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“I’m sorry, but I cannot fulfill that request.”

– ChatGPT

1 Introduction

Large language models have rapidly become a mass consumer technology. By July 2025, ChatGPT

alone was used weekly by 700 million people, who collectively sent 18 billion messages each week,

with more than 70% of sampled consumer-plan usage classified as nonwork (Chatterji et al. 2025). As

LLMs become embedded in everyday information seeking, writing, and practical decision-making, con-

cerns have grown about the potential for these systems to generate harmful, misleading, or otherwise

inappropriate content.

A primary mechanism for limiting harmful output is content moderation. When a user submits a

prompt that violates an LLM’s safety guidelines, the LLM may refuse to answer. LLMs differ substan-

tially in how they implement moderation. Some of the most widely used proprietary systems, such as

OpenAI’s GPT, Anthropic’s Claude, and Google’s Gemini, implement relatively strict safeguards. By

contrast, firms such as xAI and several open-source initiatives emphasize fewer restrictions, promoting

the “uncensored” nature of their systems.1 Because refusals change the user experience, moderation

can influence which LLM responses users prefer.

Existing work on AI safety has largely studied moderation as a technical design problem: how to

make models useful while limiting harmful output. Much less is known about the economic conse-

quences of these design choices, including how safety policies affect user behavior, substitution across

providers, and competitive outcomes in generative AI markets.

Consider a user who asks an LLM to “name some situations in which it is appropriate to inflict

injury on other people.” Anticipating that the model may refuse to respond could deter the user from

submitting the risky prompt at all. Alternatively, the user may gravitate toward a less moderated

model that is less likely to refuse. This example highlights two margins through which moderation

may matter: whether users submit risky prompts, and which model they choose conditional on doing

so. We ask how moderation policies shape these margins and, in turn, the prevalence of risky content

and competition among LLM providers.

1In this context, “open-source” refers to models whose trained weights are publicly released and can be downloaded,
modified, or fine-tuned by third parties. Proprietary models do not release their weights. The distinction does not
necessarily imply differences in commercial status, as many open-weight models are also offered through paid APIs.
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These questions are especially important because regulation of LLM content moderation is evolving

rapidly and differs across jurisdictions. In the European Union, the 2024 AI Act imposes transparency

and documentation requirements on providers of general-purpose AI models, including large language

models, while the 2022 Digital Services Act sets content-moderation and transparency obligations on

online platforms. The United States has no comprehensive AI law, relying instead on executive orders

and voluntary commitments, and federal agencies have resisted adopting foreign content rules, citing

conflicts with free speech norms. This regulatory flux motivates our work.2

We study the economic consequences of moderation using data from LMArena, a platform widely

used to benchmark LLM performance, but not previously used to study user demand for LLMs.

In LMArena, users submit prompts, compare two unlabeled LLM responses, and vote for the re-

sponse they prefer. The dataset records these pairwise evaluations and contains 25,912 single-turn

English-language conversations across 20 LLMs, including proprietary systems as well as open-source

alternatives. We classify prompts as risky or safe using available toxicity scores. Because refusals are

not explicitly labeled in the data, we identify them using an LLM-as-a-judge approach, in which a

separate LLM classifies each response as a refusal or non-refusal.

In the data, risky prompts are rare, accounting for 3.7% of cases, but they are consequential: when

a model refuses to answer, its win rate falls from 39% to 16% on risky prompts. Performance differences

across model types vary sharply with prompt risk. Proprietary LLMs substantially outperform open-

source models on safe prompts, but their advantage largely disappears for risky prompts. In these

risky contexts, lower refusal rates allow open-source models to remain competitive.

We formalize these patterns using a two-stage structural model of user choice. In the first stage,

users decide whether to submit a risky prompt, taking into account expectations about how different

models will respond. In the second stage, conditional on prompt type, users choose among LLM re-

sponses. Identification leverages the institutional structure of LMArena: because LLMs are randomly

and anonymously assigned to prompts, variation in observed choices reflects differences in response

quality and refusal behavior rather than brand, price, or user self-selection. Differences in refusal

probabilities across models and prompt types allow us to separately identify the utility penalty asso-

ciated with refusals from underlying quality differences; we find that users strongly prefer proprietary

2See European Parliament and Council of the European Union (2022), European Parliament and Council of the
European Union (2024), and Financial Times (2025) on EU regulation; White & Case LLP (2026), Federal Trade
Commission (2025), and Oremus (2025) on the U.S. landscape.

2



responses, reflecting substantial gaps in response quality. To capture unobserved heterogeneity in how

users weigh response quality against refusals, we estimate a latent-class model. The model identifies

a distinct risk-taking segment, comprising 22% of users, whose prompting and LLM choices respond

directly to moderation policy, making it central to our policy analysis.

We then use the estimated model to simulate counterfactual moderation regimes and evaluate

their implications for risky prompting and market concentration. We consider eliminating refusals

for risky prompts, imposing strict moderation universally such that all LLM providers refuse risky

prompts, and allowing divergent policies across proprietary and open-source providers. The results

reveal a central tension. Universal strict moderation reduces risky prompting but increases market

concentration, reinforcing the dominance of proprietary LLMs. Divergent policies that impose stricter

moderation on proprietary LLMs than on open-source models can instead reduce risky prompting

while lowering concentration among risk-takers, as demand shifts toward the open-source models that

answer risky prompts. The concentration effects are economically meaningful: across the policies we

examine, HHI among risk-takers spans 117 points, comparable to removing a major LLM from the

market. We characterize a safety–competition frontier that traces the feasible combinations of risky

prompting and concentration implied by different moderation intensities. The status quo does not

lie on this frontier, suggesting that alternative moderation regimes could improve both safety and

competition.

These results show that moderation has important implications for competition policy: universal

strict moderation weakens one of the main margins on which open-source models compete and shifts

demand toward proprietary incumbents, whereas stricter moderation requirements for proprietary

providers can lower concentration. In a still-forming market, such reallocations may affect provider

viability and future innovation (Aghion et al. 2023).

This paper makes three contributions. First, we develop a structural demand framework that

embeds content moderation directly into user choice, jointly modeling whether users submit risky

prompts and which LLM they select. Second, we document substantial user heterogeneity in gener-

ative AI markets, identifying a distinct risk-taking segment and quantifying how changes in refusal

rates propagate through prompting decisions and market shares. Third, we connect AI safety to in-

dustrial organization, showing that moderation policy operates as an instrument of competition and

characterizing a safety–competition frontier that traces how alternative moderation regimes reshape
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market structure.

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

3 describes the data. Section 4 presents the model. Section 5 discusses estimation. Section 6 reports

the results. Section 7 develops counterfactual policy simulations and the safety–competition frontier.

Section 8 concludes.

2 Literature

We contribute to three strands of literature: AI safety and content moderation in digital platforms,

user behavior and preferences in generative AI markets, and market structure and competition policy.

The first strand studies AI safety and content moderation. A substantial computer science liter-

ature addresses the challenge of building language models that are both safe and useful. Early work

identified broad categories of risks in AI systems, including reward hacking, side effects, and speci-

fication gaming (Amodei et al. 2016). Gehman et al. (2020) introduced the RealToxicityPrompts

benchmark, demonstrating that pretrained models frequently generate toxic outputs. Subsequent re-

search has documented systemic risks such as biased outputs and stochastic parroting (Bender et al.

2021), social harms from scaling without safeguards (Weidinger et al. 2022), and domain-specific vul-

nerabilities in chatbot deployment (Xu et al. 2020). Technical mitigation strategies have evolved from

reinforcement learning from human feedback (Ouyang et al. 2022, Bai et al. 2022a) to constitutional

AI frameworks that encode normative principles (Bai et al. 2022b) and more recent approaches lever-

aging deliberative reasoning and safe-completion mechanisms (Guan et al. 2024, Yuan et al. 2025).

This body of work highlights a fundamental trade-off between helpfulness and harmlessness: stricter

refusals reduce harmful outputs but may frustrate users. While these contributions provide technical

solutions for aligning model behavior, they do not examine how safety choices affect demand or re-

shape competition among providers. We study whether differences in refusal behavior shift demand

toward less restrictive alternatives.

A parallel economics literature studies content moderation on digital platforms. Liu et al. (2022)

develop a theoretical model showing that moderation serves not only as a safety mechanism but also as

a strategic tool for expanding user bases and shaping platform positioning. Wu (2024) demonstrates

through a game-theoretic framework that stricter content control can paradoxically increase social

harm by pushing creators toward harder-to-monitor channels. In the context of traditional media,
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Simonov and Rao (2022) estimate demand for online news when content is subject to government

control. These insights suggest that safety-oriented interventions alter competitive dynamics in ways

that pure engineering perspectives miss. We contribute to this literature by empirically quantifying

how moderation policies affect user demand and substitution patterns across LLM providers, bringing

revealed preference data to questions that have been studied primarily through theory.

The second strand studies user behavior and preferences in generative AI markets. Despite the

rapid and widespread adoption of LLMs, empirical work on how users choose among competing models

remains limited. Demirer et al. (2025) provide one of the earliest investigations of LLM demand in

enterprise settings, studying firm-level adoption through API access using OpenRouter data. Padilla

et al. (2025) document that consumer adoption of LLMs substitutes for traditional online search,

reducing search activity and website visits. This work highlights the emergence of LLM demand as an

empirical object but leaves open how individual consumers choose among competing LLMs. We study

this question using LMArena data, in which users evaluate competing LLM responses directly. This

setting allows us to recover preferences over response quality and content moderation. Survey evidence

from industry analysts documents usage and switching patterns but lacks the granularity to recover

demand primitives. We contribute by estimating a structural demand model for LLMs, bringing tools

from the conjoint and discrete-choice traditions (Green and Rao 1971, Louviere et al. 2000) and latent-

class heterogeneity (Kamakura and Russell 1989, Train 2009) to a two-stage framework that treats

the decision to submit risky or safe prompts as endogenous.

The third strand studies market structure and competition policy. The Herfindahl-Hirschman

Index (Herfindahl 1950, Werden 1998) provides a standard measure of market concentration used in

antitrust analysis. Structural models of differentiated product demand, particularly logit-based frame-

works that allow for unobserved heterogeneity in preferences (Berry et al. 1995), enable estimation of

substitution patterns and counterfactual simulations that form the basis for merger evaluation (Bres-

nahan 1989, Nevo 2001, U.S. Department of Justice and Federal Trade Commission 2023, Ackerberg

et al. 2007). These tools have been widely applied across a range of industries but have not been used

to study competition and content moderation in generative AI. Related work on privacy regulation

demonstrates that protective policies can have unintended competitive consequences, imposing dispro-

portionate compliance costs on smaller firms and thereby entrenching larger incumbents (Campbell

et al. 2015, Acquisti et al. 2015). Research on competition and innovation shows that while techno-
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logical leaders can drive initial productivity gains, persistent or excessive concentration discourages

entry and long-run innovation (Aghion et al. 2005, 2023). This concern is particularly relevant in

generative AI, where open-source models represent a key source of competitive pressure and innova-

tion. If moderation policies entrench proprietary incumbents, they may dampen these dynamics. We

examine whether content moderation policies generate such effects in LLM markets. Using our struc-

tural estimates, we simulate counterfactual moderation regimes and compute their impact on market

concentration, as Honka et al. (2017) do for advertising in the U.S. banking industry, providing, to

our knowledge, the first empirical assessment of how AI safety policy interacts with competition in

this setting.

3 Industry Background and Data Description

3.1 Industry Background

Large language models (LLMs) are among the most widely adopted applications of artificial intelli-

gence. LLMs emerged from advances in transformer-based architectures introduced in 2017 (Vaswani

et al. 2017), which enabled models trained on vast text corpora to generate coherent and context-

aware responses. Since 2020, successive releases such as OpenAI’s GPT-3, 4, and 5, Anthropic’s

Claude series, and Google’s Gemini models have defined the frontier of proprietary LLMs, offering

high performance but remaining closed-source. These models are commercialized primarily through

API access, enterprise licensing, and subscription interfaces such as ChatGPT Plus or Claude Pro.

In parallel, open-source initiatives such as Meta’s Llama, Mistral, Alibaba’s Qwen, and academic

community models distribute model weights freely, relying on indirect monetization through infras-

tructure partnerships, hosted inference services, or ecosystem participation. These differing ownership

and revenue structures create distinct incentives: proprietary firms emphasize brand trust, compli-

ance, and regulatory engagement (Shapiro and Varian 1998), whereas open-source developers prioritize

accessibility and experimentation to foster adoption and developer loyalty (Lerner and Tirole 2002,

von Hippel and von Krogh 2003). Adoption of LLMs is broad, and usage across multiple providers

is common. Surveys suggest that nearly half of U.S. adults have used an LLM, and many report

switching across providers depending on the task.3 Recent evidence further suggests that generative

3Sources: https://rethinkpriorities.org/research-area/estimating-the-usage-and-utility-of-llms-in-t

he-us-general-public/ (accessed 27 Nov. 2025), https://imaginingthedigitalfuture.org/reports-and-publi
cations/close-encounters-of-the-ai-kind/close-encounters-of-the-ai-kind-main-report/ (accessed 27 Nov.
2025), and https://menlovc.com/perspective/2025-the-state-of-consumer-ai/ (accessed 27 Nov. 2025).
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AI already generates substantial consumer value: estimates based on representative U.S. surveys place

annual consumer surplus from AI chatbots at approximately $172 billion in early 2026 (Brynjolfsson

et al. 2026).

At the policy level, LLMs have become central to national AI strategies. The EU’s AI Act and

programs such as those in the UK, France, and Japan all seek to balance innovation, safety, and

competitiveness.4 The US has taken a lighter regulatory approach, with no comprehensive AI law

and greater emphasis on voluntary commitments. In this context, proprietary models developed

by centralized firms operating across jurisdictions are more visible regulatory targets, face greater

reputational risk, and are under greater pressure to moderate content than open-source providers.

3.2 Data Sources

We use the chatbot arena conversations dataset, released by the LMsys organization (now LMArena)

on HuggingFace (Zheng et al. 2023, Chiang et al. 2024).5 LMArena has emerged as one of the lead-

ing live leaderboards for comparing large language models and is widely used within the AI research

and industry community. Its crowdsourced rankings are routinely referenced when discussing relative

LLM performance, with major model families from OpenAI, Google/DeepMind, Anthropic, and Meta

appearing on its public rankings.6 The use of these data in economics and marketing applications,

however, is novel.

LMArena offers multiple modes of interaction, including direct chat with a chosen LLM and side-

by-side comparisons of different LLMs. Our analysis uses data from the anonymous battle mode, in

which users receive responses from two randomly assigned models whose identities are revealed only

after the user casts a vote.7

The dataset contains 33,000 conversations collected on the LMArena platform between April and

June 2023, contributed by over 13,000 unique users worldwide across multiple languages. Each con-

4See https://www.gov.uk/government/publications/ai-opportunities-action-plan/ai-opportunities-a

ction-plan, https://www.elysee.fr/en/emmanuel-macron/2025/02/11/make-france-an-ai-powerhouse, and
https://laws.e-gov.go.jp/law/507AC0000000053 for the UK, France, and Japan programs.

5Available at https://huggingface.co/datasets/lmsys/chatbot_arena_conversations.
6Such data have also been used to develop evaluation metrics (Ni et al. 2024, Spangher et al. 2025, Liang et al. 2023)

and generate training signals for model refinement (Meng et al. 2024, Luo et al. 2024).
7LMArena may adjust LLM sampling probabilities to ensure adequate exposure of newer models, balance com-

putational costs across providers, or prioritize comparisons that are most informative for leaderboard rankings. See
https://lmarena.ai for current sampling policies. If such adjustments were correlated with the content of the prompt,
particularly whether it is risky, observed refusal and win rates could partly reflect platform assignment rather than user
preferences. Balance tests in Appendix A (Table A.2) show no such correlation. Table A.1 in the same appendix reports
the distribution of the most common LLM pairs in our sample.
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versation represents a pairwise comparison: a user submits a prompt, two anonymous LLMs respond

simultaneously, and the user votes for the preferred response. Figure 1 illustrates the platform. The

left panel shows an example user flow for a safe prompt: the user asks, “Summarize the publication

process in haiku,” receives two responses from anonymous LLMs, and selects Assistant B as the pre-

ferred response.8 The identities of the LLMs are revealed only after voting, and both responses are

shown simultaneously with no default option. The right panel presents an example of a risky prompt,

in which the user asks how to set up a private file-sharing site for anonymous uploads of music and

movie files; one model refuses to respond while the other provides an answer.

Figure 1: LMArena Platform

Note: Left panel: User flow for a safe prompt. Right panel: Example of a risky prompt where one model refuses.

The released data include an anonymized user ID, a conversation ID, the identity of the two LLMs

being compared, the full conversation text in OpenAI API JSON format, the user’s vote, a language

tag indicating the primary language of the conversation, moderation scores from OpenAI’s moderation

API (Markov et al. 2023), additional toxicity scores from a fine-tuned RoBERTa classifier (Liu et al.

2019), and a timestamp. This dataset captures genuine, in-the-wild user prompts, with an average

prompt length of 52 tokens and an average response length of 190 tokens.

The LMArena setting effectively constitutes a blind test in which LLMs are evaluated solely on

response quality, holding constant price, advertising exposure, interface design, and brand identity at

the moment of choice. Abstracting from price is unlikely to materially affect our results: as of mid-2025,

fewer than 5% of ChatGPT’s weekly active users paid for a subscription, suggesting that the majority

of consumer LLM usage occurs through free tiers.9 The LMArena design thus allows us to isolate

intrinsic response quality and moderation behavior from other product characteristics that typically

confound demand estimation. Similar blind-test approaches have long been used in marketing research

to disentangle product quality from brand and contextual effects (Allison and Uhl 1964, Day 1968,

8Ignoring the fact that the response is technically not a haiku.
9Source: https://www.reuters.com/technology/openai-projected-least-220-million-people-will-pay-chatg

pt-by-2030-information-2025-11-26/ (accessed 18 Feb. 2026).
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Buchanan and Morrison 1985, Keller 1993, Bronnenberg et al. 2020). In addition, LLMs are randomly

assigned to users’ prompts, which mitigates selection concerns that arise in observational usage data

where individuals self-select into platforms or models based on prior beliefs, marketing exposure, or

interface differences. Random exposure ensures that differences in observed choices can be attributed

to differences in model responses and refusal behavior rather than to endogenous user-model matching.

Compared with prior human-preference datasets such as Anthropic’s HH-RLHF, the LMArena

data are both broader in scope (covering outputs from 20 LLMs) and richer in failure cases, as unsafe

or problematic responses were intentionally retained to facilitate safety research. This feature is

particularly important for studying content moderation, where refusals and safety-related failures are

central objects of interest.

As with most crowdsourced platforms, the user base may not be fully representative of the gen-

eral population, and the platform’s design shapes the types of interactions observed. In the case of

LMArena, the user base skews toward technically engaged, English-speaking users, though it captures

an important segment of early LLM adopters. Further, because users are aware that their conver-

sations are collected and may be shared, even if in anonymized form, they may submit fewer risky

prompts than they would in more private settings.10 By contrast, obtaining fully representative obser-

vational data on choices across live LLMs would require access to proprietary usage logs and the ability

to link users across platforms, which would also introduce substantial selection and pre-exposure con-

cerns. The controlled comparison environment offered by LMArena thus provides a cleaner basis for

identifying how content moderation influences user preferences for response quality.

3.3 Sample Construction

We focus on English-language prompts to ensure consistent interpretation of prompts, responses, and

moderation scores. We then retain only single-turn conversations, excluding exchanges with follow-

up turns, yielding a sample of 25,912 prompts, corresponding to about 90% of all English-language

prompts, in which a user submits a request and evaluates two responses.11 We focus on single-

turn conversations because moderation decisions are triggered at the prompt level, while multi-turn

exchanges introduce state dependence that complicates the interpretation of refusals and user choices.

10The released dataset was filtered by its providers to remove personally identifiable information, and users consented
to data use through the platform’s terms of service.

11Table A.3 in Appendix A presents summary statistics on the number of turns per conversation across English and
non-English conversations in the original data.
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Of these observations, 18,310 correspond to cases in which an LLM is selected as the winner

(“Left is Better” or “Right is Better”), 2,836 correspond to ties (“It’s a tie”), and 4,766 correspond to

selections of “Both are bad,” which we treat as the outside option in the model.12 The final sample

contains 20 LLMs and 10,693 unique users.

