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Abstract

This paper studies product differentiation in the consumer market for large lan-
guage models using data from randomized pairwise comparisons of model responses. I
estimate a differentiated-product demand model in which consumer tastes vary with
prompt embeddings. Perceived model quality is strongly aligned with benchmark per-
formance. Taste heterogeneity arises over stylistic and syntactic attributes such as
readability, verbosity, tone, and formatting, along which LLMs differ. Counterfactual
simulations show that changes in model intelligence divert demand both within and
across providers’ LLM portfolios, with the relative magnitude of these flows depend-
ing crucially on the extent of multi-homing. The mix of tasks each user performs
determines which models are close substitutes, with a larger share of technical tasks
increasing substitution among high-capability models.
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1 Introduction
Since the release of ChatGPT in November 2022, large language models (LLMs) have diffused

rapidly. By mid-2026, more than one billion people were using LLLM-based services each week
and exchanging billions of messages per day. Survey evidence indicates that users rely on
these models for a diverse set of tasks, spanning professional uses such as coding and research
to non-work activities such as health advice and shopping decisions.

Despite this growth, little is known about how consumers evaluate and choose among
available LLM products. These models appear differentiated along both vertical dimen-
sions—such as core capabilities in reasoning or coding—and horizontal ones related to writ-
ing style, personality, or tone. Anecdotal evidence suggests that many users have strong
preferences for particular models and continue to use them despite the availability of more
capable alternatives.! Empirically, however, it remains unclear how consumers trade off
these vertical and horizontal attributes or how changes in specific product features shape
demand. Understanding these determinants of substitution patterns is key to evaluating the
nature of competition in this industry.

This paper quantifies the role of product differentiation in consumer choice by leveraging
a novel revealed-preference dataset from LMArena (Chiang et al. (2024)), a public platform
for LLM evaluation. On this platform, users submit prompts, which are assigned to two
randomly sampled and anonymized LLMs (in a “battle”), users vote for the preferred re-
sponse, after which model identities are revealed. These comparisons show how consumers
value differences in model outputs, revealing preferences in the consumer market for LLMs;,
where usage and conversation data are usually proprietary.

Using LMArena conversation data from 2024 and 2025, I first document several stylized
facts about systematic differences in LLM outputs. Although it is well understood that
models differ in their core capabilities and overall intelligence, I find that models also differ
meaningfully along other dimensions, such as response formatting, readability (e.g., word
choice and sentence structure), and tone. For instance, readability measures indicate that
OpenAT’s models have become progressively easier to read over time, whereas Anthropic’s
have become more complex. Similarly, response assertiveness has increased for OpenAl and
Google models over time, but has remained relatively stable for Anthropic. These patterns

highlight persistent and evolving differences across providers that are not reflected in headline

'For example, OpenAl’s GPT-5.1 release note (OpenAl (2025)) describes the model as “warmer by
default and more conversational,” while Anthropic (2025) emphasizes that “each Claude model has a unique
character” and that some users find older versions more compelling despite improved capabilities. The
Economist (2026) shows that LLMs differ in their social and political values: GPT models express especially
secular views, while Gemini models place particularly strong emphasis on individual freedom.



benchmark scores.

The paper proceeds to build a structural demand model for LLMs in two main steps.
First, I model voting choices in LMArena battles using a discrete choice framework with
random utilities over LLM responses. User votes allow me to estimate how consumer utilities
depend on response-level characteristics. In a second step, utilities over LLM responses are
aggregated to define utilities over products (i.e., LLMs). Each user chooses products based
on the expected utility over responses to their prompt distribution. Finally, I construct
diversion ratios from counterfactual changes in model intelligence to quantify substitution
across models and providers.

To recover consumers’ valuations for LLM responses, I specify a random-coefficients dis-
crete choice model for LMArena battles. Departing from the standard approach, I allow
taste parameters to vary not only across consumers (as in Berry et al. (1995)) but also
across prompts. Specifically, the mean of the random coefficients is a function of a low-
dimensional representation of the prompt’s vector embedding. This structure captures rich
heterogeneity in preferences across use cases—such as coding versus writing—and within use
cases, while keeping the model tractable. The paper contributes to the growing literature on
demand estimation with unstructured data (Compiani et al. (2023), Magnolfi et al. (2025))
by proposing a novel method for dimensionality reduction of vector embeddings based on
Partial least squares (PLS) regression.

Estimation results reveal that, on average, consumers prefer responses by more recently
released, larger (by number of parameters), and reasoning models. Additionally, prefer-
ences are closely aligned with benchmark performance: consumers tend to favor responses
generated by models that score highly on benchmarks. Conditional on benchmark scores,
however, reasoning models are on average less preferred, which is consistent with their slower
response speed. Consumers systematically prefer responses with positive sentiment (relative
to neutral) and strongly dislike responses with negative sentiment or tentative responses.

Preferences vary substantially across prompts, underscoring the importance of use-case
heterogeneity. Linguistic complexity, for example, is positively valued in technical tasks
such as mathematics and coding, but is negatively associated with utility in most prompts
involving practical guidance. The distribution of estimated coefficients further highlights
key tradeoffs across benchmark performance: responses by LLMs with higher knowledge
benchmark scores (e.g., MMLU-Pro, HLE, and GPQA Diamond) are consistently valued
across all prompts. By contrast, the utility from responses by LLMs with higher coding
benchmark scores (e.g., LiveCodeBench, SciCode) depends on the task: these scores increase
utility for math and coding tasks but are negatively associated with utility in writing, casual

conversation, and information-seeking prompts. This pattern suggests that gains in coding



ability may come at the expense of fluency or alignment in non-technical domains. Finally,
formatting features—such as the use of bold text, tables, and structured lists—generate the
largest utility gains in information-seeking and practical guidance queries.

Comparing preference heterogeneity across users and across prompts reveals different
patterns for model capabilities and response attributes. For model intelligence, variation
in tastes across prompts exceeds idiosyncratic variation across users, suggesting agreement
across users on the value of model intelligence, conditional on the task. For response at-
tributes such as formatting, readability, and tone, the reverse holds: preferences vary more
across users than across prompts. These response attributes thus provide a basis for hori-
zontal differentiation, reflecting widely dispersed tastes across the user population.

I use the estimated preferences over responses to specify a demand model for LLMs given
the choice set of models available in the actual market in each period. This aggregation maps
response-level utilities into model-level utilities by integrating over a prompt distribution that
mirrors real-world query patterns observed on ChatGPT (Chatterji et al. (2025)). I account
for potential multi-homing by considering two polar demand specifications. Under prompt-
level multi-homing, users select the utility-maximizing LLM separately for each query. Under
single-homing, users commit to a single firm across all queries and choose the firm whose
portfolio of LLMs delivers the highest expected utility given the user’s prompt distribution.
These two extremes bound plausible demand behavior. I then compute diversion ratios from
counterfactual degradation in model intelligence to characterize substitution across LLMs.
These ratios measure the fraction of a model’s lost demand that shifts to each alternative.
They reveal which models are close substitutes and whether lost demand remains within a
provider’s portfolio or flows to competing providers.

The counterfactual simulations show that, under prompt-level multi-homing, a 10-point
reduction in a model’s intelligence—which brings, for example, Claude Opus 4’s intelli-
gence score down to approximately that of Claude Sonnet 4—Ilowers its predicted demand
by approximately 21-25% relative to baseline. Substitution is particularly strong within
Google’s portfolio, where the other Gemini model absorbs 35-38% of the lost demand. Across
providers, Google and OpenAl are the main destinations for each other’s lost demand. Hom-
ing behavior also affects these patterns. Under single-homing, degrading an Anthropic or
OpenAl model reduces demand for the provider’s unchanged models as well: users switching
to rival providers outweigh substitution within the portfolio, generating negative diversion.

Substitution patterns also vary with the distribution of use cases. When coding and
mathematics account for a larger share of users’ queries, Claude Opus absorbs a greater
proportion of the demand lost by OpenAl and Google, becoming a closer substitute for
these providers’ high-capability models (e.g., Gemini 2.5 Pro), particularly under single-



homing. The closeness of competition thus depends on both consumers’ homing behavior
and allocation of queries across providers, and the mix of tasks they perform.

The paper provides the first structural model of consumer demand for generative Al prod-
ucts, offering a framework for analyzing how users evaluate and substitute among models. As
emphasized by Berry and Haile (2021), demand estimation is a necessary foundation for un-
derstanding market structure. This is particularly relevant given the growing policy interest
in the generative Al sector, with competition authorities in the US, UK, and EU launching
inquiries into its value chain (Competition and Markets Authority (2024a), Competition and
Markets Authority (2024b), Vestager et al. (2024), Federal Trade Commission (2025)). This
paper shows that product differentiation operates along multiple dimensions: model intel-
ligence is the primary driver of demand, but firms also compete by better “aligning” their
models to user tastes, particularly in non-technical use cases. By quantifying substitution
patterns, the analysis provides a first step for evaluating how product differentiation shapes
competition in this industry.

The rest of the paper proceeds as follows: after a literature review, Section 2 provides
background information on the industry. Section 3 presents the data used in the empirical
exercise. Section 4 describes the model. Section 5 discusses the estimation strategy and
results. Section 6 presents the results of counterfactual exercises, and Section 7 concludes.

Literature Review. This paper contributes to two strands of the literature: the lit-
erature documenting the demand and use of LLMs and the IO literature on differentiated
product demand estimation, in particular, that incorporating unstructured data (text, im-
ages).

First, a growing literature examines the rapid diffusion of LLMs and their use. Survey
evidence reveals widespread adoption across education levels, occupations, and other demo-
graphic groups (Bick et al. (2024)). Usage-based data highlight substantial heterogeneity in
how individuals engage with LLMs. Drawing on large-scale ChatGPT conversations, Chat-
terji et al. (2025) show that users rely on the tool for both work and non-work tasks, with
writing assistance, practical guidance, and information-seeking comprising the majority of
interactions. While work-related messages have steadily increased, non-work-related usage
has grown even more rapidly, rising from 53% to over 70% of total messages. Padilla et al.
(2025) find that LLM adoption alters online behavior, leading to declines in traditional search
activity and traffic to smaller content sites.

A related literature investigates the use of generative Al at work, focusing on tasks,
productivity, and labor market impacts. Survey evidence and internal company data (from
Microsoft) point to rapid adoption of LLMs in the workplace (Hartley et al. (2025), Tom-

linson et al. (2025)). Experimental studies document sizable productivity gains from LLM



assistance across various professional settings, including management consulting and cus-
tomer support (Dell’Acqua et al. (2023); Brynjolfsson et al. (2025b)). Complementing these
task-level studies, Eloundou et al. (2023) quantify occupational exposure to LLMs, while
Handa et al. (2025), using Claude interaction data, find that Al use is concentrated in writ-
ing and software-related tasks and reflects a mix of automation and augmentation. At the
labor market level, Brynjolfsson et al. (2025a) document reduced hiring for young workers
in Al-exposed occupations.

While existing work emphasizes who uses LLMs and for which tasks, this paper shifts
focus to which LLMs consumers choose and why. As non-work usage continues to rise
(Chatterji et al. (2025)), consumer-facing interactions represent a growing and economically
significant share of overall LLM demand.

The closest papers within this literature are Demirer et al. (2026) and Nagle and Yue
(2025), which both study the enterprise-facing LLM market using aggregate API usage data
from platforms such as OpenRouter and Microsoft Azure. Demirer et al. (2026) provide
indirect evidence of both vertical and horizontal differentiation, with no single model dom-
inating across use cases (i.e., programming and marketing) and significant variation in the
demand for intelligence across applications. The authors also find that most firms allocate
the vast majority of usage to a single model, with limited persistent multi-homing. Nagle
and Yue (2025) shows that closed-source models dominate usage on OpenRouter, with users
continuing to select them even when open-source alternatives are cheaper and offer superior
performance. This paper complements these two works by studying the consumer-facing
segment, where usage patterns, substitution dynamics, and provider prominence differ from
the firm-level API market. A key advantage of the LMArena setting is the observation
of a large-scale sample of conversations across LLMs and firms, enabling measurement of
fine-grained LLM attributes (such as formatting, tone, and sentiment) that shape consumer
demand.

Second, the paper builds on the IO literature on demand estimation in differentiated-
product markets, including seminal frameworks (Berry (1994), Berry et al. (1995), Nevo
(2001), Backus et al. (2021); see also recent reviews: Berry and Haile (2021), Gandhi and
Nevo (2021)). Within this literature, the paper contributes specifically to the strand using
vector embeddings from unstructured data in demand estimation. Studies within this strand
have used embeddings obtained from: e.g., product descriptions and pictures (Compiani et al.
(2023), Bach et al. (2024), Bajari et al. (2025), Quan and Williams (2021), Lee (2025)),
fonts (Han et al. (2024)), survey data on product similarities (Magnolfi et al. (2025)), and
consumers’ transactions and search (Armona et al. (2025), Ruiz et al. (2020), Kumar et al.
(2020), Gabel and Timoshenko (2022)).



This paper differs from prior work using unstructured data in two ways. First, it incor-
porates two types of unstructured input per choice (i.e., user prompts and LLM responses)
and uses prompt embeddings to capture heterogeneity in user intent and preferences across
tasks, by disciplining taste variation in the structural demand model.? Second, to obtain a
low-dimensional representation of prompt embeddings, I depart from prior work (e.g., Com-
piani et al. (2023), Bach et al. (2024)) that relies on Principal Component Analysis (PCA).
While PCA performs well in narrow domains, it is poorly suited to LLM prompts, which
are isotropic and semantically diverse. Instead, I propose a novel approach based on Partial
Least Squares (PLS), a supervised dimensionality-reduction method better able to extract

utility-relevant variation in this setting.

2 Industry Background

This section provides background on the industry: how LLMs are trained, how firms differen-
tiate their models, and how model performance is evaluated. It also describes the LMArena

platform and some of its limitations.

2.1 LLM Development

Market definition. LLMs are statistical models that generate text responses to text inputs.
They are implemented using deep neural networks based on the transformer architecture and
operate on sequences of tokens, which represent sub-word units.

This paper focuses on the consumer-facing segment of the LLM market—as distinct from
the enterprise segment—where users interact with models via chat interfaces. The analysis
centers on foundation models: general-purpose systems trained on broad text corpora and
capable of performing diverse language tasks without task-specific re-training. These models
are developed by both tech incumbents (e.g., Google, Meta) and new entrants (e.g., OpenAl,
Anthropic, DeepSeek). Geographically, the study is restricted to English-speaking consumers
and to providers offering public-facing models accessible in North America.

LLM development. Training LLMs proceeds in two stages. In the pre-training phase,
models learn to predict the next token in large-scale text corpora drawn from books, web-
sites, and other written sources. Post-training adjusts model outputs to better align with
human preferences. This second phase typically involves supervised fine-tuning (SFT) on
curated question—answer pairs written or rated by human experts, followed by reinforcement
learning from human feedback (RLHF), where models are trained to prefer (and generate)

outputs ranked more highly by human evaluators (Ouyang et al. (2022)). In settings where

2For instance, a prompt like “write a concise Python script” reveals a distaste for verbosity, while “provide
a detailed and structured plan for a trip to Paris” reflects a preference for organized responses using lists or
headings.



task performance can be objectively verified (math, coding), post-training additionally uses
reinforcement learning from verifiable rewards (RLVR), in which rewards are computed au-
tomatically based on correctness rather than human judgments. Additional tuning may
incorporate safety guidelines (Bai et al. (2022)) and application-specific constraints.
Differentiation levers. LLMs are differentiated through a series of design and training
decisions made by developers. Pre-training choices—such as model architecture, scale, and
the composition of training data—shape core capabilities such as general knowledge and
intelligence.

