is non-empty if s∗ is sufficiently high such that

FA(s∗)
FH(s∗) >

1√
θ
. Substituting s∗ from (6), the constraint Ks < K ≤ Ks transforms into λ > λs =

r2voθfA(s̃)FA(s̃)
r2voθfA(s̃)FA(s̃)+(q−vo)FH(s̃)fH(s̃)

, where s̃ solves r2(θF 2
A(s̃)− F 2

H(s̃))/(2c) = K for 0 < K < K.

Next, we show that the separating equilibrium is Pareto-dominated by the Pool-1 equilibrium

for K ≤ K. In Pool-1, πT = θ
2c −K, πD = r2θ

2c −K, CS = θ
c [λ(q − vo)− (1− λ)r2vo] + vo. Under

this separating equilibrium, πT =
F 2
H(s∗)
2c , πD =

θr2F 2
A(s∗)
2c −K, which are obviously lower than their

counterparts in Pool-1. The amount of high-engagement content is λeT (0) + (1 − λ)reD(1), and

the probability density function of score s is g(s) = λeT (0)fH(s)+(1−λ)reD(1)fA(s)
λeT (0)+(1−λ)reD(1) , thus the consumer

surplus is

CS = [λeT (0) + (1− λ)reD(1)]

∫ s∗

0
(µ(s)q − vo)g(s)ds+ vo = λ(q − vo)

F 2
H(s∗)

c
− (1− λ)r2vo

F 2
A(s

∗)

c
θ + vo

<
F 2
H(s∗)

c

[
λ(q − vo)− (1− λ)r2vo

]
+ vo <

θ

c

[
λ(q − vo)− (1− λ)r2vo

]
+ vo,

where the first < is due to θF 2
A(s

∗) > F 2
H(s∗).
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(ii) (Semi-separating equilibrium). Type-D’s indifference between AI and non-AI is

max
eD

{
r · eD · FA(s

∗)− c

2θ
· e2D

}
−K = max

eD

{
r · eD · FH(s∗)− c

2
· e2D

}
,

which means that s∗ can be pinned down by
r2(θF 2

A(s∗)−F 2
H(s∗))

2c = K, feasible only for 0 < K < K.

The optimal efforts are eT = FH(s∗)/c, eD(0) = rFH(s∗)/c, and eD(1) = rθFA(s
∗)/c. Consumer

indifference at s∗ pins down aD = [λ(q−vo)−(1−λ)r2vo]FH(s∗)fH(s∗)
(1−λ)r2vo[θFA(s∗)fA(s∗)−FH(s∗)fH(s∗)] , with aD ∈ (0, 1) requir-

ing λ < λ < λs. Next, we show that this semi-separating equilibrium is Pareto-dominated by

the Pool-1 equilibrium for K < K. The creator profits are obviously lower than their coun-

terparts in Pool-1 due to FH(s∗) < 1. The amount of high-engagement content is λeT + (1 −

λ)r {aDeD(1) + (1− aD)eD(0)}, and the probability density function of score s is the mixture

g(s) = λeT fH(s∗)+(1−λ)r{aDeD(1)fA(s∗)+(1−aD)eD(0)fH(s∗)}
λeT+(1−λ)r{aDeD(1)+(1−aD)eD(0)} , then we have

CS = {λeT + (1− λ)r[aDeD(1) + (1− aD)eD(0)]}
∫ s∗

0
(µ(s)q − vo)g(s)ds+ vo

= λeT (q − vo)FH(s∗)− (1− λ)r[aDeD(1)FA(s) + (1− aD)eD(0)FH(s∗)]vo + vo

< λeT (q − vo)FH(s∗)− (1− λ)reD(0)FH(s∗)vo + vo

=
F 2
H(s∗)

c

[
λ(q − vo)− (1− λ)r2vo

]
+ vo <

θ

c

[
λ(q − vo)− (1− λ)r2vo

]
+ vo,

where the first < is due to aD > 0 and eD(1)FA(s
∗) − eD(0)FH(s∗) > 0, and the second < is

obvious.