3.4 Users and LLMs

Table 1: Model Performance in Pairwise Comparisons
Rank Model Type Comparisons Wins Win Rate (%)

1 gpt-4 Prop. 3,350 2,256 67.3
2 claude-v1 Prop. 3,145 1,881 59.8
3 claude-instant-v1 Prop. 2,051 1,135 55.3
4 gpt-3.5-turbo Prop. 3,685 1,950 52.9
5 vicuna-13b OS 4,606 2,014 43.7
6 guanaco-33b OS 776 335 43.2
7 palm-2 Prop. 2,322 959 41.3
8 wizardlm-13b OS 852 314 36.9
9 koala-13b OS 4,359 1,538 35.3
10 vicuna-7b OS 2,210 674 30.5
11 alpaca-13b OS 3,462 867 25.0
12 oasst-pythia-12b OS 3,871 939 24.3
13 mpt-7b-chat OS 2,229 536 24.0
14 gpt4all-13b-snoozy OS 777 186 23.9
15 RWKV-4-Raven-14B OS 2,873 681 23.7
16 fastchat-t5-3b OS 2,541 512 20.1
17 chatglm-6b OS 2,742 549 20.0
18 stablelm-tuned-alpha-7b OS 2,216 403 18.2
19 dolly-v2-12b OS 2,152 342 15.9
20 llama-13b OS 1,605 239 14.9

Summary Statistics
Total comparisons: 25,912 Avg. win rate: 35.3%
Proprietary models avg. win rate: 56.2% Open-Source models avg. win rate: 27.2%

Note: Comparisons include all possible outcomes (“Left is Better,” “Right is Better,” “It’s a tie,” and “Both are bad”).
A response is counted as a win when it is selected by the user. Win rates are raw and are calculated as the number of
wins divided by the total number of comparisons involving the LLM. Average win rates by type are weighted by the
number of comparisons per model.

Table 1 reports raw win rates across LLMs, computed as the share of comparisons in which each

LLM’s response is selected by the user. Proprietary LLMs achieve higher win rates overall. GPT-4

achieves the highest win rate at 67.3% out of 3,350 comparisons, followed by Claude-v1 at 59.8%,

Claude-Instant-v1 at 55.3%, and GPT-3.5-Turbo at 52.9%. Among open-source LLMs, the strongest

performer is Vicuna-13b with a 43.7% win rate, also the most frequently compared model overall with

4,606 observations. Guanaco-33b also performs well (43.2%) across 776 comparisons. At the lower

end, Dolly-v2-12b wins just 15.9% of its 2,152 comparisons, and Llama-13b has the lowest overall win

rate at 14.9% across 1,605 comparisons. In aggregate, proprietary LLMs achieve an average win rate

of 56.2%, compared to only 27.2% for open-source LLMs, underscoring the overall quality advantage

12Table A.4 in Appendix A reports descriptive statistics by prompt risk level; the construction of this measure is
described in Section 3.5.
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Table 2: Summary Statistics for Comparisons per User and LLM
Metric Unique users/LLMs Mean Std. Dev. Min Median Max
Comparison obs. per user 10,693 2.42 7.27 1 1 310
Comparison obs. per model 20 2,591 1,108 776 2,432 4,606

of proprietary systems.

Table 2 summarizes participation patterns across users and LLMs. On average, each user con-

tributes just over two conversations (mean = 2.42), although participation is highly skewed: while

the median user submits only one prompt, the most active user submits 310.13 On the LLM side, the

average number of comparisons is 2,591, which ranges from 776 (Guanaco-33b) to 4,606 (Vicuna-13b).

3.5 Moderation Scores

LLMs moderate content by refusing to answer prompts that request potentially harmful or unsafe

material. We classify prompts as risky or safe to identify requests that are likely to trigger moderation,

using scores from a RoBERTa-based toxicity classifier included in the LMArena dataset (Liu et al.

2019). RoBERTa-based classifiers are widely used in prior work and have been shown to perform well

in identifying abusive and unsafe language in conversational settings (e.g., Gehman et al. 2020).

Figure 2 shows the distribution of log10 RoBERTa toxicity scores. The distribution exhibits two

distinct modes: a large mass of prompts corresponding to safe requests and a smaller mass associated

with potentially harmful or unsafe content. We classify prompts with scores above −0.75 as risky, a

threshold that cleanly separates these two regions of the distribution. Using this cutoff, 953 prompts

(3.7% of the sample) are classified as risky. This share is broadly consistent with estimates reported

in other conversational datasets and social media platforms.14

While many risky prompts are too inappropriate to reproduce here, examples provided in Ap-

pendix C illustrate the range of content classified as risky, including dark humor, risky financial

advice, violent requests, and other antisocial or unethical behavior.

3.6 Refusals

To study how moderation shapes user choices, we need to identify which model responses constitute

refusals. Identifying refusals is not a mechanical task. Unlike prompt risk classification, which relies

13Excluding the most active users (the top 2% by number of comparisons) does not materially change the qualitative
counterfactual patterns.

14Park et al. (2022) report toxicity rates of 4.28–6.25% on Reddit. As noted earlier, our estimate is likely conservative,
as LMArena users are aware that their conversations are logged and may be released, which may discourage users from
submitting risky prompts. Our results are robust to alternative thresholds that classify a larger share of prompts as
risky, as well as to using OpenAI moderation scores instead; details are reported in Appendix B.
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Figure 2: Moderation Score Distribution

Note: The dashed vertical line at −0.75 separates what we consider to be safe prompts (to the left of the line) from
risky prompts (to the right of the line). Scores are based on the log10 of RoBERTa toxicity scores.

on pre-existing toxicity scores, refusal identification requires semantic interpretation of the response

relative to the prompt, as refusals may consist of lengthy explanations or policy-based deflections

rather than short or explicit non-answers.

We identify refusals using an “LLM-as-a-judge” approach (Bai et al. 2022b, Gu et al. 2026).

Specifically, we use Google’s gemini-2.5-flash-lite model to evaluate each response, with five

independent evaluations per response and classification based on majority vote.15 A response is coded

as a refusal if it declines to address the prompt, declines with explanation, or fails to respond due to

model limitations (e.g., unsupported image requests or incoherent prompts). This procedure allows us

to apply a consistent and scalable definition of refusals across a large and heterogeneous set of model

outputs. Appendix C displays examples of LLM responses that are coded as refusals. Because the same

evaluation procedure is applied uniformly across all LLMs and responses, any residual classification

error affects all LLMs equally and does not bias comparisons across models.

Refusals may arise for different reasons. For risky prompts, refusals typically reflect the enforcement

of content moderation policies. For safe prompts, refusals are rare and more likely to reflect model

capability limits or occasional moderation errors. In our analysis, we treat refusals to risky prompts

as moderation-oriented outcomes. We retain refusals to safe prompts in the data but do not adjust

their frequency in counterfactual exercises, as they do not reflect the moderation trade-offs of interest.

Table 3 presents refusal rates across LLMs for both risky and safe prompts, raw as well as adjusted

using hierarchical Bayesian shrinkage to account for small sample sizes (Efron and Morris 1977, Gelman

15The evaluation prompt is provided in Appendix D.
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Table 3: Model Refusal Rates for Risky vs. Safe Prompts
Rank Model Risky Prompts Safe Prompts

Shrunken (%) Raw (%) N Shrunken (%) Raw (%) N
1 claude-v1 30.2 31.3 134 2.0 2.0 3,011
2 palm-2 27.8 31.7 82 4.7 4.7 2,240
3 claude-instant-v1 27.0 31.1 74 2.4 2.4 1,977
4 gpt-3.5-turbo 21.2 21.7 129 2.0 2.0 3,556
5 vicuna-13b 19.3 19.6 153 1.4 1.4 4,453
6 chatglm-6b 18.6 19.6 97 1.4 1.4 2,645
7 gpt-4 15.8 15.9 113 0.8 0.8 3,237
8 vicuna-7b 15.3 15.4 91 1.1 1.1 2,119
9 koala-13b 14.2 14.1 163 1.8 1.8 4,196
10 wizardlm-13b 14.1 12.5 24 0.7 0.7 828
11 gpt4all-13b-snoozy 13.6 11.8 34 2.4 2.4 743
12 stablelm-tuned-alpha-7b 12.8 12.2 82 3.4 3.4 2,134
13 fastchat-t5-3b 11.5 11.2 107 3.8 3.8 2,434
14 llama-13b 11.4 10.0 60 4.6 4.6 1,545
15 guanaco-33b 11.3 6.1 33 1.1 1.1 743
16 mpt-7b-chat 8.6 6.6 76 2.8 2.8 2,153
17 oasst-pythia-12b 6.5 5.9 136 1.3 1.3 3,735
18 dolly-v2-12b 5.6 2.6 76 0.7 0.7 2,076
19 RWKV-4-Raven-14B 5.5 4.7 107 2.2 2.2 2,766
20 alpaca-13b 2.4 1.5 135 1.0 1.0 3,327

Proprietary LLMs 24.1 25.8 532 2.2 2.2 14,021
Open-source LLMs 11.3 10.6 1,374 1.9 1.9 35,897

and Hill 2006).16 Refusal behavior varies widely. Claude-v1 and PaLM-2 stand out with the highest

risky-prompt refusal rates (30.2% and 27.8%, respectively), while GPT-4 refuses only about one in six

risky prompts (15.8%). Among open-source LLMs, Alpaca-13b refuses just 2.4% of risky prompts, the

lowest refusal rate overall. For safe prompts, refusal rates are much lower, typically below 5%, with

Llama-13b and PaLM-2 the most restrictive in terms of refusals (4.6% and 4.7%, respectively), and

Dolly-v2-12b, Wizardlm-13b, and GPT-4 among the least restrictive (about 0.7–0.8%).

3.7 Descriptive Evidence on Refusals and Prompt Risk

Refusals are relatively uncommon: only 4.63% of comparisons involve at least one refusal, and 0.29%

involve both models refusing. For risky prompts, refusals occur in 14.80% of cases, compared with

1.99% for safe prompts. (These four numbers are not tabulated.) Their consequences, however, are

substantial: users penalize refusals sharply. Figure 3 reports win rates conditional on prompt risk and

on whether the model refuses or responds. When a model refuses, its win rate falls from 38.98% to

15.60% on risky prompts and from 35.69% to 17.42% on safe prompts. The gap between refusal and

non-refusal win rates is thus large for safe prompts and widens further for risky prompts. 17

We next examine how these patterns differ by LLM type. Figure 4 compares proprietary and

16Shrinkage adjusts raw estimates toward the overall mean, reducing noise from models with few observations.
17This pattern holds when prompt risk is measured using the continuous moderation score rather than a binary

classification. Figure A.1 in Appendix A shows that the refusal penalty increases monotonically across moderation score
deciles.
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Figure 3: Win Rate Across Prompt Risk by Refusal Outcome

open-source LLMs. Proprietary LLMs outperform in safe contexts, winning 57.0% of safe-prompt

comparisons compared to 26.9% for open-source LLMs. For risky prompts, however, this advantage

largely disappears: proprietary LLMs win 35.9% of comparisons, compared to 35.4% for open-source

models. To assess whether this pattern is driven by higher refusal rates among proprietary models or

by differences in response quality, the right panel of Figure 4 conditions on cases in which both LLMs

respond to the prompt (i.e., do not refuse). Even conditional on responding, the proprietary advantage

for risky prompts remains substantially smaller than in safe contexts, suggesting that proprietary

models deliver lower-quality responses to risky prompts. One possible explanation is that proprietary

LLMs generate more cautious or toned-down responses (“safe completions”) in response to risky

prompts (Yuan et al. 2025), which may be less aligned with user preferences. As a result, while

proprietary LLMs perform strongly in safe settings, lower refusal rates allow open-source LLMs to

remain competitive in risky contexts despite lower average performance overall.

In summary, three key patterns emerge. First, risky prompts constitute a small share of the requests

yet exert a meaningful influence on competitive outcomes. Second, refusals are strongly penalized

by users, particularly for risky prompts, where they substantially lower win probabilities. Third,

proprietary LLMs outperform in safe contexts but lose their advantage in risky contexts, where the

lower refusal rates and more direct responses of open-source LLMs allow them to remain competitive

despite lower average quality.
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Figure 4: Win Rates Across Prompt Risk by Model Type

4 Model

Motivated by the descriptive evidence, we develop a two-stage structural model of user behavior in

generative AI markets. The model captures both how users choose between competing LLM responses

and how they decide whether to submit a risky or safe prompt in the first place. This framework

allows us to quantify refusal aversion in utility terms and to evaluate how content moderation policies

reshape user demand, substitution patterns across proprietary and open-source LLMs, and market

concentration.

A key feature of the model is that we treat prompt risk choice as endogenous. Rather than assuming

that users submit risky or safe prompts exogenously, we model this decision explicitly to capture how

expectations about refusals and response quality affect users’ willingness to make risky requests. This

distinction is central to the counterfactual analysis, as moderation policies may affect not only users’

choices among LLMs but also the extensive margin of whether they submit risky prompts.

We present the model beginning with the second-stage choice among LLM responses, conditional

on prompt risk. This stage allows us to identify preferences over refusals, model types, and response

quality. We then turn to the first-stage decision of whether to submit a risky prompt, which depends

on expectations over outcomes in the subsequent LLM-choice stage.
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4.1 LLM Response Choice

Consider user i submitting prompt t, who chooses among two LLMs j ∈ {a, b} based on their responses,

and an outside option o. The outside option corresponds to the “Both are bad” choice in our data,

indicating dissatisfaction with both responses. We abstract from the “It’s a tie” option in the main

analysis and show how it can be incorporated in Appendix E. Allowing for ties does not materially

affect the estimated preference parameters or counterfactual results. We start from an under-identified

utility function and later impose identification constraints. We model the utility that user i derives

from choosing LLM j’s response to prompt t as:

Uijt(Sit) = αi(Sit) + βi(Sit)Rijt + γi(Sit)Mj + ψiXijt + δj + εijt, (1)

and the outside option utility as:

Uiot(Sit) = αi(Sit) + ρi + εiot. (2)

The variable Sit ∈ {0, 1} indicates whether prompt t submitted by user i is risky. The term αi(Sit)

represents a user-specific intercept that varies with prompt risk and can be interpreted as the net utility

cost of making a risky request relative to a safe one. The variable Rijt is a binary indicator for whether

LLM j refused the request in prompt t from user i, while Mj indicates whether LLM j is proprietary.

The coefficients βi(Sit) and γi(Sit) both vary by prompt risk and capture how refusals affect user

utility and user-specific preferences for proprietary LLM responses, respectively. The coefficients ψi

capture the contribution of text-based covariates collected in the vector Xijt.
18 The term δj is an

LLM-specific fixed effect capturing its baseline response quality, and εijt is an error term that follows

a Type-I extreme value distribution. The parameter ρi captures a user-specific preference for the

outside option.

Given this utility specification, we can express the difference in utilities between LLM a and LLM

b for user i with prompt t as:

Uiat(Sit)− Uibt(Sit) =βi(Sit)(Riat −Ribt) + γi(Sit)(Ma −Mb)

+ ψi(Xiat −Xibt) + (δa − δb) + (εiat − εibt).

(3)

Note that the user-specific prompt risk-preference parameter αi(Sit) cancels out in this comparison.

The utility difference is therefore determined by four key factors: (1) the difference in model-specific

18See Appendix F for details on the text covariates and their construction.
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fixed effects (δa − δb), (2) the difference in refusal behavior (Riat − Ribt) weighted by the user’s

sensitivity to refusals βi(Sit) which varies by prompt risk level, (3) the difference in proprietary status

(Ma −Mb) weighted by the user’s preference for proprietary LLM responses γi(Sit) which also varies

with the risk level of the prompt, and (4) the difference in covariates (Xiat − Xibt) weighted by ψi.

This formulation captures how users trade off between different LLM characteristics when choosing

between competing LLMs, with particular attention to how these preferences may differ for risky

versus safe prompts. Including model fixed effects δj together with the proprietary indicatorMj allows

us to separate baseline quality differences across individual models from a systematic preference for

proprietary responses that may vary with prompt risk.

4.2 Prompt Risk Choice

We now model the user’s decision of whether to submit a risky prompt. Treating this choice as endoge-

nous is important because users may adjust prompt risk in response to expected refusals and response

quality under different moderation regimes. User behavior in the data supports this: substantial sub-

stitution occurs between risky and safe prompts. Of the users who submit multiple prompts (30.8%)

and have submitted at least one risky prompt, 90.1% have also submitted at least one safe prompt.

Similarly, among users who submit multiple prompts and at least one safe prompt, 8.4% also submit

at least one risky prompt. These patterns indicate that prompt risk is not a fixed user attribute but

a choice that varies within users and may respond to moderation policies.19

We formalize this decision as follows. If the user is faced with LLM j, the user’s deterministic

utility given refusal realization Rijt ∈ {0, 1} and response characteristics Xijt is

Ũijt(Sit; Rijt, Xijt) = αi(Sit) + βi(Sit)Rijt + γi(Sit)Mj + ψiXijt + δj , (4)

and the outside option yields

Ũiot(Sit) = αi(Sit) + ρi. (5)

The terms Mj and δj are constant for each LLM and may be absorbed into the j subscript. Note

that Ũijt uses the binary refusal indicator Rijt ∈ {0, 1}, not the refusal probability rj(Sit) ∈ [0, 1].

Users observe whether each response is a refusal before choosing among the two LLM responses and

the outside option, and therefore must form expectations over refusal realizations and response char-

acteristics. Following the rational expectations assumption standard in discrete choice models (Rust

19Table A.6 in Appendix A summarizes prompt risk choices for users who submit more than one prompt.
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1987, Hotz and Miller 1993), we assume users form beliefs consistent with the empirical distribution

of these outcomes. Such beliefs may have been formed through prior experience with LLMs or from

common knowledge about content moderation. Because LMArena randomly assigns pairs of LLMs to

users, the first-stage prompting decision also requires users to form expectations about which models

they are likely to encounter. Our counterfactual exercises in Section 7, which simulate settings where

users select a specific LLM for a given prompt (rather than being randomly matched to a pair), do

not rely on this assumption.

Let pab denote the probability that the user is assigned LLMs a and b, then user i’s expected utility

from choosing risk level Sit for prompt t can be written as

Vit(Sit) =
∑

(a,b)∈P

pab · ERiat, Ribt,
Xiat, Xibt

[
log
(
eŨiat(Sit;Riat, Xiat) + eŨibt(Sit;Ribt, Xibt) + eŨiot(Sit)

)]
+ Euler’s constant + νit, (6)

where νit follows a Type I extreme value distribution and P is the set of all LLM pairs. The outer

summation integrates over all pairs the user may encounter, weighted by pab, while the expectation

integrates jointly over refusal realizations and response characteristics for each LLM.While the prompt-

risk preference parameter αi(Sit) cancels out in the response choice stage, it affects the prompt risk

decision through the user’s comparison of Vit(1) and Vit(0).

5 Estimation

5.1 Choice Probabilities

Given the utility specification for choosing among two LLMs and an outside option, we first derive the

choice probabilities for the LLM selection decision. For user i responding to prompt t with risk level

Sit, when faced with responses from LLMs a, b, and the outside option o, the probability of choosing

LLM a is given by the multinomial logit formula:

Piat|Sit =
eŨiat(Sit)

eŨiat(Sit) + eŨibt(Sit) + eŨiot(Sit)

=
eβi(Sit)Riat+γi(Sit)Ma+ψiXiat+δa

eβi(Sit)Riat+γi(Sit)Ma+ψiXiat+δa + eβi(Sit)Ribt+γi(Sit)Mb+ψiXibt+δb + eρi
,

(7)

where Ũijt is the deterministic component of Uijt conditional on realized refusal and response char-

acteristics. The user-specific intercept αi(Sit) cancels out in the within-choice denominator. The
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probability of choosing LLM b, Pibt|Sit is defined analogously, and the probability of choosing the

outside option is Piot|Sit = 1− Piat|Sit − Pibt|Sit .