Post-training decisions, particularly the design of SFT and RLHF, further shape model
behavior by selecting the type of data and environments used in post-training and how
to weight different aspects of model behavior such as helpfulness, safety, and style. For
instance, developers can steer models toward concise or elaborate answers, more formal
or conversational tone, or stronger preference for cautious versus assertive responses. These
attributes emerge from the choice of (post-)training data, prompt formats, human annotator
instructions, and reward models used during RLHF and RLVR.?

System prompts, fixed instructions provided by the user in a conversation, offer a limited
degree of control over LLM response. System prompts can shape model persona or verbosity
but exert weaker influence on deeper model attributes. Although some platforms allow users
to personalize interactions, these adjustments operate within constraints set during pre-
and post-training. As a result, key dimensions of differentiation—such as core capabilities,
tone, and response style—are to a large extent hardwired by firms during training rather
than adjusted dynamically by users.

Various company statements accompanying model releases illustrate these points. Ope-
nAl's GPT-5.1 release note (OpenAl (2025)) state that “GPT-5.1 Instant, ChatGPT’s most
used model, is now warmer by default and more conversational,” underscoring that shifts
in tone arise from developer-level choices. Similarly, Anthropic (2025) observes that “each
Claude model has a unique character, and some users find specific models especially useful
or compelling, even when new models are more capable.” Together, these examples suggest
that differentiation is embedded in the training process and that consumers perceive models

as being differentiated along multiple dimensions (beyond core capabilities and intelligence).

3For instance, OpenAl publishes a “model spec” which provides detailed guidelines about model behavior,
personality, and safety. See https://model-spec.openai.com/2025-12-18.html [Last Accessed: 2025-12-
23]. Similarly, Anthropic also publishes a “Constitution” that guides Claude models’ values and behavior
during training. See https://www.anthropic.com/constitution [Last Accessed: 2026-01-28].

4For example, OpenAl allows users to customize aspects of interaction with GPT, including warmth, en-
thusiasm, or emoji usage. In the framework developed in this paper, such personalization does not constitute
within-model adaptation but instead corresponds to selecting among a discrete set of pre-configured models.
From the consumer’s perspective, these variants are treated as distinct models part of the firm’s portfolio.


https://model-spec.openai.com/2025-12-18.html
https://www.anthropic.com/constitution

LLM evaluations. LLM evaluations (or benchmarks) are tests designed to assess and
compare model performance across various dimensions such as general knowledge, reasoning
ability, or safety. These evaluations shape perceptions of model quality and inform strategic
decisions by developers.

Traditional benchmarks rely on static problem sets with predefined correct answers—such
as MMLU, HellaSwag, or GSM8K-—while other benchmarks draw from evolving sources like
Codeforces competitions. In contrast, preference-based benchmarks compare outputs using
human judgments, either on static problem sets (e.g., MT-Bench, AlpacaEval) or through
live user interactions, as in LMArena.

Static benchmarks based on fixed problem sets face several limitations: they often focus
on closed-ended tasks, are vulnerable to data contamination (i.e., problems sets become part
of the training data for new models) and overfitting, and struggle to define ground truth
for complex, open-ended, or subjective questions. In many real-world settings, users pose
open-ended prompts that require reasoning, synthesis, and judgment. For such tasks, human

evaluation remains the only reliable approach for assessing helpfulness and quality.

2.2 The LMArena Platform

LMArena. LMArena (arena.ai) is a public platform for human evaluation of LLMs
through side-by-side, blind comparisons.” Launched in 2023 by researchers at UC Berke-
ley’s SkyLab (Chiang et al. (2024)), it was spun out as Arena Intelligence Inc. in 2025
and has since raised $150 million in funding (at a valuation of $1.7 billion) from al6z, UC
Investments, and Lightspeed.

Users interact with the platform by submitting prompts and voting on paired model
responses, in what LMArena terms a battle. After entering a prompt, the user is shown
responses from two randomly sampled and anonymized models (model A and B) and has
the option to vote for their preferred response. There are four possible battle outcomes:
model A wins, model B wins, tie, or both responses are bad. Voting need not occur after one
turn: i.e., users can continue the conversation by submitting a follow-on prompt (multi-turn
conversation) and cast a vote at any turn after viewing the paired responses. Once a vote
is submitted, the model identities are revealed, and the user may start a new conversation
with a newly sampled pair of models. By October 2025, the platform had recorded more
than 4.2 million votes.

LMArena aggregates these votes into public leaderboards using an Elo rating system,
enabling incremental score updates from each user vote. The platform maintains multiple

leaderboards, including for text, image generation, agentic coding, vision, and search. The

5The company shortened its name to Arena in January 2026.
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empirical analysis in this paper focuses on the text battles, though the framework could in
principle be extended to model demand for image-generation or search. LMArena evaluates
both publicly released LLMs and, in some cases, pre-release models supplied for private
testing; the data used in this paper covers only models available to the public. Since its
launch, the platform has become a widely cited benchmark in model announcements and
promotional materials, shaping perceptions of model quality across the industry (Google
(2025), xAT (2025)).°

LMArena offers several advantages for analyzing consumer preferences. First, it directly

captures human judgments over model outputs, providing revealed-preference data rather
than relying on proxy measures such as benchmark scores. This is important because user
preferences are not necessarily aligned with benchmark performance: models that score
highly on standardized tasks may not be perceived as more useful or engaging in practice.
Second, because different models respond to identical prompts, the data permit credible
inference on substitution patterns across models: i.e., there is no selection into use of a
particular LLM. Finally, the availability of full conversation transcripts enables the analysis
of rich heterogeneity in preferences across both users and prompt types.
Limitations of the LM Arena data. A first limitation of the LM Arena platform is sample
representativeness. The platform attracts a specialized group of users, including researchers,
engineers, and technically engaged early adopters, whose preferences may differ from those
of the general population. For a given LLM response, these users may be more attuned to
subtle differences in quality or formatting, which may bias preference coefficients away from
zero. This can lead to estimated substitution patterns from changes in LLM capabilities that
are upper bounds. Nonetheless, this population of users represents a commercially relevant
segment whose evaluations feature prominently in firms’ model announcements, and whose
preferences likely shape model development.

A second concern is that LMArena users may submit a different mix of prompts and
use cases than the general population. This issue is less consequential, as the empirical
approach controls for prompt content and conditions on use case. Moreover, when conducting
counterfactual exercises, I calibrate the prompt distribution to match that of the general
ChatGPT user base using data from Chatterji et al. (2025) (Section 5.2).

A third set of limitations arises from the structure of the LMArena choice environment.

6Singh et al. (2025) raises some structural issues in the LMArena leaderboard, including data access
disparities that may favor certain large providers. While the machine learning community often treats
LMArena rankings as reflecting intrinsic model quality, I interpret the data as measuring revealed human
preferences over LLMs. These preferences are informative but may not fully align with objective notions of
model capabilities. Indeed, the purpose of this study is to identify human preferences over a range of LLM
attributes, which are not limited to core capabilities.

10



Users make binary comparisons in a frictionless setting, with zero prices, no switching costs or
platform-level complementarities (e.g., integration of Gemini into Google search and Gmail).

The absence of prices restricts the scope of elasticities that can be estimated. Neverthe-
less, widespread use of free tiers supports the relevance of LMArena’s zero-price compar-
isons.” For paying users, subscriptions typically provide access to a portfolio of models with
usage limits varying across subscription tiers. Conditional on accessing a set of LLMs via
subscriptions, LM Arena is informative about which model is preferred for a given task. The
data, however, do not identify willingness to pay for access, selection into subscription tiers,
or responses to changes in subscription prices. As a consequence, the counterfactual exercise
focuses on substitution driven by changes in model intelligence, conditional on access to the
same set of models.

A separate limitation concerns switching costs. The framework abstracts from persis-
tence in provider choice due to accumulated context, personalization, or investments in
provider-specific workflows. The counterfactual analysis partly addresses the implications
for substitution by considering two homing scenarios: users either commit to a single provider
across all queries or choose a model and provider separately for each query.® These scenarios
illustrate how restrictions on provider switching affect substitution. However, both speci-
fications are static, and the available data do not identify switching costs or the speed of
adjustment following changes in product characteristics.

A final concern is that votes may be manipulated. Because LM Arena rankings are widely
cited in model announcements, a provider has an incentive to cast votes in favor of its own
models or against those of competitors. Such an attack requires two steps: identifying which
of the two anonymous responses was generated by the target model (for instance, from
a classifier trained on the model’s outputs, or prompts that induce the model to disclose
its identity) and then voting for that model irrespective of response quality. Bots and
coordinated voting make this strategy scalable. Recent work in computer science (Huang
et al. (2025), Min et al. (2025), Cho and Kim (2026)) show that such attacks are, in theory,
feasible: anonymous responses can be attributed to their source model with high accuracy,
and rigged votes can move a model’s ranking absent defenses.

LMArena has implemented several defenses against such attacks, some of them in collab-
oration with Huang et al. (2025). First, the platform filters out conversations in which the
user attempts to extract the identity of the model.” Second, the platform detects anomalous

users through a statistical test that compares each user’s votes to the historical distribution

"Financial Times (2025) reports that around 5% of ChatGPT users are on the subscription tier.

8Brynjolfsson et al. (2026) report that US consumers of generative Al use an average of 2.6 distinct
providers, with a median of two, suggesting that multi-homing is common.

9See https://arena.ai/faq [Last Accessed: 2026-08-14].
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of outcomes for the same model pair (Chiang et al. (2024)); votes by users exhibiting statisti-
cally anomalous voting patterns are removed from the leaderboard computation. Finally, bot
protection (Cloudflare, reCAPTCHA), login requirements, and rate limits raise the cost of
automated voting; Huang et al. (2025) conclude that these mitigations substantially increase
the cost of manipulation. Taken together, these defenses arguably mitigate the concern that
vote manipulation contaminates the battle data used in this paper.

The data identify preferences over response and model attributes for this population
of users. The counterfactual analysis uses these preferences to predict substitution under
assumptions about users’ distribution of tasks and the extent of multi-homing. These pre-
dictions are conditional on access to a given set of models and abstract from subscription
decisions, brand effects, ecosystem complementarities, and switching costs. The estimated
preferences thus provide necessary inputs to richer models of market demand that can in-

corporate these additional frictions.

3 Data and Descriptive Statistics

3.1 Data sources

This paper draws on two primary data sources: LMArena, the platform described in the
previous section, and Artificial Analysis, an independent aggregator of LLM benchmarks
and capabilities.

LMArena. The main dataset consists of battles from LMArena, covering two time win-
dows: June 2024-August 2024 and April 2025-July 2025.1° Each observation includes an
(anonymized) user identifier, a battle identifier, the two model identities sampled in the bat-
tle, the user’s vote, and the full conversation text (user prompts and both model responses
in all turns of the conversation). The analysis focuses only on battles in English.

I classify battles into topic categories, following the same classification used by OpenAl’s
internal conversation classifier and reported in Chatterji et al. (2025) (Section 5.2). The
topic categories are: information seeking, practical guidance, writing, technical help (math,
coding), casual conversation (referred to as “Self-Expression” in Chatterji et al. (2025)),
multimedia, and other. Topic definitions and examples are provided in Appendix Table A3.

From the conversation data, I extract three sets of LLM response-level characteristics.
The first are formatting-related variables. These include the number of Markdown headers
(section headings); the number of bold text blocks; and the number of ordered and unordered

list items. I also record whether the response includes a table or emojis, and measure the

0These datasets are arena-human-preference-140k and arena-human-preference-100k, they are pub-
licly available at: https://huggingface.co/lmarena-ai [Last Accessed: 2025-12-05].
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total length of the response in tokens.

The second group of variables pertains to readability and syntactic complexity. I compute
two standard readability metrics: the Flesch Reading Ease score and the SMOG Index. The
FRE score is based on sentence length and the number of syllables per word, with higher
values indicating more accessible text. The SMOG Index estimates the years of education
required to understand a text, and is based on the frequency of polysyllabic (three or more
syllables) words within a fixed number of sentences. While both metrics aim to quantify
readability, they emphasize different linguistic features: the Flesch score is more sensitive to
sentence and word length, whereas the SMOG Index emphasizes lexical complexity.

The third group of variables captures model tone. While many tonal features could be an-
alyzed, I focus on two dimensions: sentiment and hedging. Sentiment is classified into three
categories—positive, neutral, and negative—based on the emotional valence and intensity
of the LLM’s response. Positive sentiment includes favorable expressions (e.g., “insightful
question,” “incredibly helpful”), while neutral sentiment reflects objective, factual, or infor-
mational content without evaluative tone. Negative sentiment reflects unfavorable, critical,
or emotionally intense response (e.g., “this is a terrible idea”).

Hedging refers to the degree of linguistic caution or tentativeness in a response. I classify
tone as assertive when the LLM uses confident, directive language (e.g., “You should do X,”
“This is the best approach”), tentative when the response includes hedging markers such
as modal verbs or qualifiers (e.g., “This might help,” “You could try...”, “I don’t know”),
and neutral when the tone is descriptive without conveying strong confidence or hesitation.
Hedging focuses specifically on the LLM’s epistemic commitment: how strongly the model
asserts or qualifies its claims.

The classification of conversation topics and response-level sentiment and hedging are
performed using an LLM as judge. Appendix A.1 provides the full prompt and implemen-
tation details used for each classification tasks.

Finally, I obtain vector embedding representations for each user prompt. An embedding is
a numerical representation of text that encodes semantic meaning by mapping prompts into
a continuous vector space, where prompts with similar meanings are located closer together.
I compute embeddings using OpenAl’s text-embedding-3-large model, a state-of-the-art
embedding model designed for high-quality semantic representation. The embedding model
produces, for each user prompt,!' a 3,072-dimensional embedding vector, which I use to
control for heterogeneity in preferences across conversations.

In addition to the battles data, I collect biweekly snapshots of the LM Arena leaderboard,

HTn multi-turn conversations where the user submits follow-on prompts, I concatenate the prompts before
recovering the embedding.
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which reports the list of models being tested, their providers, and licensing status (open-
source, open-weights, proprietary), from June 2023 to July 2025.

Artificial Analysis. To measure model core capabilities, the paper draws on public data
from Artificial Analysis, a market research firm that provides standardized benchmarking
and related model information. The dataset covers all publicly released LLMs as of July 2025
and includes, for each LLM, its performance scores on a wide range of benchmarks, along
with model attributes such as release date, context window size, and whether the model is
a reasoning model.!?

A key advantage of this data source is its consistent evaluation framework. LLM providers
often report benchmark performance for new models under differing conditions—such as
varying numbers of demonstrations (n-shot prompting)—which undermines comparability.
Artificial Analysis addresses this issue by applying uniform testing protocols across all mod-
els, enabling credible comparisons of benchmark scores. Appendix Table A4 provides defi-
nitions of the benchmarks used. In the remainder of the paper, I use 4 indexes formed by
averaging benchmark scores: the “Intelligence index” is a weighted average of all 7 scores
(where weights are given by the last column in Table A4), the “Coding index” is an average
of SciCode and LiveCodeBench, the “Math index” is an average of MATH-500 and AIME,
finally the “Knowledge index” is an average of MMLU-Pro, HLE, and GPQA Diamond.