Proof of Proposition 6: Coarse Labeling Dominates Fine Disclosure

Proof. First, the optimal labeling threshold x∗ is determined by r2

2c (θF
2
A(x

∗) − F 2
H(x∗)) = K,

and thus coincides with ssemi. Under x∗, creators’ effort decisions are eT = FH(x∗)
c , eD(0) =

rFH(x∗)
c , eD(1) =

rθFA(x∗)
c , and asemiA

D

∣∣
x=x∗ = [λ(q−vo)−(1−λ)r2vo]FH(x∗)(1−FH(x∗))

(1−λ)r2vo[θFA(x∗)(1−FA(x∗))−FH(x∗)(1−FH(x∗))] . We have

asemiA
D

∣∣
x=x∗ < asD ⇔ 1−FA(x∗)

1−FH(x∗) >
fA(x∗)
fH(x∗) which is true due to MLRP of fA(x)

fH(x) . Moreover, CSsemiA |x=x∗ >

CSs can be shown using asemiA
D

∣∣
x=x∗ < asD. Truthful creators’ profit is πT =

F 2
H(x∗)
2c in both

cases.

Proof of Proposition 7: Endogenous Creator Types and Regulatory Inspection

Proof. In this proof, we assume τ <
cr(r

2 − 1)K

γ(1− λ̃)r2(θ − 1)
to ensure λ⋄ ∈ [λ, λ̃) (Assumption 1). The

regulator’s best response α∗(κ) and the equilibrium deceptive fraction κ∗(x) are derived in the main
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text. With κ∗(x) of type-D creators in modeD, the effective truthful share is λ⋄ = 1−(1−λ)κ∗(x).

Hence the creator-consumer subgame is isomorphic to the main model with λ replaced by λ⋄, so

Proposition 2 applies with λ→ λ⋄, yielding the Semi-A and Semi-H structures stated.

In both Semi-A and Semi-H, πD(x) = r2πT (x), so πD(x)−πT (x) = (r2−1)πT (x), and therefore:

κ∗(x) = min

{
cr(r

2 − 1)

τγ(1− λ)
πT (x), 1

}
.

By Lemma 6, πT (x) is increasing on (0, x∗] and decreasing on (x∗, 1). Since min{f(x), 1} inherits

the weak monotonicity of f(x) and is flat at 1 whenever f(x) ≥ 1, κ∗(x) is non-decreasing on (0, x∗]

and non-increasing on (x∗, 1).

Proof of Lemma 8: Equilibrium Characterization with Positive Utility of Deceptive

Content

Proof. A consumer who consumes high-engagement content obtains expected utility µq+(1−µ)βq =

[β + (1− β)µ]q, and thus consumes if and only if

µ ≥ µβ ≡ vo − βq

(1− β)q
.

Case (1): 0 < β < vo/q. Here µβ > 0, so consumers remain selective. The creators-consumers

subgame is isomorphic to the main model after replacing the consumer’s belief threshold vo/q

with µβ in every indifference condition. The type-D indifference equation πD(1) = πD(0) that

pins down δsemiA
A (in semi-A) and δsemiH

H (in semi-H), and the cutoff x∗ = ϕ−1(K) (where ϕ(x) =

r2

2c (θF
2
A(x)−F 2

H(x))) are independent of β. The equilibrium structure therefore follow directly from

the proof of Proposition 2, with the consumer-side bounds on λ relabeled as λβ and λ̃β — obtained

by replacing vo/q with µβ in the corresponding expressions for λ and λ̃.

Case (2): vo/q ≤ β < 1. Now µβ ≤ 0, so consumers consume regardless of label or beliefs, and

δH = δA = 1 in every equilibrium. Type-j creators’ expected demand under either AI choice equals

one, and their payoffs reduce to

πj(a = 1) =
η2j θ

2c
−K, πj(a = 0) =

η2j
2c
, with ηT = 1, ηD = r.

Thus, type-T adopts AI iff K ≤ K, and type-D adopts AI iff K ≤ K.
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Proof of Proposition 8: Welfare Impact with Positive Utility of Deceptive Content

Proof. Case (1): 0 < β < vo/q. By Lemma 8, the equilibrium objects δsemiA
A (x), δsemiH

H (x),

esemiA
T (x), Γ(x), āsemiA

D (x), and the cutoff x∗ retain the same dependence on x as in the main

model. Each unit of deceptive content consumed delivers βq instead of 0, so the consumer’s per-

unit loss relative to the outside option becomes vo − βq rather than vo. Substituting this into the

consumer surplus expression in the proof of Proposition 3, in the semi-A region (x ≤ x∗) we have

CS(x) =
{
λ(q − vo)− (1− λ)r2

[
āsemiA
D (Γ(x)− 1) + 1

]
(vo − βq)

}
esemiA
T (x) + vo.