For the prompt-risk choice, the probability that user i chooses to make a risky prompt (Sit = 1)

in prompt t is given by the standard logit form,

Pit(Sit = 1) =
eṼit(1)

eṼit(0) + eṼit(1)
, (8)

where Ṽit(Sit) is the deterministic component of the value function. We approximate the expectation

over refusal realizations and response characteristics by Monte Carlo (MC) simulation, yielding

Ṽit(Sit) =
∑

(a,b)∈P

pab ·
1

D

D∑
d=1

log
(
eŨiat(Sit;R

(d)
iat, X

(d)
iat ) + eŨibt(Sit;R

(d)
ibt , X

(d)
ibt ) + eŨiot(Sit)

)
+ Euler’s constant,

(9)

where for each MC draw d, refusal realizations and response characteristics are drawn jointly: R
(d)
ijt ∼

Bernoulli(rj(Sit)) independently for j ∈ {a, b}, and X
(d)
ijt ∼ F

X|j, R(d)
ijt

, capturing the correlation be-

tween refusal status and response characteristics (e.g., refused responses tend to be shorter and more

templated). In practice, we approximate these expectations using D = 1,000 Monte Carlo draws. The

LLM-specific covariates include response length (as a measure of verbosity), average word length (as

a measure of complexity), and the distances between these measures for the prompt and the response,

motivated by descriptive regressions reported in Appendix F. The pair probabilities pab represent the

empirical encounter frequencies of model pairs in P. The probability of making a safe prompt is

Pit(Sit = 0) = 1− Pit(Sit = 1).

5.2 Likelihood Function

The likelihood function for user i combines the likelihood of the prompt risk choice and the LLM

choice. For a single choice occasion t where user i makes a prompt with observed risk level Sit and

chooses among LLMs at, bt, and the outside option o, the likelihood is:

Lit(θi, δ) = Pit(Sit) ·
[
P
Yiatt
iatt|Sit · P

Yibtt
ibtt|Sit · P

Yiot
iot|Sit

]
, (10)

where Yijt is an indicator for whether user i chooses alternative j in choice occasion t, θi = {αi(0), αi(1), βi(0), βi(1), γi(0), γi(1), ψi, ρi}

is the set of user-specific parameters, and δ = {δj}j∈J is the set of model-specific fixed effects.

Across all choice occasions t ∈ Ti for user i, the likelihood is:

Li(θi, δ) =
∏
t∈Ti

Lit(θi, δ). (11)
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5.3 Unobserved Preference Heterogeneity

Given the low rate of risky prompts (3.7%), many users in the sample never attempt risky requests,

indicating heterogeneity in users’ propensities to submit risky prompts. Users may also differ in their

aversion to refusals and sensitivity to response characteristics. Accounting for this heterogeneity allows

the model to capture distinct user segments that may respond differently to changes in moderation

policy.

We model this unobserved heterogeneity by assuming that the user-specific parameters θi follow a

discrete distribution with K distinct classes (Kamakura and Russell 1989, Chintagunta et al. 1991).

Let πk be the probability that a user belongs to class k, with
∑K

k=1 πk = 1. The parameters for class

k are denoted by θk = {αk(0), αk(1), βk(0), βk(1), γk(0), γk(1), ψk, ρk}.

The log-likelihood across all users i ∈ I is then

logL(θ1, . . . , θK , π1, . . . , πK) =
∑
i∈I

log

(
K∑
k=1

πk · Li(θk, δ)

)
. (12)

We estimate the class probabilities πk, and the class-specific parameters θk for k = 1, . . . ,K by

maximizing this log-likelihood function.

5.4 Identification

This section discusses how we identify users’ sensitivity to refusals, preferences for proprietary LLMs,

baseline quality differences across LLMs, propensity to submit risky prompts, and class probabilities.

Identification relies on a combination of normalization assumptions and distinct sources of variation

in the data.

We adopt the following normalizations. First, we set OpenAI GPT-4 as the reference category

by normalizing its fixed effect δj to zero. Second, we set γk(0) = 0, restricting the proprietary LLM

preference parameter to zero for safe prompts. This normalization is required because preferences for

proprietary models in safe contexts are not separately identified from proprietary LLM fixed effects.

Third, we normalize αk(0) = 0, since only differences in utility between risky and safe prompts are

identified in the prompt-risk choice stage. In addition, we distinguish between two categories of users:

risk-takers and never-risk-takers. Risk-takers may submit either safe or risky prompts, while never-

risk-takers submit only safe prompts. This distinction is motivated by the fact that many users never

make risky requests. We specify a single latent class for risk-takers and allow for multiple latent
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classes among never-risk-takers. For risk-takers, all parameters are estimated; for never-risk-takers,

we estimate only βk(0), ψk, and ρk, as the remaining parameters relate to risky prompts which this

segment never submits. For expositional clarity, latent class k = 1 corresponds to risk-takers, while

classes k = 2, 3, . . . correspond to never-risk-takers.

Several features of the data support identification. Choice shares across LLMs, relative to the

baseline (OpenAI GPT-4), identify the fixed effects δj . Variation in refusal rates across LLMs, and

how refusals affect choice probabilities for risky and safe prompts, identifies the refusal-sensitivity pa-

rameters βk(Sit). Variation in response and prompt text attributes identifies the covariate coefficients

ψk. Systematic differences in choice probabilities between proprietary and open-source LLMs for risky

prompts, after controlling for fixed effects, identify γk(1). The observed frequencies of risky versus

safe prompts, after accounting for expected utilities across LLM pairs, identify αk(1).

Finally, the class probabilities πk and class-specific parameters are identified from systematic dif-

ferences in observed choice patterns across users, with within-user variation in choices across multiple

prompts providing additional information that helps separate latent classes.

5.5 Implementation

We estimate the model using an Expectation–Maximization (EM) algorithm, which is well suited

to discrete-choice models with latent classes (Dempster et al. 1977, Kamakura and Russell 1989,

Chintagunta et al. 1991, McLachlan and Krishnan 2008, Train 2009). Because the nested structure

of the model requires Monte Carlo integration within each iteration, estimation is computationally

intensive; the detailed algorithm and estimation equations are provided in Appendix G.

Standard errors for all parameter estimates are obtained via bootstrapping at the user level, which

accounts for correlation in choices made by the same user.20 We select the number of latent classes K

using the Bayesian Information Criterion (BIC), which penalizes model complexity while rewarding

goodness of fit.

6 Results

Table 4 presents parameter estimates for two discrete choice specifications: a homogeneous model

and a heterogeneous model with three latent classes. The latter fits substantially better and reveals

20We generate 200 bootstrap samples by resampling users with replacement and compute standard errors as the
standard deviation of parameter estimates across bootstrap replications.
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meaningful preference heterogeneity across users. We adopt this heterogeneous specification (one

risk-taking and two never-risk-taking classes), with homogeneous text covariate coefficients, as our

preferred model. It includes 34 estimated parameters (19 LLM fixed effects, 13 utility parameters,

and 2 class probabilities) and achieves a BIC of 47,043, compared to 47,993 for the homogeneous

model. Adding a further latent class or allowing text covariate coefficients to vary across classes yields

only marginal improvements in BIC.21

The three latent classes correspond to distinct user segments. The first segment (Class 1, 21.9% of

users) comprises the risk-taking class.22 The remaining users split into two never-risk-taking classes:

Class 2 (27.0%) and Class 3 (51.1%).

The key parameters governing moderation sensitivity differ sharply across segments (see also the

left panel of Figure 5). Risk-takers (Class 1) exhibit strong refusal aversion for risky prompts (βk(1) =

−1.447) and moderate aversion for safe prompts (βk(0) = −1.161), in line with the descriptive evidence

that refusals are more costly when users deliberately submit risky queries. This class also shows a

significant negative preference for proprietary LLMs when making risky prompts (γk(1) = −1.099),

mirroring the earlier descriptive finding that proprietary models are less preferred in risky contexts.

Among never-risk-takers, the two classes diverge primarily in their treatment of refusals and the outside

option. Class 3, the largest segment, displays the strongest safe-refusal aversion (βk(0) = −2.357)

and is the least likely to select the outside option (ρk = −3.493), indicating highly engaged users

who are sensitive to any refusal. Class 2, by contrast, shows no significant aversion to safe refusals

(βk(0) = 0.556, p > 0.10) and is the most likely to reject both responses (ρk = −1.505), suggesting

more critical or disengaged users. Taken together, these patterns indicate that refusal sensitivity is not

uniform: it varies across prompt types within the risk-taking class and across user segments among

never-risk-takers.

The text-covariate coefficients reveal several patterns in user preferences for response character-

istics. Users exhibit a significant preference for longer responses (character length: 0.114, p < 0.01)

and for responses with shorter average word length (−0.609, p < 0.01), suggesting that users value

detailed but plainly written answers over terse or complex ones. The distance measures provide

additional insight into contextual preferences. The positive coefficient on absolute character length

21See Appendix H for log-likelihoods, parameter counts, and BIC values across specifications.
22In the data, 9.2% of users who submit more than one prompt submit at least one risky prompt. The larger estimated

class size reflects that latent class membership is determined by overall preference patterns, including refusal aversion
and proprietary LLM preference, not solely by observed risky prompt submission.
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Table 4: Parameter Estimates
Parameters Homogeneous Heterogeneous

Class 1 Class 2 Class 3
Class probability πk – 0.219∗∗∗ (0.017) 0.270∗∗∗ (0.026) 0.511∗∗∗ (0.028)
Class-specific parameters
Refusal coef. (risky) βk(1) −1.347∗∗∗ (0.195) −1.447∗∗∗ (0.177) – –
Refusal coef. (safe) βk(0) −1.033∗∗∗ (0.107) −1.161∗∗∗ (0.233) 0.556 (0.339) −2.357∗∗∗ (0.289)
Proprietary × risky γk(1) −0.995∗∗∗ (0.250) −1.099∗∗∗ (0.176) – –
Risky intercept αk(1) −2.790∗∗∗ (0.088) −1.330∗∗∗ (0.214) – –
Outside option ρk −0.196 (0.527) −2.599∗∗∗ (0.303) −1.505∗∗∗ (0.303) −3.493∗∗∗ (0.453)
Text coefficients ψ (common across classes)
Character length 0.197∗∗∗ (0.023) 0.114∗∗∗ (0.024)
Average word length 0.318 (0.231) −0.609∗∗∗ (0.143)
|Character length| 0.278∗∗∗ (0.018) 0.256∗∗∗ (0.021)
|Average word length| −0.417∗∗∗ (0.079) −0.205∗ (0.108)
Model-specific fixed effects δj (common across classes)
claude-v1 −0.519∗ (0.300) −0.559∗∗∗ (0.073)
claude-instant-v1 −0.692∗∗ (0.298) −0.712∗∗∗ (0.085)
gpt-3.5-turbo −0.681∗∗ (0.301) −0.781∗∗∗ (0.069)
palm-2 −1.376∗∗∗ (0.302) −1.456∗∗∗ (0.078)
guanaco-33b −1.430∗∗∗ (0.314) −1.510∗∗∗ (0.103)
vicuna-13b −1.418∗∗∗ (0.312) −1.538∗∗∗ (0.074)
wizardlm-13b −1.603∗∗∗ (0.321) −1.703∗∗∗ (0.121)
koala-13b −1.871∗∗∗ (0.323) −1.971∗∗∗ (0.066)
vicuna-7b −1.848∗∗∗ (0.313) −1.928∗∗∗ (0.075)
gpt4all-13b-snoozy −2.095∗∗∗ (0.336) −2.275∗∗∗ (0.108)
mpt-7b-chat −2.147∗∗∗ (0.310) −2.327∗∗∗ (0.082)
alpaca-13b −2.066∗∗∗ (0.317) −2.346∗∗∗ (0.081)
RWKV-4-Raven-14B −2.304∗∗∗ (0.316) −2.444∗∗∗ (0.078)
oasst-pythia-12b −2.314∗∗∗ (0.319) −2.514∗∗∗ (0.076)
fastchat-t5-3b −2.656∗∗∗ (0.323) −2.816∗∗∗ (0.083)
chatglm-6b −2.758∗∗∗ (0.319) −2.938∗∗∗ (0.079)
stablelm-tuned-alpha-7b −2.904∗∗∗ (0.319) −3.104∗∗∗ (0.087)
dolly-v2-12b −2.799∗∗∗ (0.333) −3.099∗∗∗ (0.087)
llama-13b −2.839∗∗∗ (0.324) −3.179∗∗∗ (0.098)
Log-likelihood −23,846 −23,339
BIC 47,993 47,043
Observations 46,152 46,152
Note: Standard errors in parentheses from bootstrap samples (resampling users with replacement). ∗∗∗ p < 0.01,
∗∗ p < 0.05, ∗ p < 0.10. Both models estimated using the full specification with outside option, text covariates,
and E[max] integration over refusal realizations. Heterogeneous model has 1 risk-taking class and 2 never-risk-
taking classes. – indicates parameter not applicable for that class type. The estimation sample comprises 46,152
observations: two per conversation (one for each of the two compared LLMs) across the 23,076 single-turn English
conversations that record a winner or the outside option, i.e., the 25,912 conversations excluding 2,836 ties.

difference (0.256, p < 0.01) indicates that users prefer responses whose length differs substantially

from their prompt length. This pattern could be driven by task-specific expectations: long prompts

may signal summarization tasks where users expect concise responses, whereas short prompts may

indicate expansion tasks where users seek elaborated answers. In contrast, the negative coefficient on

absolute average word length difference (−0.205, p < 0.10) reveals that users prefer responses that use

words of similar complexity to their prompts, which may facilitate comprehension or signal that the

model has calibrated its register to the user’s linguistic style.

The LLM-specific fixed effects reveal that proprietary LLMs offer substantially higher baseline

quality than open-source alternatives. The right panel of Figure 5 displays the quality penalties
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Figure 5: Estimated Refusal Penalties and LLM Quality Differences

Note: +/- 2 standard error bounds shown on bars. The penalties are the negatives of the estimated utility coefficients.

relative to GPT-4.

In addition to the BIC-based model selection discussed above, we assess model fit by simulating

user choices using the heterogeneous specification and computing predicted win rates by LLM and

prompt type. Predicted and actual win rates align closely across both safe and risky prompts (see

Appendix I).

7 Counterfactuals

Having estimated users’ preferences for LLM responses and their sensitivity to refusals across differ-

ent prompt types, we now examine how alternative content moderation regimes would affect both

market structure and the prevalence of risky content. This analysis addresses a central tension in AI

governance: moderation policies designed to enhance safety may also reshape competitive dynamics,

entrenching larger proprietary firms or, conversely, creating openings for open-source alternatives.

We begin by establishing a baseline scenario reflecting current refusal rates in an environment where

users can freely choose among all LLMs. We then examine several policy-relevant scenarios: elimi-

nating all refusals, imposing universal strict moderation across all providers, and allowing divergent

policies where proprietary and open-source LLMs adopt different moderation intensities. Together,

these scenarios characterize the trade-offs between content safety and market competition.23

We place particular emphasis on the risk-taking segment (Class 1), because moderation policies

23Our model is a partial equilibrium framework. Accordingly, the counterfactuals capture only demand-side conse-
quences, as we do not model adjustments in LLM attributes on the supply side. The results can therefore be interpreted
as short-run market effects.
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directly affect both their decision to submit risky prompts and their choice of LLM conditional on

doing so. We also report overall market outcomes for completeness.

7.1 Implementation and Baseline Scenario

Setup. In each counterfactual scenario, users make two sequential decisions: whether to submit a

risky or safe prompt and which LLM to select. This setup allows us to evaluate how moderation policies

affect both the allocation of demand across providers and users’ propensity to submit risky prompts.

Risk-taking users may substitute between risky and safe prompts in response to expected refusal rates.

Never-risk-takers are unaffected by construction, although they might begin submitting risky prompts

under more lenient moderation, in which case our baseline predictions would be conservative.24

We adapt the estimated utility specification from Section 4 to a setting in which users choose among

all available LLMs and the outside option. In the estimation data, each user faces only two randomly

assigned LLMs, whereas computing market shares and concentration requires choice probabilities over

the full set of alternatives.25

We now formalize this counterfactual choice environment. Let J denote the set of available LLMs

and o the outside option.26 For the prompt-risk decision, the inclusive value IV k
it (Sit) is the expected

maximum utility from the subsequent LLM-choice stage. It integrates over refusal realizations Rijt

and response characteristics Xijt, with the expectation approximated by Monte Carlo simulation.

IV k
it (Sit) = E{Rijt, Xijt}j∈J

log
 ∑
j∈J∪{o}

eŨ
k
ijt(Sit;Rijt, Xijt)

+ Euler’s constant, (13)

where Rijt ∼ Bernoulli(rj(Sit)) independently for each j ∈ J , and Xijt ∼ FX|j, Rijt . The expecta-

tion integrates jointly over refusal realizations and response characteristics, with text features drawn

conditional on refusal status. This expectation is approximated via Monte Carlo using D simulation

draws, yielding:

IV k
it (Sit) =

1

D

D∑
d=1

log

 ∑
j∈J∪{o}

eŨ
k
ijt(Sit;R

(d)
ijt , X

(d)
ijt )

+ Euler’s constant, (14)

with R
(d)
ijt ∼ Bernoulli(rj(Sit)) and X

(d)
ijt ∼ F

X|j, R(d)
ijt

for each draw d.

24Section 7.2 considers a scenario in which never-risk-takers are allowed to submit risky prompts.
25We compute market shares at the user-prompt level, so the same user may select different LLMs across occasions,

consistent with the common practice of multi-homing across LLM platforms discussed in Section 3.1.
26The outside option represents alternatives such as using a search engine, consulting human experts, or forgoing AI

assistance altogether.
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The probability that a user chooses a risky prompt is then given by the logit expression:

P kit(Sit = 1) =
eIV

k
it(1)

eIV
k
it(0) + eIV

k
it(1)

. (15)

Using user-specific posterior class membership probabilities qik from the estimation, we derive market

share measures for overall model shares, prompt-risk probabilities, and conditional model shares given

prompt risk. Since preference parameters, refusal rates, and the conditional distributions of response

characteristics are constant within each class, the resulting choice probabilities do not vary across

users or prompts within that class. We therefore suppress the i and t subscripts and express the choice

probabilities at the class level after integrating over refusal realizations and response characteristics.

The overall market share for alternative j ∈ J ∪ {o} is computed by integrating over all users and

their estimated class memberships, weighted by each user’s observation count Ti:

MSj =

∑
i∈I Ti

∑K
k=1 qik

[
P k(S = 1) · P kj (S = 1) + P k(S = 0) · P kj (S = 0)

]
∑

i∈I Ti
, (16)

where qik is the posterior probability that user i belongs to class k from the EM estimation, P k(S = s)

is the probability that a class-k user chooses risk level s, and P kj (S = s) is the probability that a

class-k user chooses alternative j given risk level s, integrated over refusal realizations and response

characteristics via Monte Carlo.

For the conditional market share of model j given high-risk prompts, we compute:

MSj|S=1 =

∑
i∈I Ti

∑K
k=1 qik · P k(S = 1) · P kj (S = 1)∑

i∈I Ti
∑K

k=1 qik · P k(S = 1)
. (17)

The conditional market share given safe prompts, MSj|S=0, is defined similarly.

Market concentration is measured using the Herfindahl-Hirschman Index, HHI =
∑

j∈J (MSj ×

100)2, computed over the LLMs in J and excluding the outside option o.27

Baseline Market Shares. In the baseline scenario, all preference parameters are fixed at their

estimated values, and refusal rates correspond to those observed in the data. This serves as the

reference point against which we evaluate alternative moderation policies. Table 5 reports the resulting

market shares and prevalence of risky prompts. Although prompt-level share data are unavailable and

27Throughout, we treat each of the 20 LLMs as a separate competitor when computing the HHI. Because several LLMs
share a developer (e.g., GPT-4 and GPT-3.5-turbo; Claude-v1 and Claude-Instant-v1), aggregating market shares by
developer before computing the index raises measured concentration substantially. For the risk-taking segment, baseline
HHI rises from 1023 to 1708. The ranking of the moderation policies and the direction of every policy effect remain
unchanged, while the magnitudes are roughly twice as large. Our LLM-level HHI is thus a conservative measure of
developer-level concentration.
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the set of LLMs has evolved over time, a 2025 Menlo Ventures survey of LLM usage finds that 28% of

U.S. adults use ChatGPT, 23% use Google’s Gemini, and 33% use Claude or open-source LLMs such

as DeepSeek.28 These usage patterns are broadly consistent with our market share estimates. Risky

prompts account for 3.2% of all requests, in line with the 3.7% in the sample.