3.2 Descriptive statistics

Figure 1 shows the cumulative number of LLMs tested on LMArena over time, with the
periods for which conversation data are available shaded. By July 2025, 411 LLM from 65
providers have been tested. Providers are major technology firms and commercial Al labs
as well as smaller startups and university research groups. Proprietary models are supplied
primarily by firms such as Google, OpenAl, Anthropic; open-weights models by firms such
as Meta, Google, and Cohere; and open-source models by firms such as Alibaba, Microsoft,
Mistral, and several academic groups.'®> Together, these data capture the full range of LLM
development activity across licensing regimes and provider types.

Table 1 shows descriptive statistics of LMArena battles. The dataset contains 237,503

battles, of which 53% are in English, and have on average 1.31 turns per conversation. For

12The context window size is the maximum number of tokens a model can process in a single
prompt-response interaction. A reasoning model is one explicitly optimized, typically through SFT and
RL, for multi-step reasoning and problem-solving tasks. These models generate “reasoning” tokens be-
fore outputting a response and are therefore slower than non-reasoning models. This paper uses Artificial
Analysis’s v2.0 suite of benchmarks.

13For open-weights models, model weights (parameters) are released for use subject to a license, whereas
open-source models make both the weights and the full training and implementation code available under
an open-source license.
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Figure 1: Cumulative number of LLMs on LMArena (top shows total, bottom shows the top
8 providers)

battles in English, users vote for one of the two model outputs in 68% of battles, with 16.9%
ties and 14.6% rated both bad. The distribution over conversation topics is shown in Panel C:
the top 3 topics are information seeking, writing, and practical guidance. This distribution
is broadly in line with the most popular topics reported by Chatterji et al. (2025) for a large
representative sample of ChatGPT users. However, as expected, math and coding prompts
are more frequent on LM Arena (21%) compared to the overall population of ChatGPT users,
where such prompts drop from 12% to 5.1% of conversations between 2024 and 2025.
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Table 1: Descriptive Statistics: Battles

Jun 2024 — Aug 2024 Apr 2025 — Jul 2025 All

Panel A: Basic Statistics

Number of battles 101,869 135,634 237,503
Number of users/sessions 48,471 115,372 163,843
Number of LLMs 55 52 103
Number of providers 17 13 22
Number of battles in English 56,061 71,175 127,236
Share of battles in English 0.550 0.525 0.536
Avg. number of turns per conversation 1.38 1.26 1.31
Panel B: Share of Battle Outcomes (English Battles Only)

Model A wins 0.311 0.359 0.338
Model B wins 0.322 0.366 0.347
Tie 0.180 0.160 0.169
Both bad 0.187 0.114 0.146
Panel C: Share of Battles by Topic Category (English Battles Only)

Information Seeking 0.338 0.406 0.372
Writing 0.230 0.140 0.185
Practical Guidance 0.101 0.190 0.147
Coding 0.137 0.130 0.133
Math 0.109 0.042 0.075
Other/Multimedia 0.041 0.053 0.047
Casual Conversation 0.044 0.039 0.041

Note: For the 2025 dataset, users are identified only per session but cannot be tracked across sessions.

Table 2 shows the distribution of LLM capabilities in the Artificial Analysis dataset.
Benchmark indices span a wide range: the intelligence index ranges from 8.3 to 73.2, coding
from 0.1 to 63.8, and math from 2.9 to 96.7. The context window sizes vary from 2,000 to
10 million tokens, and about 28% of models are classified as reasoning models. Appendix
Figure A2 plots the highest intelligence index across LLMs for each of the top 8 providers:
OpenAT’s models scored higher on benchmark metrics through mid-2024, but providers such
as Google, xAl, and others rapidly closed the gap by mid-2025.

Finally, Table 3 provides descriptive statistics for LLM responses in the LM Arena dataset.
Panel A shows modest readability variation, with an average Flesch Reading Ease score of
46.6 and SMOG index of 12.7. Panel B highlights increased use of formatting elements over
time: e.g., the number of text blocks in bold increases from 6.23 to 17.95; the number of
bullet points increases from 5 to 14.5, and responses are twice as long in 2025 than in 2024.
Panel C shows that response sentiment is predominantly neutral, but the share of positive
sentiment responses increases from 12% to 18% of all responses between 2024 and 2025.
Assertive responses are also more frequent, whereas neutral and tentative responses are less
frequent in 2025 relative to 2024.
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Table 2: Descriptive Statistics: LLM Characteristics

Variable Mean SD Min Median Max

Panel A: Benchmark Scores

MMLU Pro 0.63 0.17 0.14 0.68 0.87

GPQA 0.48 0.17  0.10 0.47 0.88

HLE 0.06 0.03  0.03 0.05 0.24

LiveCodeBench 0.30 0.20  0.002 0.27 0.82

SciCode 0.23 0.11 0.00 0.24 0.47

Math 500 0.72 0.23  0.06 0.77 0.99

AIME 0.28 0.29  0.00 0.15 0.94

Intelligence Index (0-100) 3783 15.01 830 36.65 73.20
Coding Index (0-100) 26.51 14.71 0.10  25.35  63.80
Math Index (0-100) 50.75 2448 290 45.80  96.70
Panel B:

Context window (’000s tokens) 356.27 840.35 2 128 10,000
Reasoning Model 0.28 0.45 0 0 1

Note: The unit of observation is an LLM. Benchmark scores are between 0 and 1.
Benchmark indices are between 0 and 100.

To illustrate potential differences in responses across LLMs, I regress the response-level
characteristics in Table 3 on calendar quarter, conversation topic category, and LLM fixed
effects. Given the market definition used in this paper, I include fixed effects for LLMs
developed by private firms that offer consumer-facing products (which excludes enterprise-
focused providers such as Cohere) and make their product available in the North American
consumer market (which excludes some Chinese providers such as Alibaba). The firms are:
Anthropic, DeepSeek, Google, Meta, Mistral, OpenAl, and xAl. LLMs by providers outside
this list are labelled as “other” and serve as the omitted reference category.*

Figure 2 plots LLM fixed effects for two formatting-related outcomes: response length
and table usage. To facilitate visual comparison, the figure shows up to four representative
LLMs per provider. Appendix Figures A3 and A4 provide the full set of LLMs. More recent
models tend to produce longer responses on average, with notable variation across providers.
xAl and Google models yield the lengthiest outputs, followed by OpenAl and DeepSeek. By
contrast, Anthropic models are consistently associated with shorter responses. Table usage
is even more heterogeneous. OpenAl’s high-capability models (03 and o4-mini) stand out,
including tables in roughly 30-40% of their responses—substantially higher than Google’s
Gemini 2.5 Pro (24%) and significantly above models from Anthropic, which rarely format

content using tables.

4Tn practice, I define two sets of “other” LLMs: those released up to end of the first window (June 2024-
August 2024), and those released after that date.
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Table 3: Descriptive Statistics: LLM Responses

Jun 2024 — Aug 2024 Apr 2025 — Jul 2025 All

Mean (SD) Mean (SD) Mean (SD)
Panel A: Readability
Flesch Reading Ease 49.17 (94.03) 44.16 (50.52) 46.59  (74.91)
SMOG Index (years) 12.38 (4.39) 12.96 (4.08) 12.68 (4.24)
Panel B: Formatting
Markdown headers 0.72 (4.03) 3.39 (8.98) 2.09 (7.16)
Bold text 6.23 (1527) 1795  (31.99) 1226  (25.96)
Ordered lists 3.52 (8.25) 4.62 (10.29) 4.09 (9.37)
Unordered lists 5.00 (12.62) 14.50 (27.38) 9.89 (22.04)
Response length (tokens) 562.74 (906.52) 994.63  (1392.98)  785.04 (1201.72)
Has table 0.02 (0.14) 0.10 (0.30) 0.06  (0.24)
Has emoji 0.02 (0.13) 0.15 (0.36) 0.09 (0.28)
Panel C: Tone
Sentiment: positive 0.12 (0.32) 0.18 (0.38) 0.15 (0.36)
Sentiment: negative 0.02 (0.14) 0.01 (0.10) 0.02 (0.12)
Sentiment: neutral 0.86 (0.34) 0.81 (0.39) 0.84 (0.37)
Hedging: assertive 0.42 (0.49) 0.48 (0.50) 0.46 (0.50)
Hedging: tentative 0.16 (0.37) 0.14 (0.34) 0.15 (0.36)
Hedging: neutral 0.42 (0.49) 0.38 (0.48) 0.40 (0.49)

Note: Descriptive statistics for response-level features from the LMArena dataset. Flesch Reading
FEase: Higher scores indicate easier-to-read text. Components: words per sentence and syllables per
word. SMOG Index: Estimates years of education needed to understand the text. Components: count
of polysyllabic (>3 syllables) words. Higher implies harder to read. Bold text corresponds to the
number of blocks of text in bold.

Figure 3 shifts focus to readability and tone, using the SMOG index and a measure of
positive sentiment. Again, the figure shows up to four representative LLMs per provider.
Appendix Figures A5 and A6 provide the full set of LLMs. The SMOG index, which ap-
proximates lexical complexity, shows diverging trends across firms. Anthropic’s newer models
score higher, indicating more complex word choices, while OpenAl’s models display the op-
posite pattern, becoming easier to read. This may reflect differences in product positioning
or targeted user segments. Regarding sentiment, OpenAl and Google exhibit an upward
trend in positive framing, with newer models increasingly producing upbeat language (e.g.,
“That’s a great question!”). Anthropic’s models, by contrast, show little movement on this
dimension.

These patterns are not restricted to the four outcomes presented in these figures: sim-
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ilar degrees of heterogeneity can be found across other formatting, readability, and tone

attributes. Overall, these patterns illustrate meaningful LLM-level differences in response

attributes with variation occurring both across firms and across LLMs for a given firm.
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4 A Choice Model for LM Arena Battles

This section develops a random-coefficient discrete choice model tailored to the institutional
structure of LM Arena battles. In each interaction, a user submits a prompt and evaluates two
competing LLM responses. The model maps these observed choices into latent utilities over
responses, decomposing utility into response-specific attributes and model-level capabilities.
By allowing preferences to vary systematically with prompts and across users, the framework
provides a disciplined way to recover latent LLM quality and to quantify how different
dimensions of response attributes shape user valuations.

Setup. A user ¢ submits a text prompt p to the LMArena platform. Each prompt p is
mapped into a d-dimensional embedding vector E, € P, where P C R?. For each user i,
there exists a user-specific probability measure F; on P describing the distribution of that
user’s prompt embeddings, and E,, represents a random draw from the distribution F;. Two

LLMs m4 and mp generate responses. The resulting “battle” is a tuple

(i)p7 {mA7 mB}7 0)7

where the outcome o € {m4, mp, 0} (model A wins, model B wins, or both bad) is determined
by
ma it Uppm, > Uipmy and Uspp, . > Uipo,
o= qmp if Upmg > Uipm, and Uippm, > Uipo,

@ if UipmA < UipO and Uime < Uz‘po,

with Uiy, denoting user ¢’s utility for LLM m’s response to prompt p and Uj,y the outside-
option utility (an acceptability threshold, corresponding to the vote “both bad”).'® The
baseline framework ignores ties, Appendix B shows how to accommodate ties.

Utility specification. The utility a user derives from a response has two distinct
components: (i) a component that varies at the response level, reflecting observable features
of the particular output generated in response to prompt p, and (i) a component that
varies at the LLM level, reflecting core capabilities of model m that shape the semantic
quality of all its responses. Response-level characteristics X, capture measured attributes
of the specific output—formatting, readability, and tone. In contrast, semantic attributes
such as correctness, relevance, and completeness are modeled as functions of the capabilities
of the LLM, summarized by the model-level characteristics X, (which include the LLM’s

15Qperationally, the “both bad” outcome corresponds to the event that neither model’s output exceeds
this intrinsic threshold. The threshold may reflect the quality the user expects from a general search engine
(Google) or a minimal notion of usefulness, completeness, or correctness.
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benchmark scores, context window size, reasoning ability, and a constant). User i’s utility

from model m’s response to prompt p is specified as

Uipm = BE(D) Xpm + BED) Xon + Em + Eipm, (1)

where ¢, captures unobserved LLM quality, and €;,,, is an idiosyncratic shock distributed
according to a type-1 extreme value distribution. Taste parameters (8Z(p), 5%(p)) vary
across users and prompts through random coefficients, with a mean that is a function of the

user prompt embedding E,,, and a variance-covariance matrix to be estimated, as follows:

RO\ _ (B AERE)\ o
(@-L(p))_<Bé+ﬁf'h<Ep>>+E“ R .

where K is the dimension of the observed characteristics vector [X,,, X, h(.) is a function
mapping R? into RY (with ¢ < d) that extracts a low-dimensional representation of the
prompt embedding, ¥ is a diagonal scaling matrix with element o}, representing the dispersion
in user-specific taste shock for characteristic k. (88, 8f) is a K x 1 vector, (Bf, BF)isa K x g
matrix. Each characteristic & in [X,, X,,] is associated with a mean coefficient 5, and
a set of prompt-level interactions Bfk, which capture the dependence of taste parameters
on the prompt p. This specification ensures that prompts that are closer in the embedding
space will have similar mean taste parameters.
To control for the unobserved quality term &,,, it is useful to define the following LLM-
specific fixed effect parameter
6m = B X0 + & (3)

The term 0,, represents the average quality of model m that is common across consumers.
In the baseline model, the mean of the outside option is normalized to zero: Uy = €ipo.
Appendix C considers a time-varying outside option (i.e., to control for shifts in user expec-
tations over time).
Choice Probabilities. Conditional on the random taste shock v;, the probability that
user ¢ votes for model m 4’s response is
exp (B () Xpma + B (9) Xins + &)

P - ) ) z Vi) — . 4
= malptmamod i) = g o (BR0) Xy & BE0) Xy T Em) Y

The unconditional probability integrates over the distribution of user heterogeneity:

Plo=ma | p,{ma,mp}) = /P(o =my | p,{ma,mp},v;) dP(v;). (5)
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where @ is the cdf of the standard multivariate normal distribution. The choice probabilities
for the other outcomes can be similarly defined. In anticipation of the counterfactual analysis,
note that a user ¢ is characterized by (i) a distribution over prompts E, ~ F; and (i7) a taste
vector v; drawn from the population distribution.

The framework is general enough to allow the distribution of prompts to depend both
on consumer tastes and on the capabilities of the models available at a given point in time.
Dependence on the consumer taste shock, F; = F(- | v;), would capture, for instance, the fact
that consumers who use LLMs mostly for coding tasks may value coding performance more
than the average user. More generally, as models become more capable, users may submit
tasks that they previously would not have delegated to an LLM, changing the distribution of
prompts over time. This channel can be incorporated by specifying E,, ~ Fj;(- | v;, S), where

S; = (T, {Xin }mes,) denotes the choice set of available models and their capabilities.'®

5 Estimation

5.1 Identification

The outcome probabilities (Equation (5)) conditional on the prompt and model pair are
identified nonparametrically. These win rates constitute the fundamental choice probabilities
that the structural model must rationalize.

Persistent preference heterogeneity across users enter utility through a random-coefficients
structure. The diagonal matrix ¥ governs the variance of these taste shocks across dimen-
sions of response-level and model-level attributes. Identification of ¥ relies on the fact that
heterogeneous preferences generate systematic violations of the independence of irrelevant
alternatives (IIA) that cannot arise under homogeneous tastes. Appendix E provides a con-
crete example of how consumer heterogeneity is identified from violations of ITA substitution
patterns.