Because vo−βq > 0 when β < vo/q, this expression has the same sign structure as in Proposition 3

and thus increases with x for x ≤ x∗. For x > x∗, consumers are indifferent on LH and never

consume LA, so each consumed unit yields exactly the outside utility, and CS(x) = vo. Creators’

profit is independent of β and thus increases on [0, x∗] and decreases on (x∗, 1). Combining the two

welfare components, the platform’s weighted objective is single-peaked at x = x∗.

Case (2): vo/q ≤ β < 1. By Part (2) of Lemma 8, the equilibrium for K < K < K has

δH = δA = 1, eT (0) = 1/c, and eD(1) = rθ/c, none of which depend on x. Truthful creators’ profit

is πT = 1/(2c), independent of x. Consumer surplus reduces to

CS = λ · eT (0) · (q − vo)− (1− λ)r · eD(1) · (vo − βq) + vo,

which is irrelevant to x. Hence, both quantities are invariant to the labeling threshold.
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A.1 Detailed proof for Proposition 1

We provide an omitted portion of the proof for Proposition 1. In the main proof, we have that
∂µH(σ̃)

∂x ∝ − d
dx

(
FA(x)
FH(x)

)
and ∂µA(σ̃)

∂x ∝ − d
dx

(
1−FA(x)
1−FH(x)

)
without detailed steps. We provide detailed

steps.

∂µH(σ̃)

∂x
= −

λ(1− λ)rF 2
H(x) [aDeD(1) · (1− aT )eT (0)− (1− aD)eD(0) · aT eT (1)]

[λmT (H) + (1− λ)mD(H)]2
d

dx

(
FA(x)

FH(x)

)
∝ − d

dx

(
FA(x)

FH(x)

)
.

∂µA(σ̃)

∂x
= −λ(1− λ)r(1− FH(x))2 [aDeD(1) · (1− aT )eT (0)− (1− aD)eD(0) · aT eT (1)]

[λmT (A) + (1− λ)mD(A)]
2

d

dx

(
1− FA(x)

1− FH(x)

)
∝ − d

dx

(
1− FA(x)

1− FH(x)

)
.

A.2 Detailed proof for Proposition 2

We provide the omitted part of the proof for Proposition 2. We verify that aD ∈ (0, 1) given

λ < λ < λ̃ and these two semi-separating equilibria are Pareto-dominated by Pool-1 equilibrium

when 0 < K < K. We first define the threshold λ̃ as follows:

λ̃ =
F 2
A(ϕ

−1(K))r2voθ

F 2
A(ϕ

−1(K))r2voθ + (q − vo)F 2
H(ϕ−1(K))

.

(i) Semi-A region: The type-D creators’ mixing probability āD is

asemiA
D =

[λ(q − vo)− (1− λ)r2vo]e
semiA
D (0)(1− FH(x))

(1− λ)r2vo[e
semiA
D (1)(1− FA(x))− esemiA

D (0)(1− FH(x))]
.

We show āsemiA
D ∈ (0, 1) if λ < λ < λ̃. Obviously, λ < λ implies that āsemiA

D > 0. Using λ < λ̃, we

have

asemiA
D ≤

(
esemiA
D (1)(1− FA(x))

esemiA
D (0)(1− FH(x))

− 1

)−1

×
(
F 2
A(ϕ

−1(K))

F 2
H(ϕ−1(K))

θ − 1

)
,

1



Thus, to show asemiA
D < 1, we only need to have

e
semiA
D (1)

e
semiA
D (0)

≥ FA(x∗)
FH(x∗)θ ≥ FA(ϕ−1(K))

FH(ϕ−1(K))
θ and 1−FA(x)

1−FH(x) >

1 > FA(ϕ−1(K))
FH(ϕ−1(K))

. Then, we show that when 0 < K ≤ K, consumer surplus in semi-A is lower than

that in the pooling-1 equilibrium.

CSsemiA = λesemiA
T (0)(q − vo)− (1− λ)r

[
āsemiA
D esemiA

D (1) + (1− āsemiB
D )esemiA

D (0)
]
vo + vo

< esemiA
T

[
λ(q − vo)− (1− λ)r2vo

]
+ vo

< epool−1
T

[
λ(q − vo)− (1− λ)r2vo

]
+ vo = CSpool−1.