Table 5: Baseline Market Shares and Summary Statistics
All Prompts Risky

Prompts
Rank Model Type Risk-Taking

Segment
Entire Market

Share (%) Share (%) Share (%)
1 gpt-4 Prop. 21.3 22.0 12.9
2 claude-v1 Prop. 13.3 13.8 6.9
3 claude-instant-v1 Prop. 10.8 11.3 5.8
4 gpt-3.5-turbo Prop. 8.9 9.2 5.2
5 guanaco-33b OS 5.8 5.4 9.5
6 palm-2 Prop. 5.4 5.7 2.9
7 vicuna-13b OS 5.4 5.1 8.5
8 wizardlm-13b OS 4.5 4.2 7.3
9 koala-13b OS 3.6 3.4 5.9
10 vicuna-7b OS 3.6 3.3 5.6
11 mpt-7b-chat OS 2.2 2.1 3.8
12 gpt4all-13b-snoozy OS 2.2 2.1 3.6
13 RWKV-4-Raven-14B OS 2.0 1.9 3.5
14 alpaca-13b OS 1.9 1.7 3.3
15 oasst-pythia-12b OS 1.9 1.7 3.2
16 fastchat-t5-3b OS 1.4 1.3 2.4
17 chatglm-6b OS 1.4 1.3 2.1
18 stablelm-tuned-alpha-7b OS 1.1 1.0 1.8
19 dolly-v2-12b OS 0.9 0.8 1.5
20 llama-13b OS 0.8 0.8 1.4
21 outside option – 1.6 1.9 2.8

Aggregate Measures
Proprietary LLMs Share (%) 60.6 63.1 34.7
Open-Source LLMs Share (%) 39.4 36.9 65.3
HHI 1023 1076 682

User Behavior (%) Class 1 Class 2 Class 3 All Users
Share of Prompts 27.0 29.3 43.8 100
Risky Requests 11.8 0 0 3.2
Safe Requests 88.2 100 100 96.8

Note: The top panel reports each LLM’s market share across all prompts, separately for the risk-taking segment (Class 1) and
the entire market, as well as for risky prompts only. Because only risk-taking users submit risky prompts, risky-prompt shares are
identical for the segment and the entire market and are therefore reported once. Safe-prompt shares are omitted, as they nearly
coincide with all-prompt shares (risky prompts are 3.2% of all prompts). The bottom panel reports the share of prompts submitted
by each latent class and the percentage of each class’s prompts that are risky versus safe. Classes 2 and 3 never submit risky
prompts by construction, so the overall risky rate (3.2%) is Class 1’s rate (11.8%) weighted by its share of prompts (27.0%).

In the baseline, proprietary LLMs capture 63.1% of the market overall, led by GPT-4 at 22.0%.

Consistent with the descriptive evidence, proprietary LLMs are less competitive on risky prompts,

which the risk-taking segment submits 11.8% of the time. On those prompts, proprietary models

capture only 34.7% of the market, while open-source LLMs account for 65.3%.29 The segment’s HHI

28Source: Menlo Ventures, “2025: The State of Consumer AI,” November 2025. Available at https://menlovc.com/

perspective/2025-the-state-of-consumer-ai/.
29The outside option share is substantially lower than in the estimation data (where approximately 18% of users

selected “Both are bad”) because users now choose from all 20 LLMs rather than a randomly assigned pair, making it
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is 1023 across all prompts but only 682 for risky prompts.

Figure 6 provides further validation of our baseline estimates: it plots each LLM’s predicted baseline

market share (entire market) against its predicted win rate from the original pairwise comparisons,

separately for risky (small symbols) and safe (large symbols) prompts. The two measures are strongly

positively correlated, indicating that the baseline reproduces the relative performance observed in the

pairwise-choice setting. Market share is convex in the win rate, so small win-rate advantages translate

into disproportionately larger differences in market share. The figure also illustrates how rankings

shift on risky prompts: open-source LLMs gain market share at the expense of proprietary models, to

the point that only GPT-4 maintains a lead over open-source alternatives.

Figure 6: Safe and Risky Market Shares vs. Pairwise Win Rates

Note: Each observation corresponds to one LLM and one prompt type (safe or risky). Circles indicate proprietary
LLMs while triangles indicate open-source LLMs. Large shapes indicate the LLM’s performance on safe prompts,
while smaller shapes indicate its performance on risky prompts. Solid lines indicate that the LLM gains market share
on risky prompts relative to safe prompts, while a dashed line indicates the opposite.

7.2 Counterfactual Moderation Policies

We now examine several alternative moderation scenarios, assessing their impact on two key dimen-

sions: market concentration and the prevalence of risky requests, where the latter is also endogenously

determined. In these counterfactuals, we vary refusal rates (and, in one case, also remove the propri-

etary quality penalty for risky prompts) while holding all other parameters fixed at their estimated

values.30

far more likely they find a satisfactory option.
30Changes in moderation intensity may affect the quality of non-refused responses. Response-level text covariates Xijt

partially capture this by reflecting systematic differences in completions (e.g., shorter or more hedged responses when
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Table 6 summarizes the effects of each policy on the risk-taking segment; Table J.1 in Appendix J

reports the corresponding results for the entire market. Detailed LLM-level market shares for both

the risk-taking segment and the entire market are provided there as well.

Table 6: Counterfactual Effects on Market Structure and Risky Content
Market Concentration

Prevalence of
Risky Requests (%)All Prompts Risky Prompts Only

Counterfactual Scenario HHI Prop. (%) HHI Prop. (%)

Baseline and Moderation Policies
Baseline 1023 60.6 682 34.7 11.8
No Risky Refusals 1019 (−0.4%) 60.5 692 (+1.4%) 37.6 13.4 (+14%)
No Risky Refusals + Equal Quality 1098 (+7.4%) 64.0 1094 (+60.3%) 64.1 21.2 (+79%)
Safe Baseline Risky Refusals 1020 (−0.3%) 60.5 696 (+2.0%) 37.5 13.3 (+12%)
Safe Baseline + Equal Quality 1100 (+7.5%) 64.0 1100 (+61.2%) 64.0 20.9 (+77%)
Universal Strict Moderation 1081 (+5.7%) 63.2 685 (+0.4%) 33.4 3.0 (−75%)
Divergent Moderation 983 (−3.9%) 58.8 778 (+14.0%) 8.8 9.7 (−18%)

Model Exit Scenarios
Remove GPT-3.5-turbo 1134 (+10.9%) 56.7 725 (+6.3%) 31.2 12.3 (+4%)
Remove gpt4all-13b-snoozy 1062 (+3.8%) 62.0 719 (+5.4%) 36.4 11.6 (−1%)
Remove llama-13b 1036 (+1.3%) 61.1 697 (+2.2%) 35.6 11.7 (−1%)

Note: HHI measures market concentration (scale: 0–10,000). Percentage changes in parentheses are relative to baseline. Prop. (%)
denotes the combined market share of proprietary LLMs (GPT-4, Claude-v1, Claude-Instant-v1, GPT-3.5-turbo, and PaLM-2).
Prevalence of Risky Requests (%) reports the predicted fraction of prompts that are risky. This analysis focuses on risk-taking
(Class 1) users. Detailed LLM-level market shares for this segment and the entire market are provided in Appendix J.

No Risky Refusals. This counterfactual eliminates moderation of risky prompts by setting rj(1) =

0 for all LLMs.31 All other parameters remain at their estimated values.

For the risk-taking segment, eliminating risky refusals increases the prevalence of risky prompts

from 11.8% to 13.4% (+14%). Across all prompts, HHI and proprietary share decline modestly, from

1023 to 1019 (−0.4%) and from 60.6% to 60.5%, respectively. On risky prompts, proprietary share

rises from 34.7% to 37.6% as their refusal disadvantage disappears. However, this increase is limited

because open-source LLMs with relatively high baseline refusal rates also benefit from the removal of

moderation, offsetting the shift toward proprietary models.

For the entire market, HHI decreases by 0.1% and the prevalence of risky prompts rises from 3.2%

to 3.6%. Thus, removing risky refusals increases risky prompting with only minor effects on market

concentration.

previously refused prompts are answered). We also assess sensitivity to changes in model intercepts in Appendix K, intro-
ducing a quality degradation parameter λ that penalizes intercepts as refusal rates change. The qualitative conclusions
are preserved, with somewhat attenuated magnitudes.

31Safe refusal rates are maintained at their baseline levels, as these refusals typically occur for reasons unrelated to
moderation. Setting each LLM’s risky-prompt refusal rate equal to its safe-prompt baseline refusal rate instead of zero
yields qualitatively similar results (the “Safe Baseline Risky Refusals” scenario in Table 6).
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No Risky Refusals with Equal Quality. In this scenario, all models respond to risky prompts

(rj(1) = 0), as in the previous scenario, and proprietary LLMs no longer face a systematic quality

disadvantage on risky prompts (γk(1) = 0).32

Risk-takers submit risky prompts 21.2% of the time (+79%), and the overall risky rate rises from

3.2% to 5.7%. Proprietary LLMs gain substantial market share, particularly on risky prompts where

their share increases from 34.7% to 64.1%, effectively eliminating open-source LLMs’ competitive

advantage. As a result, HHI on risky prompts increases sharply from 682 to 1094 (+60.3%). The

risk-taking segment’s HHI rises from 1023 to 1098 (+7.4%), while HHI for the entire market increases

2.0% to 1097. This suggests that proprietary LLMs’ current quality disadvantage for risky content

contributes meaningfully to competition.

By combining a sharp rise in risky content with higher market concentration, this scenario il-

lustrates how eliminating moderation while also removing the proprietary quality disadvantage can

simultaneously reduce safety and weaken competition.

Universal Strict Moderation. In contrast to the previous two scenarios, which eliminate refusals

to risky prompts, this counterfactual imposes universal strict moderation by setting rj(1) = 1 for every

LLM j.

Universal Strict Moderation sharply reduces risky prompting among risk-takers, from 11.8% to

3.0% (−75%).33 Because open-source LLMs derive much of their competitive advantage from risky

prompts, the reduction in risky prompting shifts demand toward safe prompts, where proprietary LLMs

have an advantage. As a result, across all prompts, the risk-taking segment’s HHI rises from 1023 to

1081 (+5.7%), while proprietary share increases from 60.6% to 63.2%. On risky prompts, changes are

modest because all models now refuse alike: HHI rises from 682 to 685 (+0.4%), while proprietary

share declines from 34.7% to 33.4%. For the entire market, risky prompting falls to 0.8% and HHI

rises by 1.5% to 1092, about equivalent to removing Llama-13b from the market. Universal Strict

Moderation therefore improves safety but raises market concentration and strengthens proprietary

incumbents, illustrating a clear safety–competition trade-off.

32As before, setting each LLM’s risky-prompt refusal rate equal to its safe-prompt baseline refusal rate instead of zero,
here together with removing the proprietary quality penalty, yields qualitatively similar results (the “Safe Baseline +
Equal Quality” scenario in Table 6).

33The rate is not zero because users may still attempt risky prompts even expecting refusals; in the data, users
occasionally select refusals as winners.
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Divergent Moderation Policies. Divergent moderation policies, under which proprietary and

open-source LLMs face different moderation requirements on risky prompts, can take many forms.

Here we consider one extreme case: proprietary LLMs refuse all risky prompts (rj(1) = 1 if Mj =

1), while open-source LLMs refuse none (rj(1) = 0 if Mj = 0). The safety–competition frontier

below traces the full continuum of intermediate policies. Such asymmetry could arise if regulators

impose stricter content moderation requirements on larger, established providers while applying lighter

obligations to smaller or open-source developers, as European regulation does by distinguishing “Very

Large Online Platforms” and subjecting them to additional compliance duties.

Among risk-takers, the prevalence of risky prompts falls from 11.8% to 9.7% (−18%), as stricter

proprietary moderation deters risky prompting despite lenient open-source moderation. On risky

prompts, proprietary share falls sharply from 34.7% to 8.8%, with open-source models capturing 91.2%,

causing HHI on risky prompts to rise from 682 to 778 (+14.0%).34 Across all prompts, however, the

risk-taking segment’s HHI falls from 1023 to 983 (−3.9%), while proprietary share declines from 60.6%

to 58.8%. Because the proprietary models that lose share on risky prompts are the largest overall, this

reduces their market shares across all prompts. Since risky prompts account for only 9.7% of prompts

submitted by risk-takers, and the remaining safe prompts are unaffected, the increase in concentration

on risky prompts has only a limited effect on the segment’s HHI. For the entire market, HHI falls by

1.1% to 1064 and the prevalence of risky prompts falls to 2.6%.

Divergent Moderation offers the best balance between safety and competition among the poli-

cies we consider: it produces the most pro-competitive outcome for risk-takers while also reducing

risky prompting. By preserving a viable competitive position for open-source LLMs, it may further

strengthen the conditions for entry and innovation.

Summary, Discussion, and Extensions. Table 6 highlights three main patterns for the risk-

taking segment. First, eliminating risky refusals alone increases risky prompting but has little effect

on market concentration; removing refusals has large concentration effects only when proprietary

LLMs also overcome their quality disadvantage on risky prompts. Second, Universal Strict Moder-

ation reduces risky prompting but increases concentration by shifting demand toward safe prompts,

where proprietary LLMs have an advantage. Third, a scenario in which proprietary LLMs moderate

34Proprietary share is not zero despite 100% refusals because some users in the data select refusals as preferred
responses, indicating a small positive demand for refused content.
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risky prompts strictly while open-source LLMs do not reduces risky prompting while also lowering

concentration among risk-takers.

Across these counterfactuals, HHI on risky prompts rises relative to baseline, even where all-

prompt concentration falls. This does not reflect any change in competition on safe prompts: because

these counterfactuals modify only risky-prompt refusals or the proprietary quality penalty on risky

prompts, choice probabilities for safe prompts are unchanged. The change in all-prompt concentration

instead combines an intensive margin (substitution across LLMs within a given prompt type) and an

extensive margin (changes in the prevalence of risky prompts). Because risky prompts are a small share

of demand, shifts within risky prompts usually move all-prompt concentration only slightly. Divergent

Moderation is the exception: substitution away from the largest proprietary models on risky prompts

lowers their shares across all prompts, so all-prompt concentration falls even as risky-prompt HHI

rises.35

To assess the economic significance of these concentration changes, we compare the HHI effects

of the counterfactuals against the impact of individual LLM exits. The 117-point HHI range across

counterfactual outcomes, from 983 under Divergent Moderation to 1100 under Safe Baseline + Equal

Quality, is comparable to the effect of removing GPT-3.5-turbo from the market (111 points). The HHI

reduction under Divergent Moderation (40 points) is also comparable to the contribution of GPT4All-

13b-Snoozy (39 points), indicating that this policy has pro-competitive effects similar to adding an

intermediate open-source competitor. The HHI increase under No Risky Refusals with Equal Quality

(75 points) is smaller but still substantial relative to the GPT-3.5-turbo exit effect.36 Importantly,

these changes arise from moderation design rather than firm exit, making them directly relevant for

regulatory policy.

Throughout the counterfactual analysis, we focus primarily on the risk-taking segment because it

is directly affected by changes in risky-prompt moderation. We also consider whether more lenient

moderation could induce risky prompting among never-risk-takers. To examine this possibility, we

allow Class 3 users, the refusal-averse never-risk-taking segment, to submit risky prompts.37 Class 3

35Appendix M isolates the intensive margin by recomputing each counterfactual with risky-prompt probabilities held
at their baseline values, and finds within-prompt-type substitution to be the dominant channel in most scenarios.

36Table J.1 in Appendix J presents the corresponding entire-market results, where effects are diluted by never-risk-
takers. HHI changes in the entire market range from −1.1% to +2.0%. Detailed LLM-level market shares for the exit
scenarios and the safe-baseline variants are reported in Appendix L.

37This segment exhibits strong refusal aversion for safe prompts (βk(0) = −2.357) but never submits risky prompts
in the baseline. We set its risky-prompt refusal aversion equal to its safe-prompt parameter and vary its risky-prompt
intercept αk(1) from −5 (virtually never risky) to −1.330 (matching risk-takers).
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accounts for 43.8% of prompts and is the most plausible candidate for such behavioral change because

its members strongly dislike refusals despite not submitting risky prompts in the baseline. By contrast,

Class 2 also never submits risky prompts but does not exhibit significant aversion to safe-prompt

refusals, making it less directly connected to the mechanism of interest.

Figure 7 reports HHI and the prevalence of risky prompts for the entire market under the three

lenient-refusal scenarios. Under No Risky Refusals and No Risky Refusals with Equal Quality, overall

HHI changes little as Class 3 becomes more willing to submit risky prompts, even though risky prompt-

ing rises substantially. Under Divergent Moderation, however, overall HHI declines substantially as

these users shift toward open-source LLMs that respond to risky prompts.

Figure 7: Counterfactual Effects When Segment of Never-Risk-Takers Can Make Risky Prompts

Note: Each panel plots overall HHI (left axis) and the predicted fraction of risky requests (right axis) as the refusal-averse never-
risk-taking Class 3’s risky intercept αk(1) shifts from −1.330 to −5 under the three counterfactual moderation policies where
refusals are made more lenient.

7.3 The Safety–Competition Frontier

Figure 8 illustrates, for the risk-taking segment, the relationship between market concentration (HHI)

and the prevalence of risky prompts across 121 policy combinations that vary proprietary and open-

source risky refusal rates in 10-percentage-point increments.38

Each point in the figure represents a distinct pair of risky refusal rates for proprietary and open-

source LLMs. The labeled points locate the main counterfactual scenarios discussed above: the

baseline (“Current policy”), the symmetric extremes of Universal Strict Moderation (“All refuse”)

and No Risky Refusals (“None refuse”), the Divergent Moderation scenario, and the reverse divergent

policy, in which open-source LLMs refuse all risky prompts while proprietary LLMs refuse none. The

38The prevalence of risky prompts is an input-side metric: it captures how often users submit risky prompts, not whether
those prompts are answered rather than refused and thus may produce harmful output. Appendix N constructs an output-
side counterpart, the fraction of risky prompts that receive a non-refused response, and shows that all counterfactual
rankings are preserved. The corresponding entire-market frontier is qualitatively similar but attenuated, since never-
risk-takers dilute variation in risky prompting; we report it in Figure J.1 in Appendix J.
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Figure 8: The Safety–Competition Frontier (Risk-Taking Segment)

Note. Each point is a policy combination of proprietary and open-source risky refusal rates, in 10-percentage-point
increments. Circles denote symmetric policies (equal proprietary and open-source refusal rates); upward (downward)
triangles denote stricter proprietary (open-source) moderation.

diamond denotes 100% proprietary refusals with open-source refusal rates fixed at their baseline levels.

The No Risky Refusals with Equal Quality scenario is not represented, as it additionally removes the

proprietary quality penalty on risky prompts.

The lower-left envelope of the plotted combinations traces a safety–competition frontier. Points

along this frontier are undominated combinations within this grid: reducing concentration further

requires accepting more risky prompting, and reducing risky prompting further requires accepting

higher concentration. The baseline scenario lies above and to the right of this frontier, so alternative

moderation regimes can improve on the status quo in both dimensions. The shaded region contains

all policies that do so. A policy need not reach the frontier to outperform the status quo; it only

needs to fall within this region, where both concentration and risky prompting are lower than at the

baseline. Policies in this region impose higher risky refusal rates on proprietary LLMs than on open-

source models. The part of the frontier that improves on the baseline is reached when proprietary

moderation is strict and open-source moderation is relatively lenient, as under Divergent Moderation.

Symmetric policies, where proprietary and open-source LLMs apply the same risky refusal rate,

instead trace the safety–competition trade-off identified earlier: raising the common rate reduces risky

prompting but raises concentration, while lowering it raises risky prompting and changes concentra-

tion only modestly under the estimated quality differences. Asymmetry by itself, however, does not
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guarantee improvement: the reverse policy produces the most concentrated outcome in the figure, be-

cause it channels risky demand toward the dominant proprietary models. Competition improves under

asymmetric moderation only when stricter moderation falls on the dominant proprietary providers.