Prompt embeddings E, vary exogenously across battles and enter the taste parameter
coefficients through the reduced-dimensional representation h(E,). Identification of prompt-
level heterogeneity in taste parameters (the terms: Bfh(E,) and B£'h(E,)) exploits system-
atic variation in battle outcomes across prompts. For example, the ability to produce struc-

tured output (table, bullet point lists) may matter more for prompts related to information-

16Changes in Fj; may have important implications for competition. A capability improvement can increase
the private return to innovation not only by improving responses to existing tasks, but also by unlocking
tasks for which the innovating model has an advantage. For welfare, capability improvements can create
value both by improving responses to tasks users already submit and by expanding the set of tasks that users
can productively delegate to LLMs. Estimating the causal dependence of Fj; on S; is not straightforward and
would require a source of exogenous variation that shifts model capabilities independently of other factors
affecting the distribution of prompts.
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seeking or practical guidance than for creative writing prompts. Since prompts are assigned
randomly to model pairs, this exogenous variation traces out the importance of a particular

characteristic in explaining user choice, and identifies the parameters 55 and (7.

5.2 Estimation Approach

The goal of estimation is to recover the parameters governing response-level preferences,
model-level preferences, and the distribution of random taste heterogeneity, (3%, 8E, L, BE, %),
as well as the LLM-specific mean utilities {d,, }, defined in Equation (3). Estimation proceeds
in two steps.

Step 1: Simulated Maximum Likelihood. For each user, the likelihood contribution inte-
grates over the individual-specific random coefficients. Let b index battles faced by user 1,
and let v; denote the vector of random taste shocks entering through the random-coefficients

specification. The exact (log-)likelihood contribution for user i is

where P(o | b; ;) is the model-implied probability of the observed outcome in battle b given
v;. Because the integral does not admit a closed form, it is approximated by simulation.!”
Drawing {v7}% , independently from the multivariate normal distribution, the simulated

log-likelihood for user i is

1 & ,
SLL; =1n (ﬁ ;1;[13(0 | b; VZ)> . (6)

Summing over all users yields the simulated log-likelihood function. Maximizing this func-
tion produces estimates (Eé%, Ef%, EIL, EA], {gm}m) The Sm terms can be interpreted as model
fixed effects capturing average performance after accounting for response-level attributes and
heterogeneity in user tastes.

Step 2: Generalized Least Squares. The second step estimates Bf by exploiting the
relationship

6m = B Xom + .

Given estimates 3m from Step 1 and their estimated covariance matrix Vj, the coefficient

vector B¢ is obtained by generalized least squares:

Bt = (XL V5 X)X V1 (7)

1"The simulated LL uses 250 Sobol sequence draws. Robustness checks are conducted in Appendix C.
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This step follows the logic of classical two-step estimators for random-coefficients discrete-
choice models, where the first step includes products fixed effects, as in Nevo (2001). The
first step recovers consistent estimates of model-specific mean utilities (which control for the
unobserved term &, ), whereas the second step relates these utilities to model characteristics
in a linear specification, improving efficiency by accounting for correlation across the O 18
Prompt heterogeneity. The attributes that make an LLM output more preferred depend
on the task described by the prompt. For example, model intelligence may be especially
valuable for coding and math related tasks, whereas the value of tone, verbosity, or formatting
may differ between writing and information-seeking tasks. Imposing a common mean taste
parameter across prompts would mask systematic differences across use cases and could
cause prompt-level preference heterogeneity to be misattributed to persistent heterogeneity
across users. I therefore allow the means of the random taste parameters for both model-
and response-level characteristics (the terms 8% + BfYh(E,) and 8% + SF'h(E,) in Equation
(2)) to vary with the prompt. I implement two alternative specifications for the function
h(-).

I first use a simple specification, where h(E,) corresponds to the topic of prompt p,
where topic categories are described in Section 3. 1 interact every model- and response-
level characteristic with topic indicators. The resulting coefficients recover, for example,
separate mean valuations of intelligence, response length, and tone for writing and coding
prompts. These topic-specific means supplement the random coefficients, which capture
taste heterogeneity across users within a given topic.

As a second approach, I use the continuous information contained in prompt embeddings.
Because each embedding contains 3,072 dimensions, including the full vector E, in the taste
parameters is infeasible; I therefore reduce their dimension using Partial Least Squares (PLS)
(Wold (1966), Wold (1985)), a supervised counterpart to PCA. PCA, the standard approach
in the recent literature using unstructured data in demand estimation (e.g., Compiani et al.
(2023), Bach et al. (2024)), selects directions that explain the most variation in the embed-
dings. This is potentially limiting here because LLM prompts are semantically dispersed
and the directions along which prompts vary most need not be those that drive substitu-
tion across models. PLS instead selects directions of the prompt embeddings that covary
most strongly with the model and response attributes that distinguish the chosen alternative
from the rejected alternative in each battle. The resulting PLS scores therefore retain the
semantic dimensions of prompts that are most informative about variation in tastes. In this

specification, I interact every characteristic with the first three PLS scores. Appendix F

18Standard errors of the second-step estimates are obtained from the covariance matrix (XT’nV:;_le)*l,
which accounts for the estimation error in the first-stage LLM FEs.
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provides the technical details. In Appendix C, I discuss robustness checks with respect to
the choice of PLS scores.

The two approaches have complementary strengths. Topic interactions are easy to inter-
pret and directly yield a mean taste parameter for each characteristic and use case. However,
topic categories are coarser than the continuous prompt representation: they capture het-
erogeneity between topics but not variation among prompts within the same topic. PLS can
capture both sources of variation; indeed, the results below reveal substantial within-topic
heterogeneity in tastes. The PLS approach is also more parsimonious because the function
h(E,) is lower-dimensional (there are 6 included topics vs 3 PLS scores in the preferred spec-
ification). This flexibility comes at the cost of less directly interpretable components and
additional first-stage uncertainty introduced by the data-driven dimensionality-reduction

step.

5.3 Estimation results

This section presents the results of the two-step estimation approach. To facilitate opti-
mization, all continuous response-level variables (i.e., response length, SMOG index) are
normalized to have mean zero and unit variance. Categorical features, including sentiment,
hedging, reasoning, response has table, and response has emojis, are coded as indicator vari-
ables. Benchmark scores are rescaled to lie between 0 and 10, so that a one-unit change
corresponds to a 10-point increase on the original 0-100 benchmark-index scale, equivalent
to one-tenth of the maximum possible score. For reference, the average intelligence index in
the data is 37.83 on the original scale (3.78 after rescaling; see Table 2). The context window
size is similarly rescaled so that a one-unit change corresponds to an increase of one million
tokens. Finally, a dummy variable is included for whether the LLM appears on the right in
the battle (Model B), to account for any potential “position bias” in user comparisons.
Figure 4 presents coefficient estimates for the LLM fixed effects (gm terms), capturing
average consumer utility for each LLM by the top 7 providers.'® More recent models tend
to generate responses that are on average preferred by consumers. Among top-performing
models, Gemini 2.5 Pro yields the highest estimated utility, though other models (e.g.,
Claude Opus 4 (thinking), and OpenAl’s 03) achieve comparable scores. Rankings broadly
align with underlying model size (number of parameters in the LLM): for instance, within
the Llama family of models created by Meta, estimated utility increases from Llama 3.1 8B
to 70B to 405B (billions of parameters). Finally, reasoning models—such as Gemini 2.5 Pro,
Opus-thinking, Sonnet-thinking, and o3—rank at the top of the distribution, indicating that

reasoning capabilities are particularly valued by consumers.

19The plotted fixed effects are from the baseline specification (2) described next, in Table 4.
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Figure 4: Estimation results: LLM fixed effects by provider

An important implication of these FE estimates concerns the relative performance of
open-weight models. The highest-performing open-weight models exhibit FE estimates com-
parable to those of leading proprietary models offered by OpenAl, Google, Anthropic, and
xAl. This pattern is consistent with Artificial Analysis’s benchmark rankings, in which sev-
eral open-weight models—including models by Meta and Deepseek—are included in the top
10 models by intelligence index.

Table 4 reports estimates for the coefficients (Bé?', BOL, /X\]), corresponding to the means and
standard deviations of the taste parameters for model- and response-level characteristics.
Note that the coefficients BOL are obtained in step 2 (GLS), whereas all other coefficients are
obtained in step 1 (simulated MLE). Specification (1) uses interactions with topic dummies
to control for heterogeneity in tastes across prompts. Specification (2) and (3) use inter-
actions with the PLS scores. Specification (3) replaces the intelligence index with separate
coding and knowledge indexes.?’ Given that the parameters are identified up to the scale of
the idiosyncratic taste shock, the magnitudes of the coefficients are not directly comparable
across specifications. In addition, the mean taste parameters under specification (1) corre-

spond to the omitted topic (“Other”) whereas the mean taste parameters under specification

20T do not include the math index (constructed as the average of MATH-500 and AIME scores) due to its
high correlation with the coding index, likely because the latter index (based on Scicode and LiveCodeBench)

emphasizes scientific and mathematically intensive coding tasks. Including both leads to multicollinearity
issues.
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Table 4: Estimation Results

(1) 2) (3)
Mean (8) SD (¢) Mean (8) SD (¢) Mean (8) SD (o)
Model capabilities
Intelligence index 0.269 0.056 0.341 0.075
(0.019) (0.020) (0.010) (0.020)
Knowledge index 0.361 0.045
(0.029) (0.021)
Coding index 0.036 0.025
(0.021) (0.039)
Context window 0.044 0.152 -0.027 0.210 -0.021 0.233
(0.042) (0.061) (0.012) (0.059) (0.013) (0.057)
Reasoning model -0.296 0.241 -0.368 0.402 -0.247 0.389
(0.099) (0.372) (0.028) (0.267) (0.027) (0.254)
Readability and tone
Flesch reading ease 0.127 0.219 0.037 0.181 0.031 0.219
(0.116) (0.090) (0.042) (0.080) (0.043) (0.089)
SMOG index 0.097 0.092 0.013 0.085 0.012 0.066
(0.047) (0.059) (0.016) (0.064) (0.016) (0.069)
Sentiment: positive 0.410 0.365 0.054 0.432 0.052 0.467
(0.074)  (0.124)  (0.026)  (0.122)  (0.026)  (0.118)
Sentiment: negative -0.350 0.480 -0.337 0.424 -0.332 0.393
(0.193) (0.188) (0.085) (0.185) (0.085) (0.195)
Hedging: assertive -0.077 0.277 -0.044 0.300 -0.048 0.372
(0.066) (0.072) (0.017) (0.071) (0.017) (0.065)
Hedging: tentative -0.178 0.133 -0.215 0.256 -0.215 0.217
(0.091) (0.184) (0.023) (0.113) (0.023) (0.137)
Formatting
Response length 0.745 1.146 0.694 1.098 0.682 1.053
(0.109) (0.051) (0.032) (0.052) (0.031) (0.048)
Ordered lists 0.109 0.365 0.043 0.242 0.048 0.273
(0.075)  (0.048)  (0.014)  (0.048)  (0.015)  (0.048)
Unordered lists 0.006 0.287 0.031 0.297 0.028 0.248
(0.104)  (0.073)  (0.022)  (0.072)  (0.022)  (0.086)
Markdown headers 0.311 0.480 0.032 0.310 0.037 0.424
(0.101) (0.073) (0.021) (0.068) (0.022) (0.073)
Bold text 0.098 0.612 0.103 0.680 0.094 0.617
(0.111) (0.056) (0.025) (0.048) (0.024) (0.050)
Has emoji 0.082 0.831 0.093 1.176 0.089 0.996
(0.107) (0.155) (0.036) (0.146) (0.035) (0.151)
Has table -0.292 1.162 0.207 0.852 0.213 0.970
(0.186) (0.179) (0.048) (0.214) (0.049) (0.191)
LLM FE v v v
Random Coefficients v v v
Topic dummies v
PLS scores v v
Observations 85,257 85,257 85,257
# LLM FE 70 70 70
Log-likelihood -82036.0 -81763.5 -81699.1

Note: Standard errors are clustered at the user level and shown in parentheses. Mean estimates
for model capabilities (and the constant) are obtained via GLS regression of LLM FEs on model
capabilities; their standard errors are GLS standard errors computed using the full covariance ma-
triz of the estimated LLM FEs. Specification (1) includes topic dummies and interactions of all
variables with the topic dummies. Specifications (2) and (3) include interactions of all variables
with each prompt-level PLS score. The reference topic category is Other/Multimedia, and the refer-
ence categories for the tone dummies are neutral sentiment and neutral hedging. Additional controls
not reported: dummy for whether the model appears on the right (model B), and fized effects and
random coefficients on indicators for LLMs in the other categories (i.e., not belonging to the top 7

providers).
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(2) and (3) correspond to the “average” prompt (i.e., the PLS scores are centered).

Across all specifications, consumer utility from a response increases with benchmark
performance, as captured by the intelligence and knowledge index.?! This indicates that
consumer preferences for LLM responses are strongly aligned with an LLM’s benchmark
performance. Utility from a response is only weakly responsive to an LLM’s context window
size. This weak effect is expected, as most LMArena conversations are single-turn, rendering
the context window size non-binding in practice. Conditional on benchmark scores, reasoning
models are on average less preferred, likely reflecting their slower response speed.

Most formatting features—such as use of lists, bold text, and structured elements like
tables—have a positive mean effect on the utility from a response. Longer responses are
also preferred by users, all else equal. Note, however, that because the accuracy and com-
pleteness of individual responses are not directly observed, the response length may capture
both a taste for verbosity and correlated dimensions of response quality. For example, a
comprehensive answer to a complex query may require more tokens than a superficial one.
The estimated coefficient on response length should thus be interpreted as a reduced-form
valuation of verbosity and any completeness or accuracy associated with longer outputs.

Turning to readability and tone, users prefer responses with positive relative to neutral
sentiment, and systematically dislike negative sentiment in responses. Assertive and tentative
responses are also penalized relative to neutral; in specifications (2) and (3), the disutility
from tentative hedging is more than four times larger than that from assertive hedging.
However, as shown next, these mean effects mask substantial variation across prompts and
topics.

I construct the deterministic component of user tastes accounting for heterogeneity across
prompts: S8+ B'h(E,) for response-level characteristics, and 8 + SF'h(E,) for model-level
characteristics. The function h(E,) corresponds to topic indicators under specification (1)
and PLS scores under specification (2) and (3). Figures 5, 6, and 7 plot the distribution
of prompt-specific coefficients, under specification (3), for a subset of variables, across all
prompts in the data grouped by topic. A central finding is that many variables exhibit
sign variation across and within topics, indicating that the utility derived from a given
feature is highly use-case dependent. For instance, Figure 7 shows that the SMOG index—a
proxy for linguistic complexity—is positively valued in technical tasks like math and coding,
but negatively associated with utility in most practical guidance prompts. A few features,

however, show consistent directional effects across topics. Intelligence benchmark scores and

21 Although the mean effect of the coding index is statistically insignificant in Specification (3), its inter-
action with PLS scores is statistically significant as shown in Figure 5, highlighting its importance only for
a subset of use cases.
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response length are uniformly positive, while tentative tone tends to reduce utility regardless
of the domain.

The distribution of coefficients also reveals important tradeoffs. Figure 5 shows that the
knowledge index (average of MMLU-Pro, HLE, GPQA Diamond) is positively valued across
all prompts. In contrast, the utility from higher coding index (average of LiveCodeBench,
SciCode) depends on the task: a higher score is beneficial for math and coding prompts,
but negatively associated with utility in at least half of writing, casual conversation, and
information-seeking prompts. This pattern suggests that gains in coding ability may come
at the cost of fluency or alignment in non-technical domains.