And creators’ profits are also lower than those in Pool-1 due to δsemiA
A < 1.

(ii) Semi-H region: Creators’ optimal efforts are esemiH
T =

FHδ
semiH
H
c , esemiH

D (0) =
rFHδ

semiH
H
c ,

and esemiH
D (1) =

rθFAδ
semiH
H
c . Type-D creators’ mixing probability āsemiH

D is

āsemiH
D =

λ(q − vo)− (1− λ)r2vo
r2vo(1− λ)

[
θ

(
FA(x)

FH(x)

)2

− 1

]−1

,

We show āsemiH
D ∈ (0, 1) using λ < λ̃ for x∗ < x < 1.

āsemiH
D ≤

[
θ

(
FA(x)

FH(x)

)2

− 1

]−1

×
(
F 2
A(ϕ

−1(K))

F 2
H(ϕ−1(K))

θ − 1

)
< 1,

where the < is due to x > ϕ−1(K) and thus FA(x)
FH(x) >

FA(ϕ−1(K))
FH(ϕ−1(K))

. Moreover, consumer surplus is vo

in semi-H and thus lower than that in Pool-1. Creators’ profits are also lower due to δsemiH
H < 1.

A.3 Detail Proof for Lemma 7

Proof of Claim 1

Proof. Given K
r2
< θ−1

8c , we have lim
z→1

dy(z)
dz < 0 and lim

z→+∞
dy(z)
dz > 0. By continuity of y(z) on z, there

must exist a value ẑ such that y′(ẑ) = 0. We prove the uniqueness of ẑ by contradiction. Suppose

there are multiple roots for dy(z)
dz = 0, there must exist a horizontal line y = ŷ that intersects with

y(z) for more than three times such that for z ∈ {z1, z2, z3, · · · }, we have y(z) = ŷ. As y(z) is a

solution to Equation (5), we must have that for z ∈ {z1, z2, z3, · · · },

g1(z; ŷ) = g2(z; ŷ).

where g1(z; ŷ) = (z − 1)2
(
ŷ2

z2
− 1

θ

)
and g2(z; ŷ) = ζ(z − ŷ

z )
2 are functions of z parameterized by

ŷ. Next, we only need to prove that g1(z; ŷ) and g2(z; ŷ) cannot have more than two interactions

Let’s consider two cases.

• For ŷ ≥ 1, note that for z ≥
√
θŷ, g1(z; ŷ) ≤ 0 and thus cannot intersect with g2(z; ŷ). we

show that g1(z; ŷ) and g2(z; ŷ) have only one intersection for ŷ < z <
√
θŷ. As dg1(z;ŷ)

dz =

2



2(z−1)
θz3

(ŷ2θ − z3) and dg1(z;ŷ)
dz

∣∣∣∣
z=

√
θŷ

= − 2

yθ
3
2
(
√
θŷ − 1)2 < 0, g1(z; ŷ) can either first increase

and then decrease with z; or always decrease with z. g2(z; ŷ) monotonically increases with z

because dg2(z;ŷ)
dz = 2ζ

(
z − ŷ

z

)(
1 + ŷ

z2

)
> 0. At z = ŷ, we have g1(ŷ; ŷ) = (ŷ − 1)2(1 − 1

θ ) >

ζ(ŷ − 1)2 = g2(ŷ; ŷ). At z =
√
θŷ, we have g1(

√
θŷ; ŷ) = 0 < ζ(

√
θŷ − 1

θ )
2 = g2(

√
θŷ; ŷ). This

means that g1(z; ŷ) and g2(z; ŷ) have at most one interaction in z for ŷ ≥ 1.

• For 0 < ŷ < 1, we show that g1(z; ŷ) and g2(z; ŷ) have at most two intersections for 1 < z <
√
θŷ. As dg1(z;ŷ)

dz ∝ (ŷ2θ − z3) and (ŷ2θ − z3) decreases with z, and we have dg1(z;ŷ)
dz

∣∣∣∣
z=1

∝

(θŷ2−1) > 0, which implies that g1(z; ŷ) first increases and then decreases with z. And g2(z; ŷ)

still monotonically increases with z. At z = 1, we have g1(1; ŷ) = 0 < ζ(ŷ − 1)2 = g2(1; ŷ).