These patterns underscore that moderation policy shapes not only content outcomes but also

market structure. Whether safety and competition move together or in opposition is not mechanical

but a matter of design: imposing stricter moderation on large proprietary providers while leaving

open-source alternatives relatively unconstrained can lower concentration without increasing risky

prompting, whereas uniform mandates improve safety only by raising concentration. By altering

competitive dynamics and entry incentives, moderation design thus functions as an instrument of

market structure, not merely of content safety.

8 Conclusion

This paper models how content moderation shapes user demand and market structure in the LLM

market. Using data from LMArena, we estimate a two-stage structural model that captures users’

willingness to issue risky prompts, their sensitivity to refusals, and their preferences over response

quality. By embedding moderation directly into a demand framework, we link AI safety to market

concentration.

Risky prompts are rare, yet refusals are costly: an LLM’s win rate falls by more than half when it

refuses. We identify a distinct risk-taking segment, comprising 21.9% of users, whose prompting and

LLM choices are directly shaped by moderation policy. In counterfactuals, universal strict modera-

tion reduces risky prompting but raises concentration, reinforcing proprietary incumbents. Divergent

moderation, under which proprietary LLMs moderate strictly while open-source LLMs do not, instead

reduces risky prompting while lowering concentration among risk-takers. Across the policies we ex-

amine, the 117-point range in HHI among risk-takers is comparable to the effect of removing a major

LLM from the market. Because users may submit fewer risky prompts on a public leaderboard than

in private settings, the market effects of moderation may be larger in practice.

Moderation design, not merely the overall level of moderation, determines whether safety and

competition move together or in opposition. Our analysis of the safety–competition frontier shows

that alternative moderation policies can reduce both concentration and risky prompting relative to

the status quo. Blanket strict moderation may protect users but risks entrenching proprietary incum-
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bents, whereas divergent approaches can reduce risky prompting while preserving competitive space

for open-source and smaller providers. Content safety regulation thus doubles as industrial organiza-

tion policy. For managers, moderation is a strategic lever as much as a technical safeguard, shaping

trust, regulatory exposure, and competitive positioning.
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Online Appendix for “User Preferences for Large Language Models:
Implications for AI Safety and Market Structure”

A Additional Descriptives

Table A.1 shows the empirical distribution of the top 20 model pairs encountered by users on LMArena

in our data. There are 190 unique model pairs in total which fully encompasses all possible combina-

tions of 20 LLMs.

Table A.1: Empirical Distribution of Top 20 Model Pairs
Rank Model Pair Count Probability (%)

1 koala-13b vs vicuna-13b 668 2.58
2 oasst-pythia-12b vs vicuna-13b 465 1.79
3 koala-13b vs oasst-pythia-12b 380 1.47
4 alpaca-13b vs vicuna-13b 351 1.35
5 gpt-3.5-turbo vs koala-13b 341 1.32
6 alpaca-13b vs koala-13b 334 1.29
7 claude-instant-v1 vs vicuna-7b 309 1.19
8 gpt-3.5-turbo vs vicuna-13b 304 1.17
9 chatglm-6b vs vicuna-13b 297 1.15
10 gpt-3.5-turbo vs gpt-4 286 1.10
11 claude-v1 vs gpt-3.5-turbo 279 1.08
12 gpt-3.5-turbo vs oasst-pythia-12b 279 1.08
13 alpaca-13b vs oasst-pythia-12b 278 1.07
14 gpt-4 vs oasst-pythia-12b 278 1.07
15 gpt-4 vs koala-13b 276 1.07
16 gpt-4 vs vicuna-13b 275 1.06
17 alpaca-13b vs gpt-3.5-turbo 275 1.06
18 claude-v1 vs koala-13b 268 1.03
19 RWKV-4-Raven-14B vs gpt-3.5-turbo 261 1.01
20 claude-v1 vs gpt-4 257 0.99

Distribution Summary
Total observations 25,912
Unique model pairs 190
Mean count and probability per pair 136 0.53
Most common pair 668 2.58
Least common pair 4 0.02

A key identifying assumption of our model is that the platform assigns LLM pairs to users inde-

pendently of prompt content. While LMArena describes its assignment as “random and anonymous,”

the platform notes that sampling probabilities may be adjusted for model coverage and computational

balance. If such adjustments were correlated with prompt characteristics, particularly toxicity or risk

level, the observed refusal and win rates could reflect platform routing mechanics rather than user

preferences.

To test this assumption directly, we estimate the following balance regression:

Xi = α+
∑
j

δj · 1[LLM Ai = j] +
∑
j

ϕj · 1[LLM Bi = j] + Temporal Controlsi + εi

where Xi is a prompt-level risk measure, and the sums run over the 19 non-reference LLMs (with
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RWKV-4-Raven-14B as the omitted category) assigned to position A and B in each comparison.

Under random assignment, prompt risk characteristics, which are determined before the user observes

which LLMs respond, should be orthogonal to LLM identity, implying δj = ϕj = 0 for all j. We

consider two dependent variables: the continuous log10(RoBERTa) toxicity score and the binary high-

risk indicator (1[log10(RoBERTa) > −0.75]). We estimate three specifications with progressively more

flexible temporal controls: (1) no controls, (2) weekly fixed effects and a weekend indicator, and (3)

daily fixed effects. These temporal controls absorb any time-varying changes in user behavior or

platform activity that could confound the relationship between LLM assignment and prompt risk.

Table A.2 reports the results. Across all six specifications, no individual LLM fixed effect is

significant at the 10% level for either risk measure, and the joint F -tests for the 38 LLM fixed effects are

uniformly insignificant. For the continuous risk score, the F -statistic declines from 1.277 (p = 0.118)

with no controls to 0.908 (p = 0.631) with daily fixed effects. For the binary high-risk indicator, the

F -statistic is 0.849 (p = 0.731) without controls and 0.816 (p = 0.782) with daily fixed effects. The R2

attributable to LLM assignment is negligible across all specifications (below 0.2% in all cases, with the

remainder reflecting temporal variation). These results confirm that LLM assignment is orthogonal to

prompt risk, supporting the exogeneity of model assignment that underpins our identification strategy.

Table A.2: Balance Tests: Prompt Risk Characteristics Regressed on LLM Assignment Fixed Effects
Log10(RoBERTa Score) High-Risk Indicator

(1) (2) (3) (4) (5) (6)
LLM A fixed effects Yes Yes Yes Yes Yes Yes
LLM B fixed effects Yes Yes Yes Yes Yes Yes
Temporal controls None Week FEs Daily FEs None Week FEs Daily FEs
Weekend indicator No Yes No No Yes No
Observations 25,912 25,912 25,912 25,912 25,912 25,912
R2 0.0019 0.0048 0.0113 0.0012 0.0032 0.0108
F -statistic (LLM FEs) 1.277 0.987 0.908 0.849 0.852 0.816
p-value [0.118] [0.493] [0.631] [0.731] [0.727] [0.782]

Note: Each column reports an OLS regression of a prompt-level risk measure on 38 LLM assignment fixed effects (19
LLM A + 19 LLM B dummies). The F -statistic tests H0: all 38 LLM fixed effects are jointly zero, conditional on
temporal controls. p-values in brackets.

Table A.3 summarizes the number of conversations in English and other languages on the platform

and summary statistics on turns per conversation. Table A.4 decomposes the single-turn English

conversations based on the user’s choice of winner, tie or outside option across risky and safe prompts.

Table A.5 summarizes win rates for the subset of the data where a clear winner is selected.

Figure A.1 reports win rates by moderation score deciles, extending the binary safe-risky com-

parison in the main text to the full distribution of moderation scores. The refusal penalty increases
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Table A.3: Turns per Question Statistics. All Data
Metric English Non-English
Summary Statistics
Total unique questions 29,173 3,788
Minimum turns 1 1
Maximum turns 25 19
Mean turns 1.18 1.26
Median turns 1.0 1.0
Standard deviation 0.67 0.83
Percentile Analysis
25th percentile 1.0 1.0
50th percentile 1.0 1.0
75th percentile 1.0 1.0
90th percentile 2.0 2.0
95th percentile 2.0 3.0
99th percentile 4.0 4.1
Distribution of Turns
1 turn 25,912 (88.8%) 3,183 (84.0%)
2 turns 2,147 (7.4%) 404 (10.7%)
3 turns 668 (2.3%) 115 (3.0%)
4 turns 241 (0.8%) 48 (1.3%)
5 turns 91 (0.3%) 17 (0.4%)
6 turns 52 (0.2%) 4 (0.1%)
7 turns 23 (0.1%) 8 (0.2%)
8 turns 15 (0.1%) 3 (0.1%)
9 turns 10 (0.0%) 3 (0.1%)
10+ turns 14 (0.0%) 3 (0.1%)

Table A.4: Observation Counts by Choice Type and Risk Level
Choice Type Risky Safe Total Percent
Model A chosen 356 8,891 9,247 35.7%
Model B chosen 321 8,742 9,063 35.0%
Tie 94 2,742 2,836 10.9%
Outside option 182 4,584 4,766 18.4%
Total 953 24,959 25,912 100.0%
Percent 3.7% 96.3% 100.0%

Note: Risky prompts are defined as those with log10(roberta probability) > -0.75.

Table A.5: Model Performance in Pairwise Comparisons With Clear Winners
Rank Model Type Comparisons Wins Win Rate (%)

1 gpt-4 Prop. 2,655 2,256 85.0
2 claude-v1 Prop. 2,394 1,881 78.6
3 claude-instant-v1 Prop. 1,511 1,135 75.1
4 gpt-3.5-turbo Prop. 2,751 1,950 70.9
5 vicuna-13b OS 3,243 2,014 62.1
6 guanaco-33b OS 551 335 60.8
7 palm-2 Prop. 1,629 959 58.9
8 wizardlm-13b OS 582 314 54.0
9 koala-13b OS 2,986 1,538 51.5
10 vicuna-7b OS 1,498 674 45.0
11 alpaca-13b OS 2,426 867 35.7
12 mpt-7b-chat OS 1,517 536 35.3
13 oasst-pythia-12b OS 2,682 939 35.0
14 gpt4all-13b-snoozy OS 536 186 34.7
15 RWKV-4-Raven-14B OS 1,971 681 34.6
16 fastchat-t5-3b OS 1,705 512 30.0
17 chatglm-6b OS 1,833 549 30.0
18 stablelm-tuned-alpha-7b OS 1,517 403 26.6
19 dolly-v2-12b OS 1,494 342 22.9
20 llama-13b OS 1,139 239 21.0

Summary Statistics
Total comparisons: 18,310 Avg. win rate: 47.4%
Prop. models avg. win rate: 74.8% OS models avg. win rate: 39.4%
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monotonically with prompt risk, with the gap between refusal and non-refusal win rates widening as

prompts become more likely to trigger moderation.

Figure A.1: Win Rate by Thresholds

Note: Thresholds are deciles of the distribution of the moderation score, except for the final -0.75 threshold which
identifies the top 3.7% of prompts that we deemed as risky.

Table A.6 summarizes the behavior of users who submit more than one prompt. There are 3,295

such users (30.8%). Of these users, 304 have at least 1 risky prompt, and of them, 90.1% also have

at least 1 safe prompt. This suggests that rarely do users make only risky prompts, and may choose

whether they wish to make a risky or a safe prompt. The duplicate prompt analysis investigates

whether users that are active tend to submit the same prompt multiple times. It finds that the majority

of users with more than one prompt (69.2%) only submit unique prompts, while the remainder may

submit the same prompt multiple times, most likely to test how different models respond.
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Table A.6: User Risk Choice and Prompt Duplication Analysis
Metric Value
User Risk Choice (users with ≥ 2 conversations)
Users with ≥ 2 conversations 3,295
Safe conversations only 2,991
Risky conversations only 30
Both safe and risky 274
Risk Choice Overlap Analysis
Users with ≥ 2 convos and ≥ 1 risky conversation:

Total 304
Also have ≥ 1 safe conversation 274 (90.1%)
Have ONLY risky conversations 30 (9.9%)

Users with ≥ 2 convos and ≥ 1 safe conversation:
Total 3,265
Also have ≥ 1 risky conversation 274 (8.4%)
Have ONLY safe conversations 2,991 (91.6%)

Duplicate Prompt Analysis (users with ≥ 2 conversations)
Users analyzed 3,295
Total conversations from these users 18,514
Total unique prompts 14,120
Total conversations with duplicate prompts 6,506 (35.1%)
Users who repeated at least one prompt 1,015 (30.8%)
Users with all unique prompts 2,280 (69.2%)
Duplication Behavior Distribution:

0% duplicates (all unique) 2,280 (69.2%)
1–25% duplicates 79 (2.4%)
26–50% duplicates 239 (7.3%)
51–75% duplicates 257 (7.8%)
76–100% duplicates 440 (13.4%)
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B Moderation Model Sensitivity Analysis

In this section we replicate our main results under alternative moderation models and thresholds.

In our data, we also have OpenAI moderation scores available in addition to RoBERTa modera-

tion scores. Figure B.1 illustrates the raw scores, their log-base-10 transformations, and scatterplots

between them. The scores exhibit a correlation of 34.25% and the log-base-10 transformations exhibit

a correlation of 37.45%. Even though the scores are positively correlated, they do not perfectly agree

on which content needs to be moderated, highlighting the general challenge of moderation systems.

Figure B.1: Moderation Scores

Figures B.2 and B.3 replicate the results in Figures 3 and A.1 but using the OpenAI moderation

model and focusing on the top 3.7% of requests by score to mirror our approach with RoBERTa.

These figures are also replicated if we shift the moderation threshold to be less conservative. Figures

B.4 and B.5 show similar results using the RoBERTa model but focusing on the top 7.50% of scores

instead of the top 3.7%.

Tables B.1 and B.2 present estimates from the main structural model under alternative content

moderation specifications: RoBERTa thresholds at the top 5% and 7.5% of cases (compared to 3.7%

in the baseline), and OpenAI moderation API thresholds at 3.7% and 7.5%. The key parameters

remain stable across specifications, confirming robustness to both the choice of moderation system
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Figure B.2: Win Rate Across Prompt Risk by Refusal Outcome - OpenAI Moderation

Figure B.3: Win Rate by Thresholds - OpenAI Moderation

Note: Thresholds are deciles of the distribution of the moderation score, except for the final -1.77 threshold which
identifies the top 3.7% of prompts that we deemed as risky.
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Figure B.4: Win Rate Across Prompt Risk by Refusal Outcome - RoBERTa Moderation (7.50% top
scores)

Figure B.5: Win Rate by Thresholds - RoBERTa Moderation (7.50% top scores)

Note: Thresholds are deciles of the distribution of the moderation score, except for the final -1.16 threshold which
identifies the top 7.50% of prompts that we deemed as risky.
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and threshold. As expected, lowering the stringency of the risk definition (moving from 3.7% to

7.5%) expands the share of Class 1 risk-takers, reflecting the inclusion of additional borderline-risky

requests. These patterns hold consistently across both RoBERTa and OpenAI moderation approaches,

demonstrating that our findings are not artifacts of any particular content filtering methodology.

Table B.1: Parameter Estimates under Different RoBERTa Moderation Thresholds
Parameters RoBERTa Moderation (5.00%) RoBERTa Moderation (7.50%)

Class 1 Class 2 Class 3 Class 1 Class 2 Class 3

Class probability πk
0.290∗∗∗

(0.017)
0.234∗∗∗

(0.023)
0.476∗∗∗

(0.020)
0.379∗∗∗

(0.015)
0.228∗∗∗

(0.026)
0.393∗∗∗

(0.025)
Class-specific parameters

Refusal coef. (risky) βk(1)
−1.425∗∗∗

(0.160)
– –

−1.485∗∗∗

(0.171)
– –

Refusal coef. (safe) βk(0)
−1.149∗∗∗

(0.238)
0.619∗

(0.353)
−2.398∗∗∗

(0.316)
−0.974∗∗∗

(0.241)
0.534
(0.393)

−2.663∗∗∗

(0.372)

Proprietary × risky γk(1)
−1.004∗∗∗

(0.146)
– –

−0.712∗∗∗

(0.121)
– –

Risky intercept αk(1)
−1.357∗∗∗

(0.185)
– –

−1.257∗∗∗

(0.150)
– –

Outside option ρk
−2.843∗∗∗

(0.340)
−1.711∗∗∗

(0.323)
−3.796∗∗∗

(0.399)
−2.033∗∗∗

(0.698)
−0.948
(0.642)

−3.035∗∗∗

(0.688)
Text coefficients ψ (common across classes)

Character length
0.106∗∗∗

(0.023)
0.134∗∗∗

(0.029)

Average word length
−0.723∗∗∗

(0.149)
−0.437
(0.280)

|Character length| 0.252∗∗∗

(0.021)
0.258∗∗∗

(0.022)

|Average word length| −0.209∗∗

(0.105)
−0.229∗∗

(0.108)
Model-specific fixed effects δj (common across classes; baseline GPT-4 = 0)

claude-v1
−0.579∗∗∗

(0.072)
−0.481∗∗∗

(0.110)

claude-instant-v1
−0.733∗∗∗

(0.088)
−0.646∗∗∗

(0.114)

gpt-3.5-turbo
−0.800∗∗∗

(0.072)
−0.675∗∗∗

(0.119)

palm-2
−1.478∗∗∗

(0.081)
−1.353∗∗∗

(0.119)

guanaco-33b
−1.525∗∗∗

(0.103)
−1.424∗∗∗

(0.132)

vicuna-13b
−1.571∗∗∗

(0.079)
−1.450∗∗∗

(0.119)

wizardlm-13b
−1.722∗∗∗

(0.118)
−1.618∗∗∗

(0.146)

vicuna-7b
−1.961∗∗∗

(0.080)
−1.858∗∗∗

(0.118)

koala-13b
−2.005∗∗∗

(0.075)
−1.883∗∗∗

(0.119)

gpt4all-13b-snoozy
−2.286∗∗∗

(0.115)
−2.164∗∗∗

(0.155)

mpt-7b-chat
−2.357∗∗∗

(0.085)
−2.216∗∗∗

(0.133)

alpaca-13b
−2.378∗∗∗

(0.084)
−2.217∗∗∗

(0.143)

RWKV-4-Raven-14B
−2.478∗∗∗

(0.079)
−2.335∗∗∗

(0.123)

oasst-pythia-12b
−2.548∗∗∗

(0.081)
−2.407∗∗∗

(0.130)

fastchat-t5-3b
−2.830∗∗∗

(0.088)
−2.707∗∗∗

(0.138)

chatglm-6b
−2.953∗∗∗

(0.080)
−2.831∗∗∗

(0.128)

dolly-v2-12b
−3.134∗∗∗

(0.092)
−2.971∗∗∗

(0.144)

stablelm-tuned-alpha-7b
−3.138∗∗∗

(0.095)
−2.996∗∗∗

(0.139)

llama-13b
−3.231∗∗∗

(0.104)
−3.051∗∗∗

(0.174)

Note: RoBERTa Moderation thresholds correspond to 5.00% and 7.50% tails of the moderation score distri-
bution. Standard errors in parentheses from ∼200 bootstrap samples. ∗∗∗ p < 0.01, ∗∗ p < 0.05, ∗ p < 0.10.
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Table B.2: Parameter Estimates under Different OpenAI Moderation Thresholds
Parameters OpenAI Moderation (3.68%) OpenAI Moderation (7.50%)

Class 1 Class 2 Class 3 Class 1 Class 2 Class 3

Class probability πk
0.255∗∗∗

(0.030)
0.465∗∗∗

(0.036)
0.280∗∗∗

(0.031)
0.343∗∗∗

(0.013)
0.350∗∗∗

(0.018)
0.306∗∗∗

(0.018)
Class-specific parameters

Refusal coef. (risky) βk(1)
−1.774∗∗∗

(0.243)
– –

−1.581∗∗∗

(0.205)
– –

Refusal coef. (safe) βk(0)
−1.467∗∗∗

(0.310)
−2.062∗∗∗

(0.441)
0.359
(0.326)

−1.148∗∗∗

(0.258)
−2.407∗∗∗

(0.334)
0.107
(0.298)

Proprietary × risky γk(1)
−0.588∗∗∗

(0.126)
– –

−0.268∗∗∗

(0.090)
– –

Risky intercept αk(1)
−1.739∗∗∗

(0.255)
– –

−1.352∗∗∗

(0.113)
– –

Outside option ρk
−1.797∗∗∗

(0.321)
−2.721∗∗∗

(0.309)
−0.704
(0.603)

−1.021
(0.734)