Formatting features also exhibit nuanced effects. The use of tables (Figure 6) is especially
useful for information-seeking and practical guidance queries, but provide limited benefit—or
even reduce utility—in writing tasks. Bold text, by contrast, appears most effective in high-
lighting key elements in math and information-seeking conversations, but is largely neutral
elsewhere. Finally, sentiment effects vary by topic: users generally prefer responses with
positive tone, though the effect is muted or slightly negative in coding-related prompts.

Broadly, the interaction terms with topic dummies (specification (1)) are well aligned
with the average taste parameters (across prompts within a given topic) obtained under
specification (2) and (3). For instance, Appendix Figure A7 shows that the use of tables is
particularly valued in information-seeking and practical guidance prompts, consistent with
the average taste parameter for this topic in Figure 6.

A comparison of the standard deviations shown in Table 4 (random coefficients ) with
the standard deviation of prompt-specific coefficients shown in Figures 5-7 reveals that
heterogeneity in taste parameters across prompts exceeds heterogeneity across consumers for
model capabilities (intelligence, coding, knowledge indexes). This implies that users broadly
agree on the value of core capabilities like reasoning, coding, and knowledge, but that their
relative importance varies considerably across use cases. The opposite holds for formatting,
readability, and tone: consumer-level variation dominates, suggesting that preferences for
presentation style and linguistic framing are more idiosyncratic.

To compare the relative magnitudes of the estimated coefficients, I simulate a hypothetical
scenario in which two identical models are compared head-to-head in a battle. In this
hypothetical setting, I increase one model- or response-level characteristic by a single unit
for one of the two models, while holding all other attributes fixed. Appendix Figure A8
reports the resulting change in win probability, averaged across prompts and broken down
by topic. Since baseline win probabilities are 50% (identical models), the estimates capture
the percentage point gain (or loss) associated with each characteristic relative to 50%.

The results confirm several patterns documented earlier. Formatting features, such as
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bold text, tables, and list structures, yield the largest gains in information-seeking and
practical guidance contexts, and to a lesser extent in math. Response length improves win
probability the most for writing, casual conversation, information-seeking, and practical
guidance queries. For information seeking conversations, a one standard deviation increase
in response length (about 1,200 tokens) raises the win probability by 13pp whereas a 10pp
increase in the knowledge index increases this probability by 8pp.

Model capabilities show more domain-specific effects. Notably, the coding index improves
win probability for math and coding prompts but has negative marginal effects in other
domains such as writing and casual conversation. This divergence indicates that, whereas
model improvements in benchmarks may enhance performance for specific tasks, they can
reduce performance elsewhere.

Model fit. The use of random coefficients and interactions with PLS scores improves
the fit significantly relative to a specification with only LLM fixed effects. Adding random
coefficients lowers the AIC from 169,913 to 166,156. Further incorporating interaction terms
with PLS scores (specification (2)) yields the best overall fit, with the lowest AIC of 163,843
and the highest out-of-sample log-likelihood of —9,072. In comparison, a similar model using
interactions with the first three principal components obtained from PCA of the embedding
matrix, instead of PLS scores, performs slightly worse, with an AIC of 165,174 and an
out-of-sample log-likelihood of —9, 141.

The PLS specification captures greater heterogeneity in preferences across prompts and
topics (the terms B+ BfYL(E,) and 8F + 8F'h(E,) shown in Figures 5, 6, and 7) compared
to PCA. The latter yields distribution of coefficients that are more compressed. For instance,
the distribution of the coefficient on the Knowledge index exhibits a coefficient of variation
(across use cases) of 29.5% under PLS versus 13.4% under PCA, suggesting that there is
more than twice as much dispersion in the marginal utility from model intelligence across
use cases under PLS than PCA.

Specification (2) lowers the AIC relative to the topic-interaction specification (1), from
164,484 to 163,843, while using 48 fewer parameters. The topic specification remains econom-
ically informative because it yields readily interpretable patterns across use cases; however,
its inferior fit despite a larger number of parameters suggests that the PLS specification
captures preference heterogeneity more effectively.

Robustness checks. In Appendix C, I test the robustness of the estimates in several
ways. First, I consider the role of latency, by controlling for a measure of end-to-end response
time (at the LLM-level) and analyze the trade-off between intelligence and latency. Second,
I verify whether increasing the number of PLS latent components in h(E,) beyond three

has an impact on the distribution of parameters. Third, I relax the normalization of the
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outside option (“both responses bad”) utility by allowing it to vary over time. Fourth, I
estimate the discrete choice model that accounts for ties (presented in Appendix B). Finally,
I consider the stability of the parameters when increasing the number of simulations draws
used to approximate the likelihood function; and I compute bootstrap standard errors to
account for uncertainty in the PLS mapping. The baseline results are quantitatively similar
and robust to these extensions. Appendix A.2 considers alternative classification approaches
for the tone variables (sentiment and hedging) to deal with issues of measurement error in

these ML-generated regressors.

6 Counterfactual Analysis

This section develops a structural model of LLM demand to analyze subtitution patterns
across products and providers. I embed response-level utility estimates from LMArena into
a discrete choice demand model over LLMs in the actual consumer market. Under two
polar assumptions about user behavior (prompt-level multi-homing and single-homing), I
compute demand shares for each LLM and provider and simulate diversion ratios from coun-
terfactual changes in model intelligence. The analysis highlights the importance of consumer
multi-homing and heterogeneity in use cases (technical vs. non-technical queries) in shaping

substitution patterns.

6.1 A Demand Model for LLMs

The central premise of the demand model is that consumers select LLMs based on the
expected utility they derive from model responses to their prompts. In period ¢, let 7; denote
the set of LLMs available in the market, where each LLM is associated with a provider (e.g.,
Google, OpenAl) and characterized by observable attributes X,,. For example, in July 2025,
J: includes models such as Gemini 2.5 Flash and Pro (Google) and Claude Sonnet 4 and
Opus 4 (Anthropic). Let J, = {J:}er denote the partition of available LLMs in period ¢
across firms f € F, where Jy C J; is the portfolio offered by firm f.

An important modeling choice concerns the extent to which consumers multi-home—i.e.,
use multiple LLMs and providers across queries. In practice, some users may switch models
on a prompt-by-prompt basis, while others may remain committed to a single provider. To
capture this heterogeneity, I consider two polar cases for aggregating response-level utilities.
In the first case, prompt-level multi-homing, users select the utility-maximizing LLM for each
individual query. In the second case, single-homing, users commit to a single provider across
all queries and select the provider whose portfolio of LLMs delivers the highest expected
utility over the user’s prompt distribution. These two extremes correspond to two natural

benchmarks.
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I derive the demand shares for each product m and firm f under each scenario. The
model cannot quantify substitution from the outside option (i.e., not using LLMs) to the
inside goods, which is not identified from the LM Arena choice data. The analysis is therefore
restricted to the market of users who choose among LLMs.

In the remainder of this section, I rewrite the utility function (Equation (1)) as:
Uipm = 5ipm + €ipm - (8)

Each user ¢ is characterized by a taste parameter vector v; (constant across prompts) and
is endowed with a unit mass of prompts. As defined in Section 4, the embedding E, € P
of each prompt is drawn from the user-specific probability measure F;, where F;(P) = 1.
Let H(v;, F;) denote the population distribution of user tastes and prompt distributions.
Prompt-level multi-homing. The share of user i’s prompts addressed to a given LLM m

is given by

exp( lpm) A
Qth Vza z /Z dFZ<EP> (9)

m'eJ: exp zpm’)

Aggregating across users, the share of prompts addressed to a given LLM m is given by
Demand share for model m: ¢ = /qimt(ui, F))dH (v;, F;) (10)
Finally, the share of prompts addressed to firm f is given by

Demand share for firm f:  qp = Z Gmit (11)

meJ

Single-homing. Under single-homing, each user selects a single provider to handle all
prompts. This provider choice is made before the realization of prompts and their prompt-
specific idiosyncratic utility shocks (€ ). After a prompt and the associated shocks are
realized, the user selects the utility-maximizing model from the chosen provider’s portfolio.
Accordingly, for each user ¢ and prompt p, the expected utility from selecting firm f is given

by the logit inclusive value over LLMs in Jp:

Uips = Ec | max {5z-pm+6ipm}} =lIn | > exp(dim) | +7 (12)

meJ

where v is the Euler constant. Aggregating over prompts using user ¢’s prompt distribu-
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tion F;(E,) gives the expected utility of choosing firm f:
Expected utility of user i if choosing firm f:  U;; = /Uipf dF;(E,) (13)

Each user selects the firm that delivers the highest expected utility (inclusive value) across
their prompt distribution. Therefore, the share of prompts (and equivalently users) addressed

to firm f is given by??
Demand share for firm f:  qp = /]l{Uif = max Uip ydH (v, F;). (14)
Z=

For a model m in firm f’s portfolio, demand comes only from users who select firm f.
Conditional on selecting firm f, user ¢ assigns prompt p to model m with the within-firm

logit probability. The demand share for model m of firm f is given by

Gt = //11 {Uif :maXUZ-f/} XPOm) 5B Y dH (1, F). (15)
f'eF > mres, €XP(Oipm)

Beliefs about response-level characteristics X,,,. In the LMArena platform, users

evaluate responses after observing them; however, in real-world applications, users must

select an LLM before observing its output. This distinction raises the question of how to

evaluate utility terms d;,,, that depend on response-level characteristics X,,,, which are not

known at the time of choice.?

To address the unobservability of X, at choice time, I assume users have rational ex-
pectations and evaluate LLMs based on the expected utility conditional on the LLM m
and the topic category c of the prompt—where the expectation is taken over X,,,. That is,
when constructing the 0;p,, terms entering demand shares and inclusive values, I replace X,,,
with E[X,,|m,c|, where ¢ € C is the topic category of prompt p. This captures the idea
that users expect, for example, that Claude models tend to use more complex syntax on
writing prompts, or that Google and OpenAl models produce warmer or more enthusiastic
responses on practical guidance queries. Because prompts are randomly assigned to models

in LMArena, I can obtain unbiased estimates of these conditional expectations by regressing

22Because each user generates the same mass of prompts, normalized to one, firm f’s share of users equals
its share of prompts. Conditional on type (v;, F;), provider choice is deterministic: there is no additional
firm-level taste shock. Ties occur only on a set of user types with measure zero under H (as long as firm
portfolios are differentiated).

23] assume that users observe model-level characteristics X,,, when choosing a model. For example, users
are aware that Claude 4 Sonnet performs better on benchmarks than Claude 3.7 Sonnet, that o3 is a reasoning
model, or that Gemini 2.5 Pro has a larger context window size than similar models. These characteristics
are known by consumers without the need to observe model outputs.
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Xpm on LLM fixed effects and topic category indicators.

Distribution of user prompts F;. To operationalize the computation of demand shares, it
is necessary to specify the distribution of prompt embeddings F;. I calibrate this distribution
using the empirical distribution of conversation topics on ChatGPT reported in Chatterji
et al. (2025) (Figure 9). The latter paper uses internal data from OpenAl on approximately
1.1 million conversations from May 2024 through June 2025. The reported shares by topic
category are: Casual Conversational (4.3%), Coding (4.6%), Information Seeking (21.3%),
Math (3.0%), Practical Guidance (28.3%), and Writing (28.1%). I omit the “Other” and
“Multimedia” topic categories from the analysis, as my focus is restricted to text-based
interactions, and rescale the remaining six topics’ shares to sum to one.

I assume that all users draw prompts from a common distribution F; = F' over prompt
embeddings. Specifically, prompts are drawn in two stages. First, I draw a topic category ¢ €
C according to the empirical topic shares described above. Then, conditional on category c,
I draw a prompt embedding E, from the empirical distribution 2 (- | ¢) estimated from
the LMArena data. This sampling procedure ensures that the distribution of prompts used
in the counterfactual simulations closely mirrors the real-world distribution of conversation
topics on ChatGPT.

While the assumption of a common F' simplifies the analysis, it is made for convenience
and can be relaxed using external data on user-level heterogeneity in prompt distributions.
Diversion ratios. The main objects of interest in the counterfactual analysis are diversion
ratios, which summarize the substitution patterns identified by the choice model. For a
focal LLM m and an alternative k, the diversion ratio D,,; measures the fraction of demand
lost by m, following an adverse change in its attributes, that reallocates to k. These ratios
reveal the closeness of competition among differentiated products and, together with prod-
uct ownership, whether lost demand remains within a provider’s portfolio or flows to rival
providers; accordingly, they are a central demand-side input into analyses of competition
between multi-product firms.

Diversion ratios are typically measured following a price increase or product removal.
Because prices are absent in the LMArena choice data, I cannot recover price-based diver-
sion ratios. I instead examine diversion induced by a ceteris paribus degradation in model
intelligence, an important dimension of competition in this market. Conlon and Mortimer
(2021) show that a change in a nonprice product characteristic can be used to construct a
local average diversion ratio provided that the characteristic shifts the focal product’s utility
in the same direction for every consumer. In the present setting, this monotonicity condition

requires the marginal utility of intelligence, 3/ (p), to be positive for every consumer-prompt
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pair, which I verify for the intelligence index.?*

Given a choice set J;, with corresponding model-level characteristics {X,,}mes and
response-level expectations {E[X,, | m, ¢p]}mes, cpec, let b € {M, S} index the prompt-level
multi-homing and single-homing regimes. I first simulate baseline utilities and the resulting
model shares ¢, by drawing from the distribution of prompt embeddings E, and consumer
taste heterogeneity v;. I then consider each model m in turn and reduce only its intelligence
index [,,, by Al < 0, holding fixed the choice set, all other model characteristics, response-
level expectations, and simulation draws. Let 3!(p) denote user i’s prompt-specific marginal
utility from the intelligence index. The counterfactual mean utility of the focal model for
user ¢ and prompt p is

55;})1; = Oipm + ﬁ{(p)A]. (16)

Let q,};;m(A[ ) denote the counterfactual share of model & when model m is degraded, under
homing regime h. For k # m, I define the diversion ratio as

h,m h
AT —
qll:t ( hzn qkt7 k4 m, (17)

Gt — Gt (AT)

> Dh(AD =1 (18)

keJi\{m}

Dfnk(AI) =

The numerator is the change in the destination model’s share, while the denominator is the
focal model’s share loss.

The interpretation of the destination-specific effects differs across homing regimes. Under
prompt-level multi-homing, degrading model m lowers only its prompt-level choice proba-
bility, so every remaining model weakly gains share and the diversion ratios are nonnega-
tive. Under single-homing, reducing model m’s intelligence also lowers the inclusive value
of its provider’s portfolio and may cause some users to select a different provider. Demand
can therefore fall not only for the focal model but also for un-shocked models in the same
portfolio when users leave the provider altogether. Consequently, the diversion ratio for a
same-provider model (i.e., Anthropic’s Claude Sonnet, if the focal model is Claude Opus)
can be negative, while diversion to rival providers can collectively exceed one.