At z =
√
θŷ, we have g1(

√
θŷ; ŷ) = 0 < ζ(

√
θŷ − 1

θ )
2 = g2(

√
θŷ; ŷ). This means that g1(z; ŷ)

and g2(z; ŷ) has at most two interactions for 1 < z <
√
θŷ.

As a result, y(z) first decreases and then increases in z for z ∈ (1,∞). This means that for

z ∈ (1, z(x∗)), y(z) can either first decrease and then increase in z; or always decrease in z.

Proof of Claim 2

Proof. Given K
r2

≥ θ−1
8c , we have lim

z→1

dy(z)
dz ≥ 0. We can prove that y(z) must have a monotonic

relationship with z by contradiction, following the same logic in Proof of Claim 1 above.

A.4 Analysis for Extreme Belief Case

In our main text, we focus on the intermediate range of the fraction of truthful creators, λ < λ < λ̃,

where consumers remain skeptical about the truthfulness of high-engagement content. This is the

region where algorithmic labeling is most consequential for shifting market equilibrium behavior.

In this Online Appendix, we analyze the extreme belief cases where λ is either very low (λ < λ) or

very high (λ̃ < λ).

Case (i). (λ < λ) When λ is very low, there only exists a pooling-∅ equilibrium in which creators

do not exert effort and content is all low-engagement. Consumers’ posterior belief upon seeing

high-engagement content is off-equilibrium-path and can be specified as 0.

Case (ii). (λ > λ̃) When λ is very high, we provide the existence condition for two types of pure

strategy equilibria and show that the creator’s AI adoption strategies and consumer consumption

strategy are invariant in x, in Lemma OA1. Note that λ̃ is the lower bound such that for λ > λ̃,

two types of pure strategy equilibria are feasible under certain labeling thresholds x ∈ (0, 1). The

expression of λ̃ is provided in Section A.2 of the online appendix.

Lemma OA1 (Separating Equilibria). Two types of separating equilibria exist:

(i) (Sep-All) If K ≤ K ≤ K and λsepA ≤ λ < 1, consumers fully consume LA content (δA = 1)

and LH content (δH = 1). The type-T creators avoid AI, and the type-D creators always

adopt AI.
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(ii) (Sep-H) If K < K ≤ ϕ(x) and λsepH ≤ λ < λ
sepH , consumers fully consume LH content

(δH = 1) and never consume LA content (δA = 0). The type-T creators avoid AI, and the

type-D creators always adopt AI.

Proof. (i) Sep-All equilibrium

Given consumers’ strategy δsepAc = (1, 1), the type-T creators have an incentive to adopt AI and

type-D creators do not if and only ifK ≤ K ≤ K. Two types of creators’ optimal effort levels can be

solved by esepAT (0) = 1
c and esepAD (1) = rθ

c . Then, consumers consume AI-labeled content if and only

if µA =
λe

sepA
T (0)(1−FH(x))

λe
sepA
T (0)(1−FH(x))+(1−λ)re

sepA
D (1)(1−FA(x))

≥ vo
q ⇔ λ ≥ λsepA ≡ (1−FA(x))r2θvo

(1−FA(x))r2θvo+(1−FH(x))(q−vo)
,

where λsepA ∈ (λ̃, 1) due to 1−FA(x)
1−FH(x) > 1 > FA(x)

FH(x) .

(ii) Sep-H equilibrium

Given consumers’ strategy δsepHc = (1, 0), the type-T creators avoid AI and the type-D creators

adopt AI if and only if
max
eT

{eT · FA(x)− c
2θ · e

2
T } −K ≤ max

eT
{eT · FH(x)− c

2 · e2T }

max
eD

{r · eD · FA(x)− c
2θ · e

2
D} −K ≥ max

eD
{r · eD · FH(x)− c

2 · e2D}
⇔ ϕ(x)

r2
≤ K ≤ ϕ(x).

Then, two types of creators’ equilibrium efforts are esepHT (0) = FH(x)
c and esepHD (1) = rθFA(x)

c .

Therefore, consumers are willing to consume content with LH , but not content LA if and only if
µH =

λe
sepH
T (0)FH(x)

λe
sepH
T (0)FH(x)+(1−λ)re

sepH
D (1)FA(x)

≥ vo
q .