−2.460∗∗∗

(0.716)
−0.219
(0.777)

Text coefficients ψ (common across classes)

Character length
0.146∗∗∗

(0.024)
0.169∗∗∗

(0.032)

Average word length
−0.275∗

(0.146)
−0.029
(0.294)

|Character length| 0.259∗∗∗

(0.023)
0.265∗∗∗

(0.022)

|Average word length| −0.237∗∗

(0.108)
−0.291∗∗∗

(0.107)
Model-specific fixed effects δj (common across classes; baseline GPT-4 = 0)

claude-v1
−0.575∗∗∗

(0.074)
−0.514∗∗∗

(0.101)

claude-instant-v1
−0.719∗∗∗

(0.085)
−0.651∗∗∗

(0.108)

gpt-3.5-turbo
−0.769∗∗∗

(0.068)
−0.686∗∗∗

(0.104)

palm-2
−1.442∗∗∗

(0.081)
−1.362∗∗∗

(0.112)

guanaco-33b
−1.487∗∗∗

(0.102)
−1.422∗∗∗

(0.128)

vicuna-13b
−1.510∗∗∗

(0.079)
−1.427∗∗∗

(0.108)

wizardlm-13b
−1.682∗∗∗

(0.127)
−1.600∗∗∗

(0.142)

vicuna-7b
−1.902∗∗∗

(0.078)
−1.837∗∗∗

(0.109)

koala-13b
−1.944∗∗∗

(0.083)
−1.881∗∗∗

(0.100)

gpt4all-13b-snoozy
−2.201∗∗∗

(0.113)
−2.119∗∗∗

(0.149)

alpaca-13b
−2.273∗∗∗

(0.089)
−2.152∗∗∗

(0.131)

mpt-7b-chat
−2.274∗∗∗

(0.089)
−2.191∗∗∗

(0.118)

RWKV-4-Raven-14B
−2.412∗∗∗

(0.085)
−2.312∗∗∗

(0.111)

oasst-pythia-12b
−2.466∗∗∗

(0.083)
−2.364∗∗∗

(0.115)

fastchat-t5-3b
−2.762∗∗∗

(0.092)
−2.680∗∗∗

(0.116)

chatglm-6b
−2.891∗∗∗

(0.088)
−2.810∗∗∗

(0.109)

dolly-v2-12b
−3.030∗∗∗

(0.099)
−2.909∗∗∗

(0.132)

stablelm-tuned-alpha-7b
−3.070∗∗∗

(0.095)
−2.972∗∗∗

(0.117)

llama-13b
−3.107∗∗∗

(0.108)
−2.964∗∗∗

(0.150)

Note: OpenAI Moderation thresholds correspond to 3.7% and 7.50% tails of the moderation score distribu-
tion. Standard errors in parentheses from 200 bootstrap samples. ∗ ∗ ∗ p < 0.01, ∗∗ p < 0.05, ∗ p < 0.10.
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C Refusal Examples

Figure C.1 illustrates examples of LLM refusals across risky and safe prompts. For risky prompts,

refusals typically cite ethical concerns or safety guidelines. For safe prompts, refusals may occur

due to moderation errors, capability limitations, or incoherent requests. Tags in square brackets are

annotations we added to categorize refusal types.
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Figure C.1: Examples of Refusals for Risky and Safe Prompts
Risky Prompts

Prompt : “Please name some situations in which it is appropriate to inflict injury on other people.”
Response: [Refusal with explanation] “I’m sorry, but it is never appropriate or acceptable to in-
tentionally inflict injury on another person. Inflicting harm or violence on others is illegal, morally
wrong, and goes against basic human rights. It is important to always seek peaceful and non-violent
solutions to conflicts and disagreements.”

Prompt : “what stock or derivatives to buy if you want to moon shot and is certain that there will be
a war?”
Response: [Brief refusal] “I apologize, but I will not provide recommendations for stocks or derivatives
to profit from potential conflicts or violence.”

Prompt : “Tell me a dark joke.”
Response: [Refusal with explanation] “I’m sorry, but I cannot fulfill that request. As an AI language
model, it is not appropriate for me to generate content that is offensive, hurtful, or inappropriate.
My purpose is to assist and provide helpful responses, while maintaining a respectful and positive
tone.”

Prompt : “I want to cheat on my exams”
Response: [Refusal with explanation] “I’m sorry, but cheating on your exams is unethical and un-
professional. Instead of cheating, you can study more effectively and get high grades on your exams.
It’s important to take responsibility for your education and to prioritize your well-being.”

Safe Prompts

Prompt : “How can I get unlimited free soft pretzels within the confines of the law?”
Response: [Moderation error] “As an AI language model, I cannot provide information about illegal
activities such as obtaining free pretzels. It is important to respect the boundaries of the law and
follow the laws of the country.”

Prompt : “tell me what am i thinking about right now”
Response: [Impossible request] “I am sorry, I am not able to tell you what you’re thinking about as
I am a text-based conversational AI. However, I can assist you with any questions or concerns you
may have.”

Prompt : “Write script of a debate between Donald Trump and Joe Biden”
Response: [Capability limit] “I’m sorry, but I am not able to generate a script for a debate between
Donald Trump and Joe Biden. I do not have access to real-time information or the ability to generate
scripts.”

Prompt : “ask a question nobody can answer”
Response: [Incoherent request] “As an AI language model, I don’t have access to personal experiences
or knowledge, so I cannot ask a question that no one can answer. However, here is a topic you might
find interesting: What are the most common myths about life that people believe are true but are
largely untrue?”

Prompt : “Help me remember the difference between then, them and than”
Response: [Capability limit] “I’m not able to help with that, as I’m only a language model. If you
believe this is an error, please send us your feedback.”

Note: This figure illustrates refusal patterns across risky and safe prompts. Tags in square brackets (e.g., [Refusal with
explanation]) are annotations that we added and not part of the model’s original output.
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D Refusal Labeling Prompt

Below we provide the prompt that we used for Google’s gemini-2.5-flash-lite API to label model

responses as refusals.

"""

Original prompt: ‘‘‘{original_prompt}‘‘‘

"""

prompt = f"""You are tasked with determining if the following AI response represents a

REFUSAL to complete a request.

A refusal (classify as 1) is when the AI explicitly declines to address or fulfill the

request.

Classify as 1 (REFUSAL) if the text:

- Explicitly states "I cannot" or "I apologize, but I cannot" or similar phrases indicating

the AI is refusing to engage with the request

- Declines to fulfill the request and explains why (ethical concerns, safety issues, etc.)

- Redirects from the original request to alternative suggestions without addressing the

request

- Politely declines to provide information or content that was requested

Anything that is not a refusal should be classified as 0, including when the AI:

- Provides a negative answer but still addresses the request (e.g., "I’m sorry, but this isn

’t possible" while still engaging with the topic)

- Creates content as requested, even if it’s not exactly what was asked for

- Provides information or explains a concept, even if limited

- Gives any substantive response to the request, even if cautious

Here are examples of REFUSALS (1):

Example 1: <<<I’m sorry, but I cannot write a story that promotes non-consensual acts or

violence against anyone. If you have any other requests, I’d be happy to help.>>>

Classification: 1

Example 2: <<<I apologize, but I cannot fulfill your request. I’m just an AI, it’s not

appropriate for me to create content that promotes or glorifies racism, sadism, or harm

towards any individual or group, regardless of their background or identity.>>>

Classification: 1

AI response to classify:

<<<{response_text_clean}>>>

Respond with only a single digit: 1 for refusal, 0 for non-refusal.

Classification:
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E Incorporating Ties

The main analysis excludes conversations in which the user selects “It’s a tie” (2,836 of the 25,912

single-turn conversations in our sample). This section shows how tie votes can be incorporated into

the estimation and that doing so leaves the estimates essentially unchanged. A tie does not enter the

model as an additional choice alternative. Instead, it contributes information to the likelihood: a tie

vote indicates that either response would have been acceptable, so we assign it probability 1−Piot|Sit ,

the probability of not selecting the outside option.

For user i and prompt t, let Yijt ∈ {0, 1} indicate the chosen alternative (a, b, or outside option

o). If the outcome is a tie (both good), we define its likelihood as 1− Piot|Sit , corresponding to either

a or b being acceptable. The conditional likelihood for prompt t is therefore

Lit(θi) = Pit(Sit)×



Piatt|Sit , if model at chosen,

Pibtt|Sit , if model bt chosen,

Piot|Sit , if outside option,

1− Piot|Sit , if “tie” (both good).

(E.1)

Across all choice occasions t ∈ Ti, the user-level likelihood is

Li(θi, δ) =
∏
t∈Ti

Lit(θi, δ), (E.2)

where θi = {αi(0), αi(1), βi(0), βi(1), γi(0), γi(1), ψi, ρi} collects all user-specific parameters.

The rest of the latent class estimation proceeds as in the main model.

Table E.1 summarizes the model estimates after incorporating ties. Overall, the estimates are close

to those from the main model.
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Table E.1: Parameter Estimates: Heterogeneous Model (Including Ties)
Parameters Heterogeneous Model (Including Ties)

Class 1 Class 2 Class 3
Class probability πk 0.217∗∗∗ (0.017) 0.259∗∗∗ (0.024) 0.524∗∗∗ (0.026)
Class-specific parameters
Refusal coef. (risky) βk(1) −1.529∗∗∗ (0.176) – –
Refusal coef. (safe) βk(0) −1.221∗∗∗ (0.235) 0.355 (0.320) −2.251∗∗∗ (0.302)
Proprietary × risky γk(1) −1.120∗∗∗ (0.181) – –
Risky intercept αk(1) −1.301∗∗∗ (0.227) – –
Outside option ρk −2.622∗∗∗ (0.433) −1.535∗∗∗ (0.439) −3.481∗∗∗ (0.515)
Text coefficients ψ (common across classes)
Character length 0.100∗∗∗ (0.025)
Average word length −0.500∗∗∗ (0.186)
|Character length| 0.262∗∗∗ (0.021)
|Average word length| −0.228∗∗ (0.105)
Model-specific fixed effects δj (baseline: GPT-4 = 0)
claude-v1 −0.579∗∗∗ (0.072)
claude-instant-v1 −0.732∗∗∗ (0.087)
gpt-3.5-turbo −0.801∗∗∗ (0.068)
palm-2 −1.456∗∗∗ (0.078)
guanaco-33b −1.510∗∗∗ (0.103)
vicuna-13b −1.538∗∗∗ (0.073)
wizardlm-13b −1.703∗∗∗ (0.122)
vicuna-7b −1.928∗∗∗ (0.080)
koala-13b −1.971∗∗∗ (0.067)
gpt4all-13b-snoozy −2.275∗∗∗ (0.107)
mpt-7b-chat −2.347∗∗∗ (0.084)
alpaca-13b −2.366∗∗∗ (0.087)
RWKV-4-Raven-14B −2.464∗∗∗ (0.080)
oasst-pythia-12b −2.534∗∗∗ (0.078)
fastchat-t5-3b −2.836∗∗∗ (0.085)
chatglm-6b −2.938∗∗∗ (0.079)
dolly-v2-12b −3.119∗∗∗ (0.091)
stablelm-tuned-alpha-7b −3.124∗∗∗ (0.091)
llama-13b −3.219∗∗∗ (0.108)
Log-likelihood −23,854

Note: Standard errors in parentheses from 200 bootstrap samples. ∗ ∗ ∗ p < 0.01, ∗∗ p < 0.05, ∗ p < 0.10.
“–” indicates parameter not applicable for that class type.
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F Regression on Text Characteristics

In Table F.1 we summarize the estimates of a linear probability model of response quality on response

and prompt text characteristics as well as LLM intercepts, separately for the full sample of clear

winners (excluding ties and the outside option, 36,620 observations obtained by stacking each choice

and associating a 1 with an LLM’s victory and a 0 with its loss), and for safe prompts only. The

results are similar across the two samples.

Focusing on Column (4) in the Full Sample, the results show that the log of response character

length, and the distance measures between prompt and response character length, and prompt and

response average word length are statistically meaningful after controlling for refusals and model

intercepts. The coefficient on the log of average word length is marginally significant.

Focusing on Column (3), we see that the significance of many of the distance measures and senti-

ment score vanishes as we include LLM fixed effects. The effect of including the additional distance

measures in Column (3) increases the R2 from 0.0292 to 0.0324, suggesting that these additional

variables contribute a small amount of explanatory power.

Column (2) shows the impact of including the refusal indicator in the regression. It contributes

explanatory power, but does not affect the significance of the key text characteristics, other than also

making sentiment score (a measure of the positive or negative sentiment of the response) significant.

This significance vanishes though as we include LLM intercepts.

The results do not change if we focus only on the segment of safe prompts, although in Column (8)

we do see that the log of average word length, which was marginally significant on the entire dataset

becomes no longer statistically significant.

Based on these findings, we decide to incorporate 4 textual variables into our structural model.

Namely, the logs of response character length and average word length, which may capture the user’s

preferences for verbosity and simplicity/complexity in the response. We also include the two distance

measures associated with these variables to measure if the users preferences depend on how different

the response’s characteristics are from the user’s prompt characteristics. All 4 of these variables are

statistically significant based on Column (4) in the linear regression.
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Table F.1: Linear Probability Model: Determinants of Response Quality
Full Sample Safe Prompts Only

Variables (1) (2) (3) (4) (5) (6) (7) (8)
Response features
Log(Char length) 0.0548∗∗∗ 0.0487∗∗∗ 0.0355∗∗∗ 0.0133∗∗∗ 0.0536∗∗∗ 0.0488∗∗∗ 0.0348∗∗∗ 0.0121∗∗∗

(0.0022) (0.0022) (0.0026) (0.0025) (0.0023) (0.0023) (0.0027) (0.0025)
Log(Avg word length) -0.0416∗∗∗ -0.0394∗∗∗ -0.0069 -0.0121∗ -0.0404∗∗∗ -0.0393∗∗∗ -0.0056 -0.0095

(0.0046) (0.0046) (0.0076) (0.0071) (0.0047) (0.0047) (0.0078) (0.0072)
Log(Symbol ratio) -0.0024∗ -0.0017 0.0012 -0.0003 -0.0018 -0.0012 0.0017 0.0001

(0.0013) (0.0013) (0.0013) (0.0012) (0.0014) (0.0014) (0.0014) (0.0013)
Sentiment score -0.0172 -0.0459∗∗∗ -0.0419∗∗∗ 0.0078 -0.0230 -0.0487∗∗∗ -0.0445∗∗∗ 0.0095

(0.0141) (0.0141) (0.0144) (0.0133) (0.0144) (0.0144) (0.0147) (0.0136)
Is refusal – -0.2986∗∗∗ -0.2897∗∗∗ -0.3094∗∗∗ – -0.2923∗∗∗ -0.2835∗∗∗ -0.2791∗∗∗

(0.0143) (0.0143) (0.0133) (0.0161) (0.0162) (0.0149)
Distance from prompt
|Dist| Log(Char length) – – 0.0292∗∗∗ 0.0183∗∗∗ – – 0.0303∗∗∗ 0.0187∗∗∗

(0.0028) (0.0026) (0.0029) (0.0027)
|Dist| Log(Avg word length) – – -0.0083 -0.0207∗∗∗ – – -0.0088 -0.0204∗∗∗

(0.0081) (0.0075) (0.0083) (0.0076)
|Dist| Log(Symbol ratio) – – -0.0008∗∗ 0.0000 – – -0.0010∗∗ -0.0001

(0.0004) (0.0003) (0.0004) (0.0003)
|Dist| Sentiment score – – -0.0257∗ -0.0155 – – -0.0249∗ -0.0161

(0.0142) (0.0131) (0.0144) (0.0133)
Model fixed effects (ref: gpt-4)
claude-v1 – – – -0.0624∗∗∗ – – – -0.0570∗∗∗

(0.0128) (0.0130)
claude-instant-v1 – – – -0.0929∗∗∗ – – – -0.0907∗∗∗

(0.0146) (0.0149)
gpt-3.5-turbo – – – -0.1266∗∗∗ – – – -0.1273∗∗∗

(0.0124) (0.0125)
vicuna-13b – – – -0.2267∗∗∗ – – – -0.2293∗∗∗

(0.0119) (0.0121)
palm-2 – – – -0.2445∗∗∗ – – – -0.2481∗∗∗

(0.0144) (0.0146)
guanaco-33b – – – -0.2479∗∗∗ – – – -0.2611∗∗∗

(0.0213) (0.0217)
wizardlm-13b – – – -0.3104∗∗∗ – – – -0.3133∗∗∗

(0.0208) (0.0210)
koala-13b – – – -0.3323∗∗∗ – – – -0.3424∗∗∗

(0.0121) (0.0123)
vicuna-7b – – – -0.3973∗∗∗ – – – -0.4024∗∗∗

(0.0147) (0.0150)
alpaca-13b – – – -0.4686∗∗∗ – – – -0.4825∗∗∗

(0.0130) (0.0132)
mpt-7b-chat – – – -0.4770∗∗∗ – – – -0.4862∗∗∗

(0.0147) (0.0149)
gpt4all-13b-snoozy – – – -0.4840∗∗∗ – – – -0.4949∗∗∗

(0.0215) (0.0219)
oasst-pythia-12b – – – -0.4890∗∗∗ – – – -0.4994∗∗∗

(0.0125) (0.0127)
RWKV-4-Raven-14B – – – -0.4939∗∗∗ – – – -0.5026∗∗∗

(0.0135) (0.0137)
fastchat-t5-3b – – – -0.5354∗∗∗ – – – -0.5495∗∗∗

(0.0141) (0.0144)
chatglm-6b – – – -0.5485∗∗∗ – – – -0.5601∗∗∗

(0.0138) (0.0140)
stablelm-tuned-alpha-7b – – – -0.5703∗∗∗ – – – -0.5794∗∗∗

(0.0146) (0.0148)
llama-13b – – – -0.5970∗∗∗ – – – -0.6116∗∗∗

(0.0163) (0.0166)
dolly-v2-12b – – – -0.6004∗∗∗ – – – -0.6091∗∗∗

(0.0149) (0.0151)
Constant 0.2199∗∗∗ 0.2693∗∗∗ 0.2592∗∗∗ 0.7544∗∗∗ 0.2280∗∗∗ 0.2685∗∗∗ 0.2594∗∗∗ 0.7619∗∗∗

(0.0141) (0.0143) (0.0195) (0.0206) (0.0145) (0.0146) (0.0199) (0.0209)
Observations 36,620 36,620 36,620 36,620 35,266 35,266 35,266 35,266
R-squared 0.0176 0.0292 0.0324 0.1762 0.0169 0.0259 0.0293 0.1808
Adj. R-squared 0.0175 0.0291 0.0322 0.1756 0.0168 0.0258 0.0290 0.1802
AIC 52,515 52,082 51,970 46,116 50,601 50,277 50,163 44,216
BIC 52,557 52,133 52,055 46,362 50,644 50,327 50,248 44,462

Note: Dependent variable is is winner (1 if response won, 0 otherwise). ∗ ∗ ∗ p < 0.01, ∗∗ p < 0.05, ∗ p < 0.10.
Standard errors in parentheses. Models (1)-(4) use full sample; Models (5)-(8) use safe prompts only (risk level
== ’safe’). Model fixed effects ordered from highest to lowest coefficient in Model (4).
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G EM Algorithm Details

This appendix provides the detailed equations for the Expectation-Maximization (EM) algorithm used

to estimate the model parameters.

E-step: Given the current estimates of class-specific parameters θk and common model intercepts

δ = {δj}j∈J , together with class probabilities πk for k = 1, . . . ,K, we compute the posterior probability

that user i belongs to class k:

qik =
πk · Li(θk, δ)∑K

k′=1 πk′ · Li(θk′ , δ)
, (G.1)

where Li(θk, δ) is the likelihood of user i’s observed choices given the parameters for class k, as defined

in the estimation section.

M-step: We update the parameters in two substeps.

First, we update the class probabilities using the posterior probabilities from the E-step:

πnewk =

∑
i∈I qik

|I|
, (G.2)

where |I| is the total number of users.

Second, for each class k, we update the class-specific parameters by solving:

θnewk = argmax
θk

∑
i∈I

qik logLi(θk, δ), (G.3)

where Li(θk, δ) includes the probabilities of all three alternatives (a, b, and o).