For the empirical exercise, I focus on OpenAl, Google, and Anthropic, three leading
providers in the North American consumer LLM market in 2025. To make provider portfolios
comparable and prevent differences in the number of included models from mechanically

raising a provider’s inclusive value, I include two models from each provider: one versatile

240ne could analogously study subtitution patterns from improvements in model intelligence; I focus on
degradations because they preserve the conventional interpretation of diversion ratios as apportioning a focal
model’s lost demand across competitors.
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“generalist” model and one higher-capability model intended for more demanding tasks:
ChatGPT-40 and 03 from OpenAl, Gemini 2.5 Flash and Gemini 2.5 Pro from Google, and
Claude Sonnet 4 and Claude Opus 4 from Anthropic. This common two-model structure
isolates substitution patterns from differences in portfolio size and facilitates comparisons of
within-provider and across-provider diversion. I reduce each focal model’s intelligence score
by 10 points on its original 0-100 scale, holding all other attributes fixed. For example, the
shock lowers Claude Opus 4 from 64.4 to 54.4, approximately the observed intelligence score

of Claude Sonnet 4 (53.0). The counterfactual simulations use specification (2) of Table 4.2°

6.2 Counterfactual simulations

Figure 8 reports diversion ratios following a 10-point reduction in each model’s intelligence
index.?® Under prompt-level multi-homing (top panel), each model loses approximately 21—
25% of its baseline demand. Substitution is particularly strong within Google’s portfolio:
Gemini 2.5 Pro absorbs 38% of Flash’s lost demand, while Flash absorbs 35% of Pro’s.
Across providers, Google and OpenAl are the main destinations for each other’s lost de-
mand. OpenAl receives approximately 41-42% of the demand lost by either Google model,
compared with 21-23% for Anthropic; conversely, Google receives 48-50% of the demand
lost by either OpenAl model, compared with 23-27% for Anthropic. Thus, substitution is
substantial within Google’s portfolio, and diversion across providers suggests that Google
and OpenAl models are closer substitutes for one another than for Anthropic models.
Under single-homing (bottom panel), portfolio choice changes both baseline demand and
the response to a model’s degradation. Anthropic’s combined baseline demand share falls
from 19.3% under multi-homing to 8.8%, indicating that its portfolio is less often preferred
when consumers select one provider for all their queries. Degrading either Claude model also
reduces demand for the unchanged model: consumer switching to rival providers outweighs
substitution within Anthropic’s portfolio, so its total share loss is 1.33-1.47 times the focal
model’s loss. OpenAl (and, in particular, its high-capability model 03) absorbs most of
this lost demand. OpenAl also exhibits negative diversion for its unchanged model, but the
additional loss is smaller, at approximately 8-9% of the focal model’s loss. Google, by con-
trast, retains 14-18% of its focal model’s lost demand through its other model. Substitution
between Google and OpenAl becomes more pronounced: OpenAl absorbs about 68-69% of
either Google model’s lost demand, while Google absorbs 75-82% of either OpenAl model’s

25Constructing diversion ratios from changes in the coding index used in specification (3) of Table 4 is
problematic because the marginal utility from this index may be positive or negative across user-prompt
pairs (see Figure 5).

26Predicted market shares do not necessarily match reported market shares in the consumer LLM market,
given the data used for estimation is from LMArena, although they are directionally consistent, e.g., if one
also accounts for the use of Gemini in information-seeking tasks (via Google’s Al mode).
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loss. These results indicate that within-provider substitution can limit a provider’s aggregate
share loss following a model’s quality decline, while consumer switching to rival providers
can also reduce demand for its unchanged models.

Next, I examine how substitution patterns vary with the distribution of prompts. I vary
the share of technical prompts (coding and math), denoted 7, from zero to one, preserving
the relative topic weights within the technical and nontechnical groups. That is, I consider

a prompt distribution given by?’
FT = Tﬂechnical + (1 — 7-)}71nor11:<echniczml- (19>

Figure 9 reports diversion following a 10-point reduction in the intelligence index for Ope-
nAl’s 03 or Google’s Gemini 2.5 Pro at each task mix (value of 7). Under prompt-level
multi-homing, Anthropic absorbs an increasing proportion of either focal model’s lost de-
mand as technical prompts receive greater weight. Diversion to Claude Opus rises from
16.6% to 19.4% for 03 and from 14.0% to 16.6% for Gemini 2.5 Pro as 7 increases from zero
to one; diversion to Sonnet also increases, though by less.

The shift toward Anthropic is more pronounced under single-homing. Between the two
endpoints for 7, Anthropic’s combined diversion rises from 31.9% to 45.1% for 03 and from
16.7% to 25.3% for Gemini 2.5 Pro, with Claude Opus accounting for most of each in-
crease. Task composition also affects substitution within a provider’s portfolio: diversion
from Gemini 2.5 Pro to Flash falls from 14.0% to 8.6%, so Google retains a smaller pro-
portion of Gemini 2.5 Pro’s lost demand as technical prompts become more prevalent. This
is consistent with the fact that for technical prompts, high-capability models (03, Gemini
2.5 Pro, and Claude Opus) are more preferred by consumers. The increasing diversion to
Anthropic indicates that its models, particularly Claude Opus, become closer substitutes for
the two focal models as the technical-prompt share rises.

Overall, substitution among LLMs depends on how consumers allocate queries across
providers and on the distribution of use cases. The extent of multi-homing determines
whether consumers substitute at the model level or at the provider level, and therefore
whether a quality decline is absorbed within a firm’s portfolio or leads to switching toward
rivals. Under single-homing, this switching can also reduce demand for the firm’s remaining
products. The mix of tasks further affects the closeness of products: a larger share of

technical prompts increases substitution among high-capability models.

*TFor each group g, F, = Zcecg ﬁﬁ( | ¢), where s, is share of topic ¢ reported in Chatterji
ecy Se

et al. (2025) and F(- | ¢) is the empirical distribution of LMArena prompt embeddings conditional on that
topic. The technical group contains coding and math; the nontechnical group contains casual conversation,
information seeking, practical guidance, and writing,.
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Figure 8: Diversion matrices from a degradation in the intelligence index
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the distribution reported in Chatterji et al. (2025). Diversion ratios are expressed as percentages of the focal
model’s share loss.
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In Appendix D.1, I conduct robustness checks to address the potential bias in the coun-
terfactual objects from mispecification of demand due to the use of ML-generated proxy
variables (e.g., response tone variables such as sentiment and hedging). In Appendix D.2, I
leverage the demand model to compute the consumer welfare gains between the July 2024
and July 2025 choice sets. Surplus increases by 38% under prompt-level multi-homing and
by 54% under single-homing, a range consistent with survey evidence in Brynjolfsson et al.
(2026).

7 Conclusion

This paper develops a framework for analyzing consumer demand for LLMs. Using novel
revealed-preference data from LMArena, an LLM evaluation platform, I estimate a structural
demand model that maps prompt-specific preferences over responses to utilities over LLMs.
The model provides estimates of substitution patterns that are key ingredients to quantify
the nature of competition in this market. It also provides a granular view of how product
features translate into consumer choice.

The estimated model reveals that preferences for LLMs are heterogeneous both across
tasks and across users, with the former heterogeneity being more important for model capa-
bilities such as intelligence, and the latter being more important for response style—that is,
how models structure and convey information to users. Preferences are broadly consistent
with benchmark performance, especially for technical tasks such as coding and mathematics.
However, in non-technical domains, horizontal product attributes play a significant role in
shaping demand. Simulations of diversion ratios from counterfactual degradation of model
intelligence highlight the role of multi-homing and the distribution of use cases in determining
which products and providers are close substitutes.

While the LMArena setting offers a unique window into preferences over LLMs, it ab-
stracts from several real-world aspects of the market. Notably, the framework does not
account for switching costs and firm-level complementarities (i.e., integration of LLMs into
broader ecosystems). Despite these limitations and the rapid evolution of product character-
istics in this market, the framework provides a foundation on which to build richer models
of consumer demand: it offers tools to decompose preference heterogeneity across tasks and
users, characterize product differentiation, and simulate substitution patterns among com-

peting models.
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Online Appendix to “Estimating Consumer Preferences
for LLMs: Evidence from LMArena”

A Details on the Classification Approach

A.1 Baseline Classification Approach

This appendix describes the classification procedures used to assign conversation topics and
evaluate the tone of LLM responses along two dimensions: sentiment and hedging. All
classifications are performed using the openai/gpt-oss-20b model.

Model Description. openai/gpt-oss-20b is a high-performance open-weight language
model released by OpenAl in August 2025 under the Apache 2.0 license. It was trained
using a mix of reinforcement learning and techniques informed by OpenAl’s advanced internal
systems, including o3 and other frontier models. The model delivers results comparable to
03-mini on standard benchmarks. Its combination of strong reasoning performance and
low deployment cost makes it suitable for large-scale classification tasks. This is particularly
relevant for classifying LLM responses, which is more computationally costly than classifying
user prompts due to their substantially higher token counts.

Classification procedure. For topic classification, the LLM receives each user-submitted
prompts.!  For tone classification (sentiment and hedging), the model is instead fed the
text of the LLM-generated responses. In each case, classification is conducted by passing the
relevant text into gpt-oss-20b along with task-specific instructions. To ensure deterministic
output, all classification runs are performed with a temperature of zero.

System Prompts. The system prompts used to instruct the model in each classification

task are provided at the links below:

e topic_classification_prompt.txt
e sentiment_classification_prompt.txt

e hedging classification_prompt.txt

Each file contains the full system prompt and classification schema used in that task.

A.2 Measurement Error in LLM-Derived Features

Sentiment and hedging are categorical measurements produced by applying a fixed LLM and

classification prompt to each response. If these classifications differ from those that would be

'For multi-turn conversations, I concatenate all user-submitted prompts into a single input.


https://elhadicaoui.github.io/files/prompts/upload_classification_topic.txt
https://elhadicaoui.github.io/files/prompts/upload_classification_sentiment.txt
https://elhadicaoui.github.io/files/prompts/upload_classification_hedging.txt

assigned under a trusted annotation (“ground-truth”) protocol, the corresponding variables
enter the demand system with measurement error. Treating the classifications as error-free
can bias the estimated coefficients on tone and on other correlated response attributes; the
bias need not be an attenuation bias because the measurement error may be non-classical.

Recent work on the use of ML-generated variables in estimation takes two broad, over-
lapping approaches to address the measurement error problem. A first group of papers
uses ground-truth annotations from a validation sample to correct the discrepancy between
downstream estimating objects computed with ML-generated and validated variables: e.g.,
Egami et al. (2023, 2024), Ludwig et al. (2025), Carlson and Dell (2026), and Duan and Pel-
ger (2026). A second group models the classification-error process more directly. Battaglia
et al. (2025) propose analytical bias corrections based on estimable classification-error quan-
tities and, alternatively, a parametric likelihood that jointly estimates the downstream re-
gression and the relationship between the unobserved true label and the classifier’s label.
The takeway from these approaches is that measurement-error correction generally requires
either validation data or stronger assumptions that identify the relevant classification-error
process.

Implementing these corrections in my setting would require either obtaining a human-
annotated validation sample drawn from the estimation population or imposing strong para-
metric assumptions that identify the relevant classification-error probabilities. Instead, I
assess how sensitive the estimates are to two alternative constructions of sentiment and
hedging. This exercise addresses the narrower question of whether the estimates depend
on the particular procedure used to construct sentiment and hedging, by re-estimating the
model using alternative classification approaches.

The first alternative changes the LLM used for classification while holding the annotation
task fixed. I reclassify every response using google/gemini-3.1-flash rather than the
baseline openai/gpt-oss-20b. The alternative model receives the same instructions as in
the baseline procedure and returns the categorical classifications at temperature zero with a
fixed seed.

The second alternative replaces LLM judgment with deterministic, lexicon-based mea-
sures. For sentiment, I use sentimentr, an R package for dictionary-based sentiment anal-
ysis, to score polarized terms while accounting for nearby negators, intensifiers, and adver-
sative language (e.g., “but”, “however”, “nevertheless”). I aggregate the resulting sentence-
level evaluations into a response-level score, and use the standardized score in lieu of the
categorical sentiment labels when estimating demand. For hedging, I use an explicit dictio-
nary of linguistic markers of epistemic uncertainty, including direct expressions of uncertainty

(e.g., “I'm not sure” and “I can’t guarantee” ), modal or probabilistic language (e.g., “might,”



“possibly,” and “could indicate”), and scope qualifications (e.g., “appears,” “the evidence
suggests,” “it depends,” and “in some cases”). I normalize the number of uncertainty markers
by response length and standardize the resulting score, which enters the alternative demand
specification as a continuous measure. A higher sentiment score indicates more positive
language, whereas a higher hedging score corresponds to more tentative language.

The alternative measurements exhibit meaningful but incomplete alignment with the
baseline classifications. The sentiment and hedging labels produced by gemini-3.1-flash
agree with those from gpt-oss-20b in 89.32% and 68.45% of responses, respectively. The
lexicon-based scores also vary in the expected direction across the baseline categories: me-
dian sentiment scores increase from negative to neutral to positive-labeled responses, while
responses labeled tentative have (significantly) higher hedging scores than those labeled as-
sertive or neutral.

I re-estimate specification (2) in Table 4, using the alternative specifications for the senti-
ment and hedging variables. The results are shown in Appendix Table A5, where specification
(1) reproduces the baseline estimates. Specification (2) in Table A5 replaces the baseline
sentiment and hedging indicators with indicators constructed using gemini-3.1-flash as
judge, whereas specification (3) replaces them with the standardized continuous sentiment
and hedging scores. Because the categorical and continuous measures have different units,
their tone coefficients are not directly comparable in magnitude. The estimates are qual-
itatively similar across the three specifications, with especially close agreement between
the two LLM-based classifications. Under the lexicon-based measures, the coefficients have
the expected signs—more positive responses are preferred and more tentative responses are
penalized—but are not statistically significant. This lack of precision is not necessarily sur-

prising, given that the lexicon-based scores are relatively coarse measures.

B Modeling Ties in LM Arena Battles

In the main text, outcomes are restricted to strict preferences between models or selection
of the outside option (“both responses bad”). Here, I outline an extension of the baseline
framework that accommodates ties.

A natural way to model ties is to introduce an indifference threshold in the spirit of Rao
and Kupper (1967). The key idea is that utility differences below a fixed threshold are not

salient and therefore result in a tie. Let > 0 denote this threshold parameter. The outcome



o of a battle is then determined by

(

ma it Uipm, — Uipmy > 1 and Uspp . > Uipo,
mpg if Uipmp — Uipm, > 1 and Usppmy, > Uspo,
0=
0 if Uipm, < Uipo and Uspp, < Uipo,
\{mA,mB} if (Uipm, > Uipo OF Uipmy > Uipo) and |Uipm, — Uipmp| < 7.

where 0 = {ma, mp} corresponds to a tied battle. Under this specification, ties arise
when at least one response exceeds the outside-option utility, but the difference in utilities
between the two responses lies within the indifference band defined by 7. This approach
provides a structural interpretation of ties as reflecting near-equality in latent utilities.

Rewriting utility as Uipm = ipm + €ipm, the following proposition gives closed-form ex-

pressions for the choice probabilities of the four battle outcomes.

Proposition 1. Let § = exp(n) > 1. Conditional on v;, the choice probabilities are

Plo=0]p,{ma,mp},vi) = 1+ eéipmj + edirmp’ o
edivm 4

Plo=ma | p,{ma, mp},v;) = 1+ edirma 4 @ edirmp’ .