µA =
λe

sepH
T (0)(1−FH(x))

λe
sepH
T (0)(1−FH(x))+(1−λ)re

sepH
D (1)(1−FA(x))

< vo
q .

⇔ λsepH ≤ λ < λ
sepH ,

where λsepH =
F 2
A(x)r2voθ

F 2
A(x)r2voθ+F 2

H(x)(q−vo)
and λ

sepH = FA(x)(1−FA(x))r2voθ
FA(x)(1−FA(x))r2voθ+FH(x)(1−FH(x))(q−vo)

.

Lastly, we show that this equilibrium is Pareto-dominated by the Pool-1 equilibrium when

0 < K ≤ K. Creators’ profits are lower due to δA = 0, and consumer surplus is also lower than

that in the Pool-1 equilibrium as follows

CSsepH = λesepHT (0)FH(x)(q − vo)− (1− λ)resepHD (1)FA(x)vo + vo

< esepHT (0)FH(x)
[
λ(q − vo)− (1− λ)r2vo

]
+ vo

< epool−1
T

[
λ(q − vo)− (1− λ)r2vo

]
+ vo = CSpool−1.

Therefore, the Sep-H equilibrium exists only when λ ∈ [λsepH , λ
sepH ) and K ∈ (K,ϕ(x)]. Notice

that the interval of (K,ϕ(x)] is non-empty if and only if x > ϕ−1(K). In this case, we can have

λsepH > λ̃.

A.5 Alternative Benchmark 1: The Case without Platform Detection

This benchmark considers a scenario in which the platform does not employ a detection algorithm,

and consumers observe only the realized engagement level of the content and update beliefs based
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solely on creators’ anticipated equilibrium behavior. Given σ̃j for j ∈ {T,D}, the probability that

a type-j creator produces high-engagement content is:

Pr(q = q | j) = ηj · [āj · ēj(1) + (1− āj) · ēj(0)] .

Given this structure, a consumer’s belief that a high-engagement piece of content is truthful is:

µ0(σ̃) =
λ · [āT · ēT (1) + (1− āT ) · ēT (0)]

λ · [āT · ēT (1) + (1− āT ) · ēT (0)] + (1− λ) · r · [āD · ēD(1) + (1− āD) · ēD(0)]
.

In equilibrium σ̃ = σ, so a consumer consumes high-engagement content iff µ0(σ̃)q− vo ≥ 0. Given

consumer strategy δc, the optimal effort levels are:

eT (0; δc) = argmax
eT

{
eT δc −

c

2
e2T

}
= δc/c, eT (1; δc) = argmax

eT

{
eT δc −

c

2θ
e2T

}
= θδc/c.

eD(0; δc) = argmax
eD

{
reDδc −

c

2
e2D

}
= rδc/c, eD(1; δc) = argmax

eD

{
reDδc −

c

2θ
e2D

}
= rθδc/c.

We next characterize different types of equilibria that may arise in this benchmark environment.

Pooling Equilibrium

When λ is sufficiently high, consumers always consume (δc = 1), and both types may adopt the

same AI strategy, yielding the “Pool − 1” and “Pool − 0” equilibria, whose existence conditions

coincide with those in Proposition 2. A third pooling equilibrium “Pool − ∅′′ has no effort and

δc = 0 (market collapse), but is Pareto-dominated whenever others exist.

Lemma OA2. There are three different types of pooling equilibria. Let K ≡ θ−1
2c and K ≡ r2(θ−1)

2c .

(1) (Pool-1) If λ ≥ λ ≡ r2vo
r2vo+(q−vo)

and 0 < K ≤ K, a pooling equilibrium exists with δc = 1,

āT = āD = 1, eT (1) = θ/c, and eD(1) = rθ/c.

(2) (Pool-0) If λ ≥ λ and K ≥ K, a pooling equilibrium exists with δc = 1, āT = āD = 0,

eT (0) = 1/c, and eD(0) = r/c.

(3) (Pool-∅) For any λ, there always exists a pooling equilibrium where δc = 0 and no effort or AI

adoption. The off-equilibrium-path belief can be specified as 0 upon observing a high-engagement

piece of content. This outcome is Pareto-dominated when other equilibria are feasible.