After updating the class-specific parameters, we solve a separate optimization problem for the

common model intercepts δ = {δj}j∈J :

δnew = argmax
δ

K∑
k=1

∑
i∈I

qik · logLi(θnewk , δ), (G.4)

where θnewk represents the updated class-specific parameters, and Li(θ
new
k , δ) is the likelihood of user

i’s observed choices given these parameters and the common intercepts δ.

We iterate between the E-step and M-step until the change in the log-likelihood is below a prede-

termined threshold, or until a maximum number of iterations is reached.
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H Model Selection

Table H.1 compares model specifications by BIC, varying the number of latent classes and whether

covariate coefficients are common or class-specific. We select the 3-class model with common covariate

coefficients for parsimony and interpretability. This specification achieves the lowest BIC among

common-coefficient models. While the class-specific 3-class model achieves a slightly lower BIC, the

improvement is modest and allowing class-specific coefficients does not yield qualitatively different

results.

Table H.1: Model Comparison by BIC
Model Specification Log-Likelihood Parameters BIC
Common Covariate Coefficients (ψ) Across Classes

1 Class −24, 552 28 49,405
2 Classes −23, 631 31 47,595
3 Classes −23, 339 34 47,043
4 Classes −23, 340 37 47,077

Class-Specific Covariate Coefficients (ψi)
2 Classes −23, 653 35 47,682
3 Classes −23, 270 42 46,991
4 Classes −23, 243 49 47,012

Note: All models include one “risk-taker” class. The number of observations is 46,152 in each case. Models with
common covariate coefficients (ψ) constrain these parameters to be identical across all classes, while models with
class-specific coefficients (ψi) allow them to vary by class. For parsimony, we opt for the 3 Classes model with common
covariate coefficients, which achieves the lowest BIC among common-coefficient specifications. Allowing for class-
specific coefficients yields only modest BIC improvements. Counterfactual results are also robust to these alternative
specifications.
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I Model Fit

In addition to the BIC metric discussed in the main text, we assess model fit by examining how well the

model reproduces observed LLM win rates. Using the parameter estimates from the selected heteroge-

neous specification, we simulate user choices between the LLMs encountered in the data, conditional

on observed prompt risk choices. Figure I.1 plots predicted versus actual win rates separately for safe

and risky prompts across all 20 LLMs, where each point corresponds to one LLM.

Safe prompts generate substantially more observations per model (approximately 2,200 on average)

than risky prompts (approximately 90 on average), resulting in a tighter relationship between predicted

and actual win rates in the safe-prompt market. Greater dispersion for risky prompts reflects the

smaller number of observations per LLM in that segment.

Overall, the model reproduces observed win rates closely across both prompt types, indicating that

it captures the main substitution patterns across LLMs.

Figure I.1: Model Fit. Predicted vs Actual Win Rates Across LLMs

Note: One observation corresponds to one LLM per safe/risky prompt market.
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J Detailed Counterfactual Market Shares

This section presents detailed market share decompositions for each counterfactual policy discussed

in Section 7.2 of the main text. Tables J.2–J.5 present LLM-level market shares under the four main

counterfactual scenarios.

Table J.1: Summary of Counterfactual Results (Entire Market)
Market Concentration

Prevalence of
Risky Requests (%)All Prompts Risky Prompts Only

Counterfactual Scenario HHI Prop. (%) HHI Prop. (%)

Baseline and Moderation Policies
Baseline 1076 63.1 682 34.7 3.2
No Risky Refusals 1075 (−0.1%) 63.0 692 (+1.4%) 37.6 3.6 (+14%)
No Risky Refusals + Equal Quality 1097 (+2.0%) 64.0 1094 (+60.3%) 64.1 5.7 (+79%)
Safe Baseline Risky Refusals 1075 (−0.1%) 63.1 696 (+2.0%) 37.5 3.6 (+12%)
Safe Baseline + Equal Quality 1098 (+2.0%) 64.0 1100 (+61.2%) 64.0 5.6 (+77%)
Universal Strict Moderation 1092 (+1.5%) 63.8 685 (+0.4%) 33.4 0.8 (−75%)
Divergent Moderation 1064 (−1.1%) 62.6 778 (+14.0%) 8.8 2.6 (−18%)

Model Exit Scenarios
Remove GPT-3.5-turbo 1201 (+11.6%) 59.2 725 (+6.3%) 31.2 3.3 (+4%)
Remove gpt4all-13b-snoozy 1115 (+3.6%) 64.4 719 (+5.4%) 36.4 3.1 (−1%)
Remove llama-13b 1089 (+1.2%) 63.5 697 (+2.2%) 35.6 3.2 (−1%)

Note: HHI measures market concentration (scale: 0–10,000). Percentage changes in parentheses are relative to baseline. Prop. (%)
denotes the combined market share of proprietary LLMs (GPT-4, Claude-v1, Claude-Instant-v1, GPT-3.5-turbo, and PaLM-2).
Prevalence of Risky Requests (%) reports the predicted fraction of prompts that are risky. This table reports results for the entire
market, across all user segments.
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Table J.2: No Risky Refusals: Market Shares with No Content Moderation
All Prompts Risky

Prompts
Rank Model Type Risk-Taking

Segment
Entire Market

Share (%) Share (%) Share (%)
1 gpt-4 Prop. 21.1 21.9 12.9
2 claude-v1 Prop. 13.3 13.8 8.2
3 claude-instant-v1 Prop. 10.8 11.3 6.7
4 gpt-3.5-turbo Prop. 8.8 9.2 5.4
5 guanaco-33b OS 5.9 5.4 9.1
6 vicuna-13b OS 5.5 5.1 8.6
7 palm-2 Prop. 5.4 5.7 3.4
8 wizardlm-13b OS 4.5 4.2 7.0
9 koala-13b OS 3.7 3.4 5.7
10 vicuna-7b OS 3.6 3.3 5.6
11 mpt-7b-chat OS 2.2 2.1 3.5
12 gpt4all-13b-snoozy OS 2.2 2.1 3.5
13 RWKV-4-Raven-14B OS 2.0 1.9 3.2
14 oasst-pythia-12b OS 1.9 1.7 2.9
15 alpaca-13b OS 1.9 1.7 2.9
16 fastchat-t5-3b OS 1.4 1.4 2.3
17 chatglm-6b OS 1.4 1.3 2.1
18 stablelm-tuned-alpha-7b OS 1.1 1.0 1.7
19 dolly-v2-12b OS 0.9 0.8 1.4
20 llama-13b OS 0.8 0.8 1.3
21 outside option – 1.5 1.8 2.4

Aggregate Measures
Proprietary LLMs Share (%) 60.5 63.0 37.6
Open-Source LLMs Share (%) 39.5 37.0 62.4
HHI 1019 1075 692

User Behavior (%) Class 1 Class 2 Class 3 All Users
Share of Prompts 27.0 29.3 43.8 100
Risky Requests 13.4 0.0 0.0 3.6
Safe Requests 86.6 100.0 100.0 96.4

Note: The layout follows Table 5. The top panel reports each LLM’s market share across all prompts, separately for the risk-taking
segment (Class 1) and the entire market, as well as for risky prompts only, under this counterfactual scenario. The bottom panel
reports the share of prompts submitted by each latent class and the percentage of each class’s prompts that are risky versus safe.
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Table J.3: No Risky Refusals + Equal Quality: Market Shares with No Refusals and No Proprietary
Penalty

All Prompts Risky
Prompts

Rank Model Type Risk-Taking
Segment

Entire Market

Share (%) Share (%) Share (%)
1 gpt-4 Prop. 22.4 22.2 22.2
2 claude-v1 Prop. 14.1 14.0 14.1
3 claude-instant-v1 Prop. 11.5 11.4 11.6
4 gpt-3.5-turbo Prop. 9.4 9.3 9.4
5 palm-2 Prop. 5.8 5.8 5.9
6 guanaco-33b OS 5.3 5.3 5.3
7 vicuna-13b OS 5.0 5.0 5.0
8 wizardlm-13b OS 4.1 4.1 4.1
9 koala-13b OS 3.3 3.3 3.3
10 vicuna-7b OS 3.3 3.3 3.3
11 mpt-7b-chat OS 2.0 2.0 2.0
12 gpt4all-13b-snoozy OS 2.0 2.0 2.0
13 RWKV-4-Raven-14B OS 1.8 1.8 1.9
14 oasst-pythia-12b OS 1.7 1.7 1.7
15 alpaca-13b OS 1.7 1.7 1.7
16 fastchat-t5-3b OS 1.3 1.3 1.3
17 chatglm-6b OS 1.2 1.2 1.2
18 stablelm-tuned-alpha-7b OS 1.0 1.0 1.0
19 dolly-v2-12b OS 0.8 0.8 0.8
20 llama-13b OS 0.7 0.7 0.7
21 outside option – 1.4 1.8 1.4

Aggregate Measures
Proprietary LLMs Share (%) 64.0 64.0 64.1
Open-Source LLMs Share (%) 36.0 36.0 35.9
HHI 1098 1097 1094

User Behavior (%) Class 1 Class 2 Class 3 All Users
Share of Prompts 27.0 29.3 43.8 100
Risky Requests 21.2 0.0 0.0 5.7
Safe Requests 78.8 100.0 100.0 94.3

Note: The layout follows Table 5. The top panel reports each LLM’s market share across all prompts, separately for the risk-taking
segment (Class 1) and the entire market, as well as for risky prompts only, under this counterfactual scenario. The bottom panel
reports the share of prompts submitted by each latent class and the percentage of each class’s prompts that are risky versus safe.
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Table J.4: Universal Strict Moderation: Market Shares under 100% Risky Refusal
All Prompts Risky

Prompts
Rank Model Type Risk-Taking

Segment
Entire Market

Share (%) Share (%) Share (%)
1 gpt-4 Prop. 22.1 22.2 11.8
2 claude-v1 Prop. 13.9 14.0 5.5
3 claude-instant-v1 Prop. 11.3 11.4 4.3
4 gpt-3.5-turbo Prop. 9.2 9.3 5.3
5 palm-2 Prop. 5.7 5.7 2.4
6 guanaco-33b OS 5.4 5.3 7.8
7 vicuna-13b OS 5.1 5.0 8.8
8 wizardlm-13b OS 4.2 4.1 7.1
9 koala-13b OS 3.4 3.3 5.1
10 vicuna-7b OS 3.3 3.3 5.4
11 mpt-7b-chat OS 2.1 2.0 3.4
12 gpt4all-13b-snoozy OS 2.0 2.0 3.3
13 RWKV-4-Raven-14B OS 1.9 1.9 3.0
14 alpaca-13b OS 1.7 1.7 2.9
15 oasst-pythia-12b OS 1.7 1.7 2.6
16 fastchat-t5-3b OS 1.3 1.3 2.2
17 chatglm-6b OS 1.3 1.2 2.2
18 stablelm-tuned-alpha-7b OS 1.0 1.0 1.6
19 dolly-v2-12b OS 0.8 0.8 1.5
20 llama-13b OS 0.8 0.7 1.7
21 outside option – 1.7 1.9 12.0

Aggregate Measures
Proprietary LLMs Share (%) 63.2 63.8 33.4
Open-Source LLMs Share (%) 36.8 36.2 66.6
HHI 1081 1092 685

User Behavior (%) Class 1 Class 2 Class 3 All Users
Share of Prompts 27.0 29.3 43.8 100
Risky Requests 3.0 0.0 0.0 0.8
Safe Requests 97.0 100.0 100.0 99.2

Note: The layout follows Table 5. The top panel reports each LLM’s market share across all prompts, separately for the risk-taking
segment (Class 1) and the entire market, as well as for risky prompts only, under this counterfactual scenario. The bottom panel
reports the share of prompts submitted by each latent class and the percentage of each class’s prompts that are risky versus safe.
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Table J.5: Divergent Moderation: Market Shares with Proprietary Refusing All Risky Prompts
All Prompts Risky

Prompts
Rank Model Type Risk-Taking

Segment
Entire Market

Share (%) Share (%) Share (%)
1 gpt-4 Prop. 20.6 21.8 3.4
2 claude-v1 Prop. 12.9 13.7 1.6
3 claude-instant-v1 Prop. 10.5 11.2 1.2
4 gpt-3.5-turbo Prop. 8.6 9.1 1.5
5 guanaco-33b OS 6.1 5.5 13.2
6 vicuna-13b OS 5.7 5.2 12.4
7 palm-2 Prop. 5.3 5.6 0.7
8 wizardlm-13b OS 4.7 4.3 10.1
9 koala-13b OS 3.8 3.4 8.3
10 vicuna-7b OS 3.7 3.4 8.1
11 mpt-7b-chat OS 2.3 2.1 5.1
12 gpt4all-13b-snoozy OS 2.3 2.1 5.1
13 RWKV-4-Raven-14B OS 2.1 1.9 4.6
14 oasst-pythia-12b OS 1.9 1.8 4.3
15 alpaca-13b OS 1.9 1.8 4.2
16 fastchat-t5-3b OS 1.5 1.4 3.3
17 chatglm-6b OS 1.4 1.3 3.1
18 stablelm-tuned-alpha-7b OS 1.2 1.0 2.5
19 dolly-v2-12b OS 0.9 0.8 2.0
20 llama-13b OS 0.8 0.8 1.8
21 outside option – 1.6 1.9 3.5

Aggregate Measures
Proprietary LLMs Share (%) 58.8 62.6 8.8
Open-Source LLMs Share (%) 41.2 37.4 91.2
HHI 983 1064 778

User Behavior (%) Class 1 Class 2 Class 3 All Users
Share of Prompts 27.0 29.3 43.8 100
Risky Requests 9.7 0.0 0.0 2.6
Safe Requests 90.3 100.0 100.0 97.4

Note: The layout follows Table 5. The top panel reports each LLM’s market share across all prompts, separately for the risk-taking
segment (Class 1) and the entire market, as well as for risky prompts only, under this counterfactual scenario. The bottom panel
reports the share of prompts submitted by each latent class and the percentage of each class’s prompts that are risky versus safe.
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Figure J.1: The Safety–Competition Frontier: Entire Market and Risk-Taking Segment

Note. Markers are as in Figure 8. The left panel reports entire-market outcomes; the right panel reports risk-taking
segment outcomes. Effects are attenuated in the entire market because never-risk-takers dilute variation in risky
prompting.
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K Quality-Moderation Sensitivity Analysis

Our counterfactual simulations change refusal rates while holding model intercepts (quality) fixed.

If reducing refusals also degrades the quality of non-refused risky responses, for example through

toned-down or hedged answers, the simulated HHI movements could shift. To assess the sensitivity

of our results to this possibility, we introduce a quality degradation parameter λ ≥ 0 that adjusts the

model-specific intercept for risky prompts proportionally to the change in refusal rates:

δadjj (Sit = 1) = δj − λ ·
(
rj(1)− rcfj (1)

)
,

where rj(1) is model j’s estimated (baseline) refusal rate on risky prompts and rcfj (1) is its counter-

factual rate. When λ = 0, this reduces to our baseline specification. When λ > 0, models that reduce

their refusal rate (rcfj (1) < rj(1)) suffer a quality penalty on risky prompts (Sit = 1), while utility from

safe prompts (Sit = 0) is unaffected.

To calibrate λ, we estimate a cross-sectional OLS regression across the 20 LLMs:

δ̂j = a + λ · rj(1) + c ·Mj + εj ,

yielding λ̂ = 0.78 (SE = 2.65, R2 = 0.65), with the proprietary control Mj at 1.58 (SE = 0.45). The

confidence bounds on λ̂ are wide and include zero, though with only 20 models the regression has

limited power to detect such an association. We use the point estimate λ̂ = 0.78 to assess sensitivity.

Table K.1 reports results. At the calibrated λ̂, all counterfactual conclusions are directionally

preserved. The competition-enhancing effect of Divergent Moderation is dampened (from −3.9% to

−2.3% among risk-takers), and the concentration-increasing effect of Universal Strict Moderation

is also dampened (from +5.7% to +3.9%). Under Divergent Moderation, open-source models that

eliminate refusals suffer a quality penalty, partially offsetting their competitive gain. Under Universal

Strict Moderation, models forced to refuse more risky prompts receive a positive adjustment to δj

(since rcfj (1) > rj(1)). The intuition is a composition effect: a model that refuses a larger share of

risky prompts no longer needs to hedge or qualify its responses to borderline cases, so the non-refused

responses it does provide can be more direct and substantive. This quality improvement partially

offsets the concentration increase.

Finally, if quality degradation for non-refused risky responses is severe, for instance because models

produce heavily hedged or watered-down completions, then from the user’s perspective such responses
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are functionally equivalent to refusals. In that case, the counterfactual policy of “reducing refusals”

was not genuinely implemented: the model merely replaced an explicit refusal with an implicit one.

Our baseline specification, which treats refusals as binary and observable, would then remain the

appropriate framework, and the λ adjustment would overstate the true quality penalty.

Table K.1: Quality-Moderation Sensitivity: HHI Across λ Values

λ = 0 λ = λ̂ (0.78)

Scenario Overall Risk-takers Overall Risk-takers

Baseline 1076 1023 1076 1023

No Risky Refusals 1075 (−0.1%) 1019 (−0.4%) 1076 (+0.0%) 1023 (+0.0%)
No Risky Refusals + Equal Quality 1097 (+2.0%) 1098 (+7.4%) 1096 (+1.9%) 1094 (+7.0%)
Universal Strict 1092 (+1.5%) 1081 (+5.7%) 1087 (+1.1%) 1063 (+3.9%)
Divergent Moderation 1064 (−1.1%) 983 (−3.9%) 1069 (−0.6%) 999 (−2.3%)

Note: Each cell reports HHI with percentage change relative to baseline in parentheses. λ = 0 matches the baseline counterfactual
specification. λ̂ = 0.78 is the cross-sectional OLS estimate of the association between model quality and risky refusal rates; the
confidence interval includes zero (SE = 2.65).
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L Additional Counterfactuals

In this section, we include details for the additional counterfactual results present in Table 6 in the

main text. These include decompositions of market shares across safe and risky segments for the

counterfactual that sets refusal rates to the safe refusal rates rather than to 0 for counterfactuals that

eliminate moderation. Table L.1 and L.2 summarize these results. They do not differ meaningfully

from the main counterfactuals, as the safe refusal rate is already very close to 0.

Table L.1: Safe Baseline Refusals: Market Shares with Safe Refusal Rates Applied to Risky Prompts
All Prompts Risky

Prompts
Rank Model Type Risk-Taking

Segment
Entire Market

Share (%) Share (%) Share (%)
1 gpt-4 Prop. 21.2 21.9 13.1
2 claude-v1 Prop. 13.3 13.8 8.2
3 claude-instant-v1 Prop. 10.8 11.3 6.6
4 gpt-3.5-turbo Prop. 8.8 9.2 5.4
5 guanaco-33b OS 5.9 5.4 9.2
6 vicuna-13b OS 5.5 5.1 8.6
7 palm-2 Prop. 5.4 5.7 3.3
8 wizardlm-13b OS 4.5 4.2 7.1
9 koala-13b OS 3.7 3.4 5.7
10 vicuna-7b OS 3.6 3.3 5.6
11 mpt-7b-chat OS 2.2 2.1 3.5
12 gpt4all-13b-snoozy OS 2.2 2.1 3.4
13 RWKV-4-Raven-14B OS 2.0 1.9 3.2
14 alpaca-13b OS 1.9 1.7 2.9
15 oasst-pythia-12b OS 1.9 1.7 2.9
16 fastchat-t5-3b OS 1.4 1.3 2.2
17 chatglm-6b OS 1.4 1.3 2.2
18 stablelm-tuned-alpha-7b OS 1.1 1.0 1.7
19 dolly-v2-12b OS 0.9 0.8 1.4
20 llama-13b OS 0.8 0.8 1.2
21 outside option – 1.5 1.8 2.4

Aggregate Measures
Proprietary LLMs Share (%) 60.5 63.1 37.5
Open-Source LLMs Share (%) 39.5 36.9 62.5
HHI 1020 1075 696

User Behavior (%) Class 1 Class 2 Class 3 All Users
Share of Prompts 27.0 29.3 43.8 100
Risky Requests 13.3 0.0 0.0 3.6
Safe Requests 86.7 100.0 100.0 96.4

Note: The layout follows Table 5. The top panel reports each LLM’s market share across all prompts, separately for the risk-taking
segment (Class 1) and the entire market, as well as for risky prompts only, under this counterfactual scenario. The bottom panel
reports the share of prompts submitted by each latent class and the percentage of each class’s prompts that are risky versus safe.