Plo=mg | p,{ma,mp},v;) = o 2

1+ @ Prma + edirmp’
P(o={ma,mp} | p.{ma,mp},vi) =1-Plo=0]-) = Plo=ma|-) = Plo=msp|).
(23)

Proof. The outcome o = () occurs when Uy, < Uipo and Uipm, < Uipo, 1.€., Uy >

max(Uipm ,, Uipmy; ). By the multinomial logit formula,

1
1+ elivma + divmp”

P(o=10)

The outcome o = my requires Uiy, > Uipm, + 0 and Uipp,,, > Uipo. Define (Eme =
Uipmg + 1 = (Oipmp + 1) + Eipmy- Since Uime is also Gumbel with location 0, + 71, the
probability becomes

edirm 4 edirm 4

P(O - mA) - eéiPMA + 652‘me+” +1 - 14+ eéipmA +6 eéime '




The choice probability for o = mp follows by symmetry. The probability of a tie is
determined by subtracting the other three probabilities from one. [J

The choice probabilities above can be used to form the likelihood of outcomes in the data.
Demand estimates based on this extension, with the additional parameter 6, are presented

in Appendix C.

C Robustness Checks: Estimation

This appendix considers several extensions to the baseline estimation approach. Specification
(2) in Table 4 is used as baseline.
Controlling for response time. As a first robustness check, I consider the trade-off
consumers face between model intelligence and response speed. Reasoning models tend to
perform better on complex tasks because they generate intermediate reasoning tokens before
producing an answer, but this process also increases response time. Because LMArena does
not report the time taken by each model to generate a response, I use model-level estimates
from Artificial Analysis. The measure is the estimated end-to-end time, in seconds, required
to generate a 500-token answer. It includes the time required to process the prompt, generate
reasoning tokens (if any), and produce the answer tokens.?

I re-estimate baseline specification (2) from Table 4 after adding end-to-end response time
(in seconds). Because the reasoning-model indicator is highly collinear with response time,
including both variables leads to multicollinearity; I therefore omit the reasoning indicator
from the specification reported in column (1) of Table Al. The estimated mean coefficient
on response time is —0.00322 (SE = 0.000654), indicating that longer response times reduce
consumer utility from a response. The estimated standard deviation of the random coefficient
is 0.0141 (SE = 0.00348), revealing substantial heterogeneity in consumers’ sensitivity to
latency.

To quantify the trade-off between performance and latency, I compare the mean response-
time coefficient with the coefficient on the intelligence index. At the mean coefficients, a 1-
percentage-point increase in intelligence (on the 0-100 scale of intelligence index) offsets the

utility loss from approximately 8.68 additional seconds of end-to-end response time.®> More

2 Artificial Analysis constructs, for each model, end-to-end response time as

Average Reasoning Tokens 500

End-to-End Response Time = Input Processing Time+ Reasoning Output Speed | Answer Output Speed
Reasoning- and answer-token output speeds are computed from repeated API test runs, each of which
applies a newly generated prompt specifying a task such as summarization, question answering, comparative
analysis, translation, coding, etc. The average reasoning-token count is computed separately using a diverse
set of test prompts.

3Because the intelligence index coefficient reported in the table corresponds to a 10-percentage-point



concretely, users are willing to trade off 1.5 additional minutes of response time in exchange
for a response by Claude Opus 4 rather than Claude Sonnet 4. Finally, I calculate the mean
PLS-adjusted response-time coefficient within each topic category. Sensitivity to latency is
greatest for coding prompts, for which the mean coefficient is —0.00602, and lowest for math
prompts, for which it is —0.00237. This difference suggests that consumers are more willing
to wait for a model to work through a mathematics problem than to generate code.
Number of PLS scores. Second, I increase the number of PLS scores in A(E,) from 3 to
5. The mean estimates are shown in specification (2) of Table Al. The resulting parameter
estimates remain quantitatively similar to the baseline. Moreover, the distribution of prompt-
specific coefficients (shown for a subset of variables in Figures 5, 6, and 7 for the baseline)
is essentially unchanged: the distribution of B+ 8f"L(E,) for response-level characteristics
and B + BF'h(E,) for model-level characteristics, are not materially affected by the inclusion
of additional PLS scores.
Time-varying outside option. Third, I allow the outside-option utility U,y to vary
over time. In the baseline model of Section 4, the mean utility from the outside option is
normalized to zero U,y = €;p0. This restriction may be too strong if user expectations evolve
over time: as frontier model performance improves, the level of utility required for a response
to be judged acceptable may shift, even holding fixed prompt and response characteristics.
I implement this extension by introducing time fixed effects in the outside-option utility.
Let ¢(p) denote the calendar quarter in which prompt p in battle b is evaluated. I specify
Usipo = Ty(p)+€ipo- Specification (3) of Table Al shows that quarter FE are precisely estimated
and increasing over time (relative to 2024-Q2, the reference period), suggesting that responses
need to clear a higher bar over time.* At the same time, the frequency of the “both bad”
outcome declines between 2024 and 2025 (Table 1). Taken together, these patterns imply
that average response utilities Uj,,, are rising over time (from changes in the set of models
tested and improvements in model and response-level attributes) sufficiently to offset a rising
acceptability threshold Uj;,y. The estimated parameters remain broadly aligned with the
baseline estimates.
Accounting for ties. Fourth, I estimate the extension of the model that accounts for ties
in LMArena battles, presented in Appendix B. This model features an additional parameter
71, that defines an indifference band within which the consumer is indifferent between two
good responses, leading to a tie. Specification (4) in Table A1 shows the estimation results.

The threshold parameter 7 is precisely estimated and equals 0.567 (= exp(—0.566)). This

increase in benchmark scores, I divide it by ten for this comparison.

4Because the utility specification conditions on the prompt h(E,), these time fixed effects are not me-
chanically driven by systematic shifts toward more difficult prompts over time (to the extent that the prompt
embedding captures these shifts).



corresponds to 16% of the average utility U, over prompts and models available in July
2025.

Increasing simulation draws. I re-estimate the model progressively increasing the num-
ber of simulation draws used to approximate the likelihood function (Equation (6)) from 250
to 500.° The resulting parameter estimates (not shown) are quantitatively unchanged, indi-
cating that simulation error is negligible at the baseline draw count and that the estimates
(in particular the standard deviations o’s of the random coefficients) are stable with respect
to the numerical approximation of the likelihood.

Accounting for first-stage uncertainty. Several inputs to the demand system are con-
structed through pre-processing steps. Model characteristics are assembled from external
benchmark data, while tone and topic labels and prompt embeddings are generated using
pre-trained language models. Conditional on these fixed inputs and pre-trained models, these
steps do not introduce additional sampling uncertainty from the LMArena sample: a given
response or prompt receives the same classification and embedding when observations are
resampled. By contrast, the mapping from the high-dimensional prompt embeddings to the
PLS scores is estimated using LMArena data and therefore introduces first-stage sampling
uncertainty. The baseline estimation approach does not propagate uncertainty in the esti-
mated PLS mapping to the demand estimates, so the conventional standard errors reported
may underestimate the true uncertainty.

To account for this source of uncertainty, I compute standard errors using 150 bootstrap
replications in which users are resampled and the complete estimation procedure is repeated,
including re-estimation of the PLS mapping, construction of the PLS scores, estimation of
the mixed-logit model, and the GLS estimation of the mean coefficients on model charac-
teristics. This procedure is computationally intensive: each likelihood estimation requires
approximately 30 GB of memory to store the simulation draws and run the optimization
routine, which precludes running the bootstrap replications in parallel. I therefore imple-
ment the bootstrap using a restricted specification with random coefficients on only the
constant, the intelligence index, and response length. Table A2 shows that the bootstrap
standard errors are quantitatively similar to the conventional standard errors for the mean
coefficients and are slightly larger for the standard deviations of the random coefficients.
This suggests that the first-stage PLS derivation does not add substantial uncertainty to the

demand estimates.

5This robustness check is computationally intensive. Increasing the number of simulation draws sub-
stantially raises memory requirements due to the combination of a large number of individuals and high-
dimensional integration (each draw involves an 18-dimensional multivariate normal vector). As a result, this
estimation cannot be run on standard hardware and required a rented virtual machine with 256GB of RAM.



Table Al: Estimation Results: Robustness Checks

(1) (2) (3) (4)
Mean (8) SD (0) Mean (8) SD (o) Mean (8) SD (¢) Mean (8) SD (o)

Model capabilities

Intelligence index 0.280 0.081 0.337 0.089 0.391 0.059 0.311 0.028
(0.010)  (0.016)  (0.010)  (0.017)  (0.011)  (0.021)  (0.008)  (0.019)
Context window -0.028 0.112 -0.018 0.190 -0.025 0.150 -0.023 0.140

(0.014)  (0.080)  (0.012)  (0.059)  (0.012)  (0.059)  (0.008)  (0.028)
Response time (sec) -0.003 0.014
(0.001)  (0.003)
Reasoning model -0.339 0.204 -0.390 0.269 -0.344 0.438
(0.028)  (0.433)  (0.028)  (0.359)  (0.023)  (0.116)
Readability and tone

Flesch reading ease 0.021 0.145 0.034 0.155 0.038 0.199 0.029 0.241
(0.041) (0.071) (0.044) (0.089) (0.043) (0.084) (0.040) (0.081)
SMOG index -0.002 0.188 0.011 0.178 0.012 0.106 -0.006 0.240
(0.016) (0.037) (0.017) (0.045) (0.016) (0.050) (0.014) (0.028)
Sentiment: positive 0.057 0.443 0.043 0.386 0.054 0.484 0.040 0.753
(0.026) (0.121) (0.027) (0.126) (0.026) (0.100) (0.023) (0.062)
Sentiment: negative -0.345 0.349 -0.288 0.003 -0.330 0.232 -0.357 0.686
(0.085) (0.260) (0.085) (0.513) (0.083) (0.359) (0.072) (0.142)
Hedging: assertive -0.048 0.373 -0.042 0.371 -0.043 0.339 -0.021 0.543
(0.017) (0.064) (0.017) (0.066) (0.017) (0.068) (0.014) (0.039)
Hedging: tentative -0.214 0.058 -0.215 0.195 -0.216 0.255 -0.200 0.490
(0.023) (0.161) (0.023) (0.127) (0.023) (0.124) (0.020) (0.065)
Formatting
Response length 0.658 1.067 0.681 1.125 0.678 1.057 0.626 1.122
(0.032) (0.051) (0.034) (0.053) (0.032) (0.052) (0.026) (0.039)
Ordered lists 0.031 0.234 0.053 0.348 0.049 0.341 0.035 0.177
(0.014) (0.045) (0.016) (0.045) (0.015) (0.049) (0.011) (0.034)
Unordered lists 0.051 0.228 0.035 0.234 0.029 0.276 0.021 0.260
(0.022) (0.077) (0.023) (0.089) (0.022) (0.072) (0.018) (0.045)
Markdown headers 0.028 0.436 0.042 0.407 0.036 0.410 0.029 0.192
(0.022) (0.077) (0.022) (0.069) (0.022) (0.073) (0.016) (0.052)
Bold text 0.151 0.750 0.074 0.705 0.100 0.625 0.048 0.390
(0.025) (0.047) (0.026) (0.049) (0.025) (0.056) (0.019) (0.034)
Has emoji 0.106 1.139 0.091 0.911 0.089 1.026 0.068 0.707
(0.037) (0.145) (0.038) (0.162) (0.035) (0.148) (0.028) (0.104)
Has table 0.214 0.932 0.161 0.820 0.209 0.933 0.163 0.707

(0.049) (0.196) (0.050) (0.207) (0.048) (0.202) (0.037) (0.130)
Quarter dummies

2024-Q3 0.192
(0.047)
2025-Q2 0.698
(0.194)
2025-Q3 0.863
(0.197)
Threshold parameter
In(n) -0.566
(0.008)
Observations 85,257 85,257 85,257 102,333
Log-likelihood -81933.9 -81460.4 -81737.3 -127442.0

Note: Standard errors are clustered at the user level and shown in parentheses. Mean estimates for model capabilities (and
the constant) are obtained via GLS regression of LLM FEs on model capabilities; their standard errors are GLS standard
errors computed using the full covariance matriz of the estimated LLM FFEs. All specifications include LLM fized effects,
random coefficients, and interactions of all variables with each prompt-level PLS scores. The reference categories for the
tone dummies are neutral sentiment and neutral hedging. Spec (1): controls for end-to-end response time. Spec (2): 5
PLS components instead of 3. Spec (3): time-varying outside option (quarter dummies). Spec (4): accounts for tied battles.
Additional controls not reported: dummy for whether the modiéappears on the right (model B), and a fized effect and random
coefficient on the indicator of LLMs in the other category (i.€-, not belonging to the top 7 providers).



Table A2: Estimation Results: Bootstrap Standard Errors

Mean () SD ()
Coefficient  Conv. S.E.  Bootstrap S.E.  Coefficient ~ Conv. S.E.  Bootstrap S.E.

Model capabilities

Intelligence index 0.333 (0.009) (0.009) 0.068 (0.014) (0.020)
Context window -0.011 (0.007) (0.008)
Reasoning model -0.370 (0.024) (0.022)

Readability and tone
Flesch reading ease -0.005 (0.032) (0.034)
SMOG index 0.002 (0.013) (0.014)
Sentiment: positive 0.048 (0.022) (0.038)
Sentiment: negative -0.285 (0.073) (0.075)
Hedging: assertive -0.031 (0.015) (0.015)
Hedging: tentative -0.186 (0.020) (0.021)

Formatting
Response length 0.616 (0.027) (0.038) 1.029 (0.040) (0.060)
Ordered lists 0.027 (0.010) (0.011)
Unordered lists 0.013 (0.016) (0.018)
Markdown headers 0.013 (0.015) (0.016)
Bold text 0.019 (0.015) (0.020)
Has emoji 0.074 (0.027) (0.031)
Has table 0.158 (0.035) (0.041)

Observations 85,257

Log-likelihood -81959.8

Bootstrap replications 150

Note: Conventional standard errors do not account for uncertainty from estimating the PLS scores. Bootstrap standard errors
are computed from 150 bootstrap replications (where sampling is at the user level), with the PLS regression re-estimated in each
replication. Mean estimates for model capabilities are obtained via GLS regression of LLM fixzed effects on model capabilities.
The specification includes LLM fized effects, random coefficients on the constant, intelligence index, and response length,
and interactions of all variables with each prompt-level PLS score. The reference categories for the tone dummies are neutral
sentiment and neutral hedging. Additional controls not reported are a dummy for whether the model appears on the right (model
B), and fized effects and random coefficients for LLMs in the other category (i.e., not belonging to the top 7 providers).

D Robustness Checks: Counterfactual Analysis

D.1 Bias Correction for the Diversion Ratios

The counterfactual predictions depend on whether the observed response and model char-
acteristics adequately capture the underlying dimensions of product differentiation. As em-
phasized by Christensen and Compiani (2026), variables extracted from unstructured data
may be imperfect proxies for the attributes that drive consumer choices and substitution
patterns. Treating these proxies as the true attributes can therefore misspecify demand,
affecting counterfactual predictions both directly, through the characteristics entering the
prediction, and indirectly, through the estimated demand parameters.

Christensen and Compiani (2026) propose a post-estimation correction for this source
of bias. Starting from demand estimates that treat the proxies as correctly measured, the
procedure expresses utilities in terms of composite parameters combining product proxies and
preference coefficients. It then evaluates the likelihood score in an expanded parameterization

that relaxes the restrictions imposed by the proxies. Discrepancies between observed and



predicted choices in these additional directions are translated into an adjustment to the
counterfactual of interest. Under regularity conditions, this adjustment removes the first-
order effect of proxy error without requiring the expanded model to be re-estimated.