Proof. First, the analysis of the pooling equilibrium is the same as the main model and thus

is omitted. We only need to analyze the Pool-∅ Equilibrium. In Pool-∅, no effort is exerted,

and the content is uniformly low-engagement. Therefore, consumers’ posterior belief upon seeing

high-engagement content is off-equilibrium-path and thus can be specified as 0 and choose not to

consume. Given this, creators have no incentive to exert effort, confirming the equilibrium.
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Separating Equilibrium

When K ≤ K ≤ K and λ ≥ λ ≡ r2voθ
r2voθ+(q−vo)

, a pure-strategy separating equilibrium exists:

truthful creators avoid AI (āT = 0), deceptive creators adopt it (āD = 1), and consumers, inferring

high-engagement content is likely truthful, consume (δc = 1). The two types thus diverge only

when AI cost is neither too low nor too high.

Lemma OA3. If K ≤ K ≤ K and λ ≥ λ ≡ r2voθ
r2voθ+(q−vo)

, a separating equilibrium exists with

δc = 1, āT = 0, eT (0) = 1/c, and āD = 1, eD(1) = rθ/c.

Proof. Given δc = 1, a separating equilibrium where type-T creators avoid AI and type-D creators

adopt AI exists if and only if
max
eT

{
eT · δc − c

2θ · e
2
T

}
−K ≤ max

eT

{
eT · δc − c

2 · e2T
}

max
eD

{
r · eD · δc − c

2θ · e
2
D

}
−K ≥ max

eD

{
r · eD · δc − c

2 · e2D
} ⇔ K ≤ K ≤ K.

Then, the optimal effort levels are eT (0) =
1
c and eD(1) =

rθ
c . Given this, consumers will consume

high-engagement content if and only if the λ is sufficiently high, µ(σ̃) = λeT (0)
λeT (0)+(1−λ)reD(1) ≥

vo
q ⇔

λ ≥ λ ≡ r2voθ
r2voθ+(q−vo)

.

Semi-separating Equilibrium

A semi-separating equilibrium exists in which type-T creators avoid AI (āT = 0), type-D creators

mix (0 < āD < 1), and consumers are indifferent between consuming and not consuming high-

engagement content.A1 It arises under intermediate conditions: λ < λ < λ and 0 < K < K.

Outside this range, consumers either fully consume (high λ) or disengage entirely (low λ), and

creators either all adopt AI (low K) or all reject it (high K). Within this range, a pure-strategy

separating equilibrium fails: full consumption would invite type-D creators to flood the market

with AI-generated content, deterring consumers from fully consuming. This equilibrium is also

Pareto-dominated by Pool-1 whenever 0 < K ≤ K.

Lemma OA4. If λ < λ < λ and 0 < K < K, there exists a semi-separating equilibrium where

consumers are indifferent, and their strategy is given by δc = 1
r ·
√

2cK
θ−1 . Type-T creators choose

(0, eT (0)), and type-D creators mix between (1, eD(1)) and (0, eD(0)) with probability āD ∈ (0, 1).

Moreover, if K is small such that 0 < K ≤ K, this semi-separating equilibrium is Pareto-dominated

by the Pool-1 equilibrium.

Proof. In equilibrium, type-D creators are indifferent between adopting AI or not, which requires

max
eD

{
r · eD · δc −

c

2θ
· e2D

}
−K = max

eD

{
r · eD · δc −

c

2
· e2D

}
⇒ δc =

1

r

√
2cK

θ − 1
.

A1Another semi-separating equilibrium exists in which type-T creators mix (āT ∈ (0, 1)) and type-D creators always
use AI (āD = 1). It exists only for 0 < K < K and is Pareto-dominated by Pool-1.
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This implies 0 < δc < 1 if and only if 0 < K < K.

Given δc, the optimal efforts are eT (0) =
δc
c , eD(0) =

rδc
c , and eD(1) =

rθδc
c . In equilibrium, the

type-D creator’s strategy āD makes consumers indifferent between consuming high-engagement

content and taking the outside option, such that λeT (0)
λeT (0)+(1−λ)r[āDeD(1)+(1−āD)eD(0)] = vo

q , which

implies that āD = (q−vo)λ−(1−λ)r2vo
(1−λ)r2vo(θ−1)

. To ensure āD ∈ (0, 1), we have λ < λ < λ.