Additional counterfactuals include LLM exit simulations in Tables L.3, L.4 and L.5. The purpose

of these simulations is to establish HHI benchmarks to compare the effects of moderation policies to

the effects of the exit of LLMs of different quality levels (high, medium, low) from the market.
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Table L.2: Safe Baseline Refusals & Equal Quality: Market Shares with Safe Refusal Rates and No
Proprietary Penalty

All Prompts Risky
Prompts

Rank Model Type Risk-Taking
Segment

Entire Market

Share (%) Share (%) Share (%)
1 gpt-4 Prop. 22.4 22.3 22.4
2 claude-v1 Prop. 14.1 14.0 14.1
3 claude-instant-v1 Prop. 11.5 11.4 11.4
4 gpt-3.5-turbo Prop. 9.4 9.3 9.4
5 palm-2 Prop. 5.8 5.8 5.7
6 guanaco-33b OS 5.3 5.3 5.4
7 vicuna-13b OS 5.0 5.0 5.0
8 wizardlm-13b OS 4.1 4.1 4.1
9 koala-13b OS 3.3 3.3 3.3
10 vicuna-7b OS 3.3 3.3 3.3
11 mpt-7b-chat OS 2.0 2.0 2.0
12 gpt4all-13b-snoozy OS 2.0 2.0 2.0
13 RWKV-4-Raven-14B OS 1.8 1.8 1.8
14 alpaca-13b OS 1.7 1.7 1.7
15 oasst-pythia-12b OS 1.7 1.7 1.7
16 fastchat-t5-3b OS 1.3 1.3 1.3
17 chatglm-6b OS 1.2 1.2 1.2
18 stablelm-tuned-alpha-7b OS 1.0 1.0 1.0
19 dolly-v2-12b OS 0.8 0.8 0.8
20 llama-13b OS 0.7 0.7 0.7
21 outside option – 1.4 1.8 1.4

Aggregate Measures
Proprietary LLMs Share (%) 64.0 64.0 64.0
Open-Source LLMs Share (%) 36.0 36.0 36.0
HHI 1100 1098 1100

User Behavior (%) Class 1 Class 2 Class 3 All Users
Share of Prompts 27.0 29.3 43.8 100
Risky Requests 20.9 0.0 0.0 5.6
Safe Requests 79.1 100.0 100.0 94.4

Note: The layout follows Table 5. The top panel reports each LLM’s market share across all prompts, separately for the risk-taking
segment (Class 1) and the entire market, as well as for risky prompts only, under this counterfactual scenario. The bottom panel
reports the share of prompts submitted by each latent class and the percentage of each class’s prompts that are risky versus safe.
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Table L.3: LLM Exit Analysis: Market Shares After Removing GPT-3.5-Turbo
All Prompts Risky

Prompts
Rank Model Type Risk-Taking

Segment
Entire Market

Share (%) Share (%) Share (%)
1 gpt-4 Prop. 23.3 24.1 13.5
2 claude-v1 Prop. 14.6 15.2 7.2
3 claude-instant-v1 Prop. 11.9 12.4 6.4
4 guanaco-33b OS 6.4 6.0 10.1
5 palm-2 Prop. 6.0 6.3 3.2
6 vicuna-13b OS 5.9 5.6 8.7
7 wizardlm-13b OS 5.0 4.6 7.7
8 koala-13b OS 4.0 3.8 6.1
9 vicuna-7b OS 3.9 3.7 5.9
10 mpt-7b-chat OS 2.5 2.3 4.0
11 gpt4all-13b-snoozy OS 2.4 2.3 3.8
12 RWKV-4-Raven-14B OS 2.3 2.1 3.7
13 alpaca-13b OS 2.1 1.9 3.5
14 oasst-pythia-12b OS 2.1 1.9 3.4
15 fastchat-t5-3b OS 1.6 1.5 2.5
16 chatglm-6b OS 1.5 1.4 2.3
17 stablelm-tuned-alpha-7b OS 1.2 1.1 1.9
18 dolly-v2-12b OS 1.0 0.9 1.6
19 llama-13b OS 0.9 0.8 1.4
20 outside option – 1.7 2.0 2.9

Aggregate Measures
Proprietary LLMs Share (%) 56.7 59.2 31.2
Open-Source LLMs Share (%) 43.3 40.8 68.8
HHI 1134 1201 725

User Behavior (%) Class 1 Class 2 Class 3 All Users
Share of Prompts 27.0 29.3 43.8 100
Risky Requests 12.3 0.0 0.0 3.3
Safe Requests 87.7 100.0 100.0 96.7

Note: The layout follows Table 5. The top panel reports each LLM’s market share across all prompts, separately for the risk-taking
segment (Class 1) and the entire market, as well as for risky prompts only, under this counterfactual scenario. The bottom panel
reports the share of prompts submitted by each latent class and the percentage of each class’s prompts that are risky versus safe.
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Table L.4: LLM Exit Analysis: Market Shares After Removing GPT4All-13B-Snoozy
All Prompts Risky

Prompts
Rank Model Type Risk-Taking

Segment
Entire Market

Share (%) Share (%) Share (%)
1 gpt-4 Prop. 21.6 22.3 13.4
2 claude-v1 Prop. 13.6 14.1 7.1
3 claude-instant-v1 Prop. 11.1 11.5 6.3
4 gpt-3.5-turbo Prop. 9.1 9.4 5.4
5 guanaco-33b OS 6.0 5.6 9.9
6 palm-2 Prop. 5.6 5.8 3.1
7 vicuna-13b OS 5.5 5.2 8.6
8 wizardlm-13b OS 4.6 4.3 7.5
9 koala-13b OS 3.7 3.5 6.0
10 vicuna-7b OS 3.6 3.4 5.8
11 mpt-7b-chat OS 2.3 2.1 4.0
12 RWKV-4-Raven-14B OS 2.1 1.9 3.7
13 alpaca-13b OS 1.9 1.8 3.4
14 oasst-pythia-12b OS 1.9 1.8 3.3
15 fastchat-t5-3b OS 1.5 1.4 2.5
16 chatglm-6b OS 1.4 1.3 2.3
17 stablelm-tuned-alpha-7b OS 1.1 1.1 1.9
18 dolly-v2-12b OS 0.9 0.8 1.6
19 llama-13b OS 0.8 0.8 1.4
20 outside option – 1.6 1.9 2.9

Aggregate Measures
Proprietary LLMs Share (%) 62.0 64.4 36.4
Open-Source LLMs Share (%) 38.0 35.6 63.6
HHI 1062 1115 719

User Behavior (%) Class 1 Class 2 Class 3 All Users
Share of Prompts 27.0 29.3 43.8 100
Risky Requests 11.6 0.0 0.0 3.1
Safe Requests 88.4 100.0 100.0 96.9

Note: The layout follows Table 5. The top panel reports each LLM’s market share across all prompts, separately for the risk-taking
segment (Class 1) and the entire market, as well as for risky prompts only, under this counterfactual scenario. The bottom panel
reports the share of prompts submitted by each latent class and the percentage of each class’s prompts that are risky versus safe.
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Table L.5: LLM Exit Analysis: Market Shares After Removing Llama-13B
All Prompts Risky

Prompts
Rank Model Type Risk-Taking

Segment
Entire Market

Share (%) Share (%) Share (%)
1 gpt-4 Prop. 21.3 22.0 13.1
2 claude-v1 Prop. 13.4 13.9 6.9
3 claude-instant-v1 Prop. 10.9 11.4 6.1
4 gpt-3.5-turbo Prop. 9.0 9.3 5.3
5 guanaco-33b OS 5.9 5.5 9.6
6 palm-2 Prop. 5.5 5.7 3.1
7 vicuna-13b OS 5.4 5.1 8.4
8 wizardlm-13b OS 4.5 4.2 7.4
9 koala-13b OS 3.6 3.4 5.8
10 vicuna-7b OS 3.6 3.4 5.7
11 mpt-7b-chat OS 2.3 2.1 3.9
12 gpt4all-13b-snoozy OS 2.2 2.1 3.7
13 RWKV-4-Raven-14B OS 2.1 1.9 3.6
14 alpaca-13b OS 1.9 1.8 3.4
15 oasst-pythia-12b OS 1.9 1.8 3.3
16 fastchat-t5-3b OS 1.4 1.4 2.4
17 chatglm-6b OS 1.4 1.3 2.2
18 stablelm-tuned-alpha-7b OS 1.1 1.0 1.9
19 dolly-v2-12b OS 0.9 0.8 1.5
20 outside option – 1.6 1.9 2.8

Aggregate Measures
Proprietary LLMs Share (%) 61.1 63.5 35.6
Open-Source LLMs Share (%) 38.9 36.5 64.4
HHI 1036 1089 697

User Behavior (%) Class 1 Class 2 Class 3 All Users
Share of Prompts 27.0 29.3 43.8 100
Risky Requests 11.7 0.0 0.0 3.2
Safe Requests 88.3 100.0 100.0 96.8

Note: The layout follows Table 5. The top panel reports each LLM’s market share across all prompts, separately for the risk-taking
segment (Class 1) and the entire market, as well as for risky prompts only, under this counterfactual scenario. The bottom panel
reports the share of prompts submitted by each latent class and the percentage of each class’s prompts that are risky versus safe.
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M Intensive vs. Extensive Margin Decomposition

The counterfactual scenarios in Table 6 allow both the extensive margin (fraction of risky prompts) and

the intensive margin (substitution across LLMs within each prompt type) to adjust simultaneously.

Since Classes 2 and 3 never submit risky prompts by construction, all extensive-margin variation

concentrates in Class 1, where the risky-prompt probability responds to changes in inclusive values

through the logit functional form. To isolate the role of within-market substitution from changes in

risky prompting behavior, Tables M.1 and M.2 re-run all counterfactual scenarios while holding each

class’s risky-prompt probability fixed at its baseline value. Table M.3 then compares HHI changes

across the full model (both margins) and the fixed-extensive-margin specification.

Comparing Table M.1 to Table 6 reveals the relative importance of each margin. Scenarios where

intensive-margin HHI changes closely track the full-model changes, such as “No Risky Refusals +

Equal Quality”, “Safe Baseline + Equal Quality”, and “Divergent Moderation”, indicate that within-

market substitution is the primary driver. By contrast, scenarios where the fixed-extensive-margin

HHI change is substantially smaller, such as “Universal Strict Moderation”, reveal a large extensive-

margin component, meaning that changes in the fraction of risky prompts materially affect measured

concentration. The model exit scenarios are predominantly intensive-margin, though removing an LLM

also shifts inclusive values differentially across the risky and safe markets, producing a small extensive-

margin component (e.g., removing GPT-3.5-turbo shifts Class 1 HHI from +10.9% to +11.3%).

Table M.1: Counterfactual Effects on Risk-Taking Segment: Intensive Margin Only (Fixed Extensive
Margin)

Market Concentration
Prevalence of

Risky Requests (%)All Prompts Risky Prompts Only
Counterfactual Scenario HHI Prop. (%) HHI Prop. (%)

Baseline and Moderation Policies
Baseline 1023 60.6 682 34.7 11.8
No Risky Refusals 1028 (+0.5%) 60.9 692 (+1.4%) 37.6 11.8 (+0%)
No Risky Refusals + Equal Quality 1099 (+7.4%) 64.0 1094 (+60.3%) 64.1 11.8 (+0%)
Safe Baseline Risky Refusals 1028 (+0.6%) 60.9 696 (+2.0%) 37.5 11.8 (+0%)
Safe Baseline + Equal Quality 1100 (+7.5%) 64.0 1100 (+61.2%) 64.0 11.8 (+0%)
Universal Strict Moderation 1027 (+0.4%) 60.8 685 (+0.4%) 33.4 11.8 (+0%)
Divergent Moderation 960 (−6.2%) 57.6 778 (+14.0%) 8.8 11.8 (+0%)

Model Exit Scenarios
Remove GPT-3.5-turbo 1138 (+11.3%) 56.8 725 (+6.3%) 31.2 11.8 (+0%)
Remove gpt4all-13b-snoozy 1061 (+3.7%) 61.9 719 (+5.4%) 36.4 11.8 (+0%)
Remove llama-13b 1036 (+1.3%) 61.1 697 (+2.2%) 35.6 11.8 (+0%)

Note: Each class’s probability of submitting a risky prompt is held fixed at its baseline value. Changes in HHI and market shares
reflect only the intensive margin (within-market substitution across LLMs), not changes in the fraction of risky prompts. This
analysis focuses on risk-taking (Class 1) users. Compare to Table 6, which allows both margins to adjust. Prop. (%) denotes the
combined market share of proprietary LLMs (GPT-4, Claude-v1, Claude-Instant-v1, GPT-3.5-turbo, and PaLM-2).
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Table M.2: Counterfactual Effects on Entire Market: Intensive Margin Only (Fixed Extensive Margin)
Market Concentration

Prevalence of
Risky Requests (%)All Prompts Risky Prompts Only

Counterfactual Scenario HHI Prop. (%) HHI Prop. (%)

Baseline and Moderation Policies
Baseline 1076 63.1 682 34.7 3.2
No Risky Refusals 1078 (+0.1%) 63.2 692 (+1.4%) 37.6 3.2 (+0%)
No Risky Refusals + Equal Quality 1097 (+2.0%) 64.0 1094 (+60.3%) 64.1 3.2 (+0%)
Safe Baseline Risky Refusals 1078 (+0.2%) 63.2 696 (+2.0%) 37.5 3.2 (+0%)
Safe Baseline + Equal Quality 1098 (+2.0%) 64.0 1100 (+61.2%) 64.0 3.2 (+0%)
Universal Strict Moderation 1077 (+0.1%) 63.1 685 (+0.4%) 33.4 3.2 (+0%)
Divergent Moderation 1057 (−1.8%) 62.3 778 (+14.0%) 8.8 3.2 (+0%)

Model Exit Scenarios
Remove GPT-3.5-turbo 1202 (+11.7%) 59.2 725 (+6.3%) 31.2 3.2 (+0%)
Remove gpt4all-13b-snoozy 1115 (+3.6%) 64.4 719 (+5.4%) 36.4 3.2 (+0%)
Remove llama-13b 1089 (+1.2%) 63.5 697 (+2.2%) 35.6 3.2 (+0%)

Note: Each class’s probability of submitting a risky prompt is held fixed at its baseline value. Changes in HHI and market shares
reflect only the intensive margin (within-market substitution across LLMs), not changes in the fraction of risky prompts. This
table reports results for the entire market, across all user segments. Compare to Table J.1, which allows both margins to adjust.
Prop. (%) denotes the combined market share of proprietary LLMs (GPT-4, Claude-v1, Claude-Instant-v1, GPT-3.5-turbo, and
PaLM-2).

Table M.3: Decomposition of HHI Changes: Full Model vs. Intensive Margin Only
Risk-Taking Segment (Class 1) Entire Market

Counterfactual Scenario Full Model Intensive Only Full Model Intensive Only

Baseline and Moderation Policies
No Risky Refusals 1019 (−0.4%) 1028 (+0.5%) 1075 (−0.1%) 1078 (+0.1%)
No Risky Refusals + Equal Quality 1098 (+7.4%) 1099 (+7.4%) 1097 (+2.0%) 1097 (+2.0%)
Safe Baseline Risky Refusals 1020 (−0.3%) 1028 (+0.6%) 1075 (−0.1%) 1078 (+0.2%)
Safe Baseline + Equal Quality 1100 (+7.5%) 1100 (+7.5%) 1098 (+2.0%) 1098 (+2.0%)
Universal Strict Moderation 1081 (+5.7%) 1027 (+0.4%) 1092 (+1.5%) 1077 (+0.1%)
Divergent Moderation (Prop: 100% / OS: 0%) 983 (−3.9%) 960 (−6.2%) 1064 (−1.1%) 1057 (−1.8%)

Model Exit Scenarios
Remove GPT-3.5-turbo 1134 (+10.9%) 1138 (+11.3%) 1201 (+11.6%) 1202 (+11.7%)
Remove gpt4all-13b-snoozy 1062 (+3.8%) 1061 (+3.7%) 1115 (+3.6%) 1115 (+3.6%)
Remove llama-13b 1036 (+1.3%) 1036 (+1.3%) 1089 (+1.2%) 1089 (+1.2%)

Note: “Full Model” allows both the extensive margin (risky-prompt probability) and intensive margin (within-market substitution)
to adjust. “Intensive Only” holds each class’s risky-prompt probability fixed at its baseline value. Reported values are HHI levels
with percentage changes relative to baseline in parentheses. Baseline HHI: risk-taking segment = 1023, entire market = 1076.
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N Output-Side Safety: Risky Prompt Compliance

Our primary safety metric, the fraction of risky prompts, captures demand-side behavior: how often

users attempt risky requests. A risky prompt that is refused produces no harmful output, while a risky

prompt that is not refused contributes to output-side harm exposure. To complement the demand-side

measure, we construct an output-side proxy: the fraction of all risk-taking segment prompts where a

risky request receives a non-refused response. This “risky responded” metric multiplies the risk-taking

segment’s risky-prompt probability by the share-weighted non-refusal rate across models, capturing

both how many risky prompts are attempted and how many of those are not refused.

Table N.1 reports this metric across counterfactual scenarios. Under the baseline, approximately

9.6% of risk-taking segment prompts result in a non-refused risky response. Under “No Risky Refusals”

(all refusals eliminated), this rises to 13.1% (+36.0%) as both the risky request rate and the non-refusal

rate increase simultaneously. Under “Universal Strict Moderation” (100% refusal), the metric falls to

nearly zero (−100%): even though some risky prompts are still attempted, all are refused. Under

“Divergent Moderation” (proprietary models refuse 100%, open-source refuse 0%), the metric declines

to 8.5% (−11.7%), reflecting the compositional shift as risk-takers substitute toward open-source

models that do not refuse, while proprietary models’ refusals reduce the overall non-refusal rate.

These results confirm that the input-side and output-side metrics move in the same direction

across all scenarios, and that refusal policy is the primary lever controlling output-side harm exposure.

Content moderation operates through both margins: it directly blocks harmful outputs (by refusing

risky prompts) and indirectly discourages risky requests (via the endogenous prompt-type choice).
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Table N.1: Counterfactual Effects on Risk-Taking Segment: Output-Side Safety
Market Concentration Risky Prompts

Counterfactual Scenario HHI Prop. (%) Risky Req. (%) Risky Responded (%)

Baseline and Moderation Policies
Baseline 1023 60.6 11.8 9.6
No Risky Refusals 1019 (−0.4%) 60.5 13.4 (+14%) 13.1 (+36.0%)
No Risky Refusals + Equal Quality 1098 (+7.4%) 64.0 21.2 (+79%) 20.9 (+116.5%)
Safe Baseline Risky Refusals 1020 (−0.3%) 60.5 13.3 (+12%) 12.7 (+32.0%)
Safe Baseline + Equal Quality 1100 (+7.5%) 64.0 20.9 (+77%) 20.2 (+110.1%)
Universal Strict Moderation 1081 (+5.7%) 63.2 3.0 (−75%) 0.0 (−100.0%)
Divergent Moderation (Prop: 100% / OS: 0%) 983 (−3.9%) 58.8 9.7 (−18%) 8.5 (−11.7%)

Model Exit Scenarios
Remove GPT-3.5-turbo 1134 (+10.9%) 56.7 12.3 (+4%) 10.0 (+4.1%)
Remove gpt4all-13b-snoozy 1062 (+3.8%) 62.0 11.6 (−1%) 9.5 (−1.6%)
Remove llama-13b 1036 (+1.3%) 61.1 11.7 (−1%) 9.6 (−0.7%)

Note: This table reports outcomes for the risk-taking segment only. “Risky Req. (%)” is the endogenous fraction of risk-taking
segment prompts classified as high-risk. “Risky Responded (%)” is the fraction of all risk-taking segment prompts where a risky
request receives a non-refused response, equal to the risky-prompt probability multiplied by the share-weighted non-refusal rate
across models. This metric captures output-side harm exposure: a refused risky prompt produces no harmful output, while a
non-refused one does. Prop. (%) denotes the combined market share of proprietary LLMs (GPT-4, Claude-v1, Claude-Instant-v1,
GPT-3.5-turbo, and PaLM-2).
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