Finally, note that the semi-separating equilibrium is Pareto-dominated by the Pool-1 equilibrium

for 0 < K ≤ K. Under semi-separating equilibrium: πT = δ2c
2c , πD = (rδc)2θ

2c −K, CS = 0. Under

the Pool-1: πT = θ
2c −K, πD = r2θ

2c −K, CS = θ
c

[
λ(q − v0)− (1− λ)r2vo

]
> 0, which are higher

than their counterparts in semi-separating equilibrium.

Equilibrium Characterization without Platform Detection

Lemmas OA2–OA4 jointly characterize all equilibrium outcomes; Figure A1 summarizes the Pareto-

optimal equilibrium in each (λ,K) region. We focus on λ ≥ λ, since for λ < λ consumers disengage

and demand collapses.

For low AI cost (0 < K ≤ K), both types adopt AI, and consumers fully consume (Pool-1). For

intermediate cost (K < K < K), type-T creators abstain while type-D creators adopt AI, making

high-engagement content a noisy signal of misinformation. The resulting equilibrium depends on

how confident consumers are in the proportion of truthful creators. When λ is intermediate (λ <

λ < λ), consumers consume with probability 0 < δc < 1, yielding a semi-separating equilibrium;

when λ ≥ λ, consumers fully consume, yielding a pure separating equilibrium. For high AI cost

(K ≥ K), neither type adopts AI and consumers fully consume (Pool-0).

Figure A1: Equilibrium of Creators-Consumers Subgame without Platform Detection
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A.6 Alternative Benchmark 2: Truthful Creators Do Not Use AI

Here, we present a simplified benchmark in which truthful creators never adopt AI. This sim-

plified benchmark makes it easier to see the core mechanism of consumer inference: since only

deceptive creators consider using AI in that scenario, any content labeled as “AI-generated” is im-

mediately suspect, and conversely, a “human-generated” label becomes a credible signal of truthful-

ness. This analysis closely parallels the main model’s structure, so we emphasize the key differences.

First, we characterize the equilibrium in the following Lemma OA5 and Figure A2.

Lemma OA5 (Equilibrium Characterization). Under Assumption 1, the equilibrium depends on

the cost of AI adoption K and the platform’s labeling threshold x as follows:

(1) If 0 < K < K, two different types of semi-separating equilibria exist:

(i) (Semi-A): If x ∈ (0, x∗], consumers mix over LA content (δA ∈ (0, 1)) and fully consume

LH (δH = 1). Type-T creators avoid AI, and type-D creators mix AI adoption with

probability āsemiA
D ∈ (0, 1).

(ii) (Semi-H): If x ∈ (x∗, 1), consumers never consume LA (δA = 0) and mix over LH

(δH ∈ (0, 1)). Type-T creators avoid AI, and type-D creators mix AI adoption with

probability āsemiH
D ∈ (0, 1).

(2) If K ≥ K, the unique equilibrium is the Pool-0 equilibrium: both types avoid AI.

Figure A2: Equilibrium Characterization by Assuming Truthful Creators Do Not Use AI

Note that, unlike the main model, the pooling equilibrium where both creator types adopt

AI (Pool-1) cannot exist in this simplified setup. This follows directly from the assumption that

truthful creators never adopt AI. In contrast, Pool-1 can emerge in the main model when AI costs

are sufficiently low K ≤ K. Intuitively, even though detection introduces labels that consumers use
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to infer authenticity and creates a signaling mechanism, the efficiency gains from reduced effort costs

outweigh the downsides of pooling with deceptive creators, and truthful creators still adopt AI to

exploit its cost-saving advantages for 0 < K ≤ K. This tension underscores detection’s limits: very

low AI costs can overwhelm its deterrent effect, incentivizing even truthful creators to adopt, thus

rendering the labels uninformative and collapsing the equilibrium to Pool-1. Such dynamics are

absent here due to the simplifying assumption that restricts truthful creators’ adoption incentives.

Therefore, we retain the full strategic flexibility in the main model and use this benchmark to

demonstrate the robustness of our core results under a simpler structure.

Furthermore, we confirm that the main model’s comparative statics hold here. Intuitively, the

proof of comparative statics is performed within the regime of semi-A and semi-H equilibria, which

generalize straightforwardly. Thus, we omit proofs for brevity. In essence, this benchmark confirms

the core messages of the paper—regime shifts driven by consumer inference, the non-monotonic

impact of labeling threshold, and the platform’s strategic detection policy.
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