In the baseline specification, both the PLS scores summarizing prompt content and the
sentiment and hedging classifications of responses may imperfectly represent the underlying
attributes relevant to choice. These variables vary across prompts and responses, whereas the
correction in Christensen and Compiani (2026) is formulated for product-level proxies. To
bring the specification closer to their framework, I replace the PLS scores with topic indica-
tors (as in specification (1) of Table 4) and replace response-level sentiment and hedging with
their averages by model.® The four tone variables—positive sentiment, negative sentiment,
assertive hedging, and tentative hedging—enter through interactions with topic indicators
and random coefficients; their common mean effects are absorbed by model fixed effects. I
re-estimate this specification, treating the remaining controls as correctly measured. The
exercise thus focuses on misspecification of model-level tone dimensions.

The composite parameters combine topic effects and the topic-specific contributions of
model capabilities and tone into model x topic mean-utility effects. The expanded parame-
terization allows these effects to vary freely and relaxes the restrictions that the tone proxies
impose on the covariance of random utilities across models. Because the model x topic ef-
fects absorb the capability interactions, they do not separately identify how utility responds
to a change in the intelligence index. I therefore examine product-removal diversion ratios
rather than the intelligence-degradation experiment in Section 6.2. Product removal can be
evaluated using the existing utilities of the surviving models.

For each model in the six-model July 2025 choice set, I remove that model while holding
the utilities of all surviving models fixed. For a given homing regime, let g2 denote model k’s
baseline demand share and ¢, ™ its share after model m is removed. The product-removal
diversion ratio is 0

rem q —dq

I apply the bias-correction approach in Christensen and Compiani (2026) (Section 3)
to each diversion ratio. The expanded score and information matrix, computed from the
observed estimation sample, determine a common direction of adjustment. I then evaluate
how baseline and removal shares change in that direction and combine these changes using

the derivative of the diversion ratio in Equation (24). Thus, the correction accounts for

6 Allowing latent attributes to vary freely across prompts and responses would introduce observation-
specific unknowns whose number grows with the sample. Accommodating this variation over the continuous
prompt space represented by the PLS scores would require additional restrictions on how latent attributes
depend on prompt content. Topic indicators and model-level tone averages yield a finite collection of model—-
topic utility effects.

10



changes in both the destination’s share gain and the removed model’s baseline share.”

Figure A1 compares uncorrected and bias-corrected product-removal diversion ratios un-
der prompt-level multi-homing. The results are quantitatively and directionally similar
across the two panels. Substitution remains particularly strong within Google’s portfolio:
diversion from Gemini 2.5 Flash to Pro changes from 47.5% to 43.9%, while diversion from
Pro to Flash changes from 44.5% to 38.0%. Google and OpenAl also remain important des-
tinations for each other’s lost demand. For example, Google’s combined share of diversion
from ChatGPT-4o rises from 48.6% to 52.7%, while OpenAI’s combined share of diversion
from Gemini 2.5 Pro changes from 36.6% to 34.5%. Although individual entries change, the
correction preserves these broad patterns of within- and across-provider substitution. The
correction nevertheless produces appreciable changes for Anthropic. The baseline share of
Claude Opus 4 rises from 9.8% to 12.2%, while that of Claude Sonnet 4 falls from 7.7% to
4.8%. These changes suggest that the estimated relative appeal of Anthropic’s models is
sensitive to the restrictions imposed by the tone proxies.®

The bias correction requires reliable derivatives of counterfactual demand shares. Under
single-homing, provider choice involves a hard maximum over inclusive values (Equation
(14)). In a finite simulation, small parameter changes can therefore cause consumers to switch
abruptly between providers, making numerical derivatives sensitive to the consumer draws
and the size of the parameter perturbation. This problem can arise even when population
shares are smooth after integrating over consumer heterogeneity. I therefore report bias-

corrected diversion ratios only for prompt-level multi-homing.

D.2 Welfare Analysis

Consumer surplus can be obtained from the inclusive values used to construct demand shares.
This appendix reports the change in surplus implied by the evolution of the choice set over
the sample period.

Consumer surplus. Under prompt-level multi-homing, the expected utility of user ¢ from

"Let 7 denote the composite parameter evaluated at the restricted estimate, §Athe mean expanded
likelihood score, and H the expanded expected information matrix. Define b = H~1S and 4; = V,q;(7)'b
for baseline or removal scenario s. The corrected diversion ratio is

c—m 0] rem ;0
Q" — i — Dk’ dm

b
4,

Arem  __ pyrem
mk,bc — Dmk =+

where uncorrected shares and ratios are evaluated at 7.

8To assess whether the initial composite parameter estimate is sufficiently close to its population value,
Christensen and Compiani (2026) propose the diagnostic LMy = NS’H~1S. Here, LM; = 1115.73, below
their recommended threshold of x2,4 .95 log N = 10123.93, with N = 65,665. The estimate therefore satisfies
their recommended proximity criterion for applying the correction.
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Figure Al: Product-removal diversion ratios: bias correction
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prompt p, conditional on the choice set J;, is the logit inclusive value over all available LLMs:

+ 7, (25)

Uip = EE gea’% {5zpm + 6z'pm}:| =In [Z exp(éipm)

meJy
where 7 is the Euler constant. Integrating over user i’s prompt distribution F;(E,), and then

over the population distribution H (v;, F;) of tastes and prompt distributions, gives

Aggregate utility for user i:  U; = /Uip dF;(E,), (26)

Aggregate utility across users: — CS(J;) = /Ui dH (v;, F;). (27)

Under single-homing, each user selects a single provider to handle all prompts. The expected
utility of user ¢ from choosing firm f is obtained by integrating the portfolio-level inclusive
value (Equation (12)) over the user’s prompt distribution, and the user selects the provider

delivering the highest expected utility:

Expected utility of user i if choosing firm f: U = /Uipf dF;(E,), (28)
Firm-level choice for user i: U; = max Uif, (29)
€

Aggregate utility across users:  CS(J;) = /Ui dH (v;, F}). (30)

Because the LM Arena data contain no prices, the model does not identify a price coefficient,
and C'S(J;) is expressed in utility units rather than dollars. I therefore focus on proportional
changes in surplus over time.
Consumer surplus changes. Given a choice set 7;, | simulate user utilities and compute
consumer surplus under both single- and multi-homing. Simulations are done by drawing
from the distribution of prompt embeddings E, and consumer taste heterogeneity v;.

I evaluate consumer surplus under two market configurations: Jy, the set of models
available in July 2024, and J;, the set available in July 2025. Appendix Table A6 lists the
choice sets in these two periods. The proportional change in consumer surplus across these

two periods is given by
J1) — CS(D)
CS(J) '

This change reflects the combined effect of improvements in core model capabilities (X,,) for

ACS = il

available LLMs, and shifts in the response-level characteristics of LLM outputs (E[ X, |m, ¢;)]):

e.g., formatting, readability, and tone. These latter changes may arise not only from tech-
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nical improvements (e.g., the ability to generate tables) but also from better alignment of
model outputs with human preferences over text (e.g., better formatting of responses for
practical guidance or information seeking queries).

Results. Consumer surplus per user increased substantially between July 2024 and July 2025
under both homing assumptions. Under prompt-level multi-homing, AC'S = 38.1%. Under
single-homing, the increase is larger, at 54.0%. The gains are broadly similar across use
cases: under multi-homing they range from 34.9% for coding and writing to 45.0% for math,
and under single-homing from 49.9% for writing to 68.8% for math.

Comparison with survey evidence. Brynjolfsson et al. (2026) estimate consumer surplus
from generative Al using online choice experiments that elicit willingness to accept (WTA)
compensation for giving up access to all Al chatbot tools for one month. They estimate a
WTA of $98.00 per user-month in July 2025. T use this figure to anchor the level of consumer
surplus in July 2025, C'S(J;), and translate the simulated utility changes into dollars. The
model then implies an average surplus of $71.0 per user-month in July 2024 under prompt-
level multi-homing and $63.6 under single-homing, so that the improvement in the choice
set of LLMs between the two periods is worth $27.0-$34.4 per user-month.

Brynjolfsson et al. (2026) find that consumer surplus rose from $98.00 in July 2025 to
$124.50 in March 2026. With the caveat that their coverage window and the LMArena
sample period are adjacent, the two sets of estimates are roughly consistent: the survey-
based annual growth rate of 38% falls within the 38%-54% range implied by the structural
demand model. This provides an external check on the magnitudes implied by the structural

model.

E Details on the Identification Strategy

To illustrate how the random coefficients are identified, consider two battles that share a
common focal model m on one side but differ in the characteristics of the opposing model.
For the sake of the example, assume models differ along two dimensions: size (a proxy for
intelligence) and speed. Let the focal model m be large and slow. Suppose that in the first
battle, m is paired against a small, fast opponent n, and in the second battle, m is paired
against a larger, slower variant n’ that is closer to m in product space. Assume that m wins
60 percent of battles in both comparisons.

Now consider a small change in a characteristic of model m, such as a marginal im-
provement in its size. Under homogeneous tastes, the induced change in the win rate of m,

denoted s,,, is governed by the standard multinomial logit structure: if characteristic j of
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model m is perturbed, then

This expression embodies the ITA restriction: homogeneous tastes imply that the marginal
effect of improving m’s characteristics must be the same whether m faces n or n’. In practice,
this implication is implausible. Consumers who choose model n over model m are likely to
have a higher valuation for speed than the average consumer. As a result, increasing m’s
size should induce a greater increase in its win rate when facing n’ than when facing n.
The failure of the win-rate responses to align across these two battles thus violates the ITA

restriction and reveals underlying heterogeneity in user preferences.

F PLS Algorithm and Implementation

Choice of the mapping h(-). The specification of the taste distribution in Equation (2)
requires a mapping h : R? — R that reduces the high-dimensional prompt embedding E,
(where d = 3,072) to a low-dimensional vector suitable for the random-coefficients specifica-
tion. The guiding principle for constructing h(-) is that the embedding enters the model only
through the mean taste coefficients: h(E,) shifts 37%(p) and 8F(p). A useful low-dimensional
representation of prompts is therefore one that predicts variation in the taste vector across
prompts. This motivates a supervised reduction (PLS) rather than an unsupervised one
(PCA). This requirement also informs the choice of supervision target: the target must be

an observable, battle-level proxy for the taste vector.

Construction of the target matrix W. To construct the target, I restrict the sample to
battles where the consumer prefers one model over the other, excluding observations where
the outcome is a tie or “both bad.” The target response matrix must capture the “revealed
importance” of model- and response-level characteristics for each battle.

Let b index a specific battle. Let y; € {—1,1} denote the choice indicator, where y; =1
if model mp is chosen and —1 if model m4 is chosen. Let AX, represent the (K — 1) x 1
vector of differences in response and LLM-level characteristics (excluding the constant term)
between the two competing models (i.e., AXy = [Xpmy Xing] — [Xpma Xmy)). 1 define the
target matrix W for the PLS regression as an N x (K — 1) matrix, where N is the number
of battles. Each row b of W, denoted by the vector wy;, corresponds to a single battle and

is formed by interacting the choice indicator with the vector of characteristic differences:
Wy, = y;: : AXb

Equivalently, for each characteristic k, the element wyy is given by y; - Azy,. The vector wy,
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serves as a proxy for the gradient of utility with respect to characteristics in that instance.
Intuitively, if a user prefers model mp that generates a significantly longer response (y; = 1
and AZjengtn > 0), the corresponding element in W will be large and positive, signaling a
revealed preference for verbosity for that specific prompt. Conversely, if the user rejects the

longer response, the element becomes negative.

W as proxy for the taste vector. The interaction y; - AX, is the appropriate proxy
for the mean of the taste vector. To see why, note first that the choice outcome alone y;
could not serve as a target: because model pairs and side labels are randomly assigned on
the platform, each side wins about half of the time for every type of prompt, so the mean
of y; carries no prompt-level information. What does vary systematically across prompts is
how the outcome covaries with the characteristic differences. For prompts where users value
verbosity, the longer response wins more often than not, so y; and Azjengtn covary positively;
for prompts where users dislike verbosity, they covary negatively. The vector w, reflects the
battle-level record of these covariances.

Averaging over battles, the conditional mean of w, given the prompt is proportional to
the prompt-specific mean taste vector.” Cross-prompt variation in the conditional mean
of wy is thus driven by variation in tastes. The PLS regression of the embeddings on W,
described next, therefore extracts the directions of the semantic space of prompts that covary

most with taste variation.

Implementation. I perform the PLS regression of the prompt embedding matrix E, which
stacks all prompt embeddings E, across battles, on the multivariate target matrix W. Thus,
E is an N x d matrix, where d = 3072, and W is the N x (K — 1) matrix defined above.
The PLS algorithm decomposes E and W into latent components by finding weight vectors

that maximize the covariance between their projections. For the first component, I solve
max Cov(Eu, Wv)? st. |lul| =1,|v| =1 (31)
u,v

where u and v are weight vectors with lengths d and K — 1, respectively. The first latent
component (PLS score) for the prompts is given by z; = Eu.
The algorithm then deflates the matrices E and W by subtracting the information ex-

plained by z; and repeats the procedure on the residuals to find subsequent orthogonal

9Formally, E[w, | p] ~ 3Q(p) B(p), where B(p) is the prompt-specific mean taste vector and Q(p) =
Var(AX, | p). Restricting attention to decisive battles and abstracting from the outside option, from taste
heterogeneity around the mean, and from the model fixed effects, the model implies Efy; | AXy,p] =
2A(B(p) AX,) — 1 ~ § B(p)’ AX,, where A is the logistic function, linearized around zero. Since random side
labeling implies E[AX,, | p] = 0, taking expectations yields the result. The columns of AX are standardized
prior to the PLS step to mitigate cross-prompt variation in Q(p).
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components. I set the number of iterations, and therefore PLS scores, to three. The final
output is an N X 3 matrix Z = [z, Z2, z3]. The row corresponding to battle b with prompt
p, denoted Zj, corresponds to the vector h(E,) used in the utility specification.

I estimate the PLS scores using the Non-Linear Iterative Partial Least Squares (NIPALS)
algorithm as implemented in the scikit-learn library in Python. Importantly, to ensure
that h(E,) is not correlated with the unobserved shocks e through its dependence on y*, I
make use of sample-splitting: I recover the PLS weights using only a 10% hold-out sample,
then use these weights to project the embeddings for the battles in the main sample and
create h(E,). This ensures that the constructed scores h(E,) are not correlated with realized
choices y; in the remaining 90% of battles used to estimate the choice model.*

Response embeddings. The utility specification in Equation (1) does not use text embed-
dings of the LLM responses, only of the user prompt. While recent approaches in demand
estimation use product embeddings to capture unobserved product characteristics, that ap-
proach is ill-suited for distinguishing between LLM outputs conditional on a specific prompt.

Text embeddings are designed to capture semantic proximity rather than attributes (cor-
rectness, completeness, formatting, tone) that drive user choice in this context. Therefore,
LLM responses to a given prompt will typically relate to the same core informational content,
resulting in very close embedding vectors. For example, a concise, well-structured explana-
tion of quantum computing and a verbose, unstructured block of text on the same topic may
be semantically identical (generating high cosine similarity) yet yield different utilities to a
user. Since the variance in response embeddings primarily reflects the topic of the prompt,
relying on explicit response characteristics (e.g., formatting, tone, readability) and latent

quality terms (e.g., X,, and &,,) provides a more robust basis for estimation.!!

G Supplementary Tables and Figures

0This procedure is closely related in spirit to the cross-fitting idea in double/debiased machine learning
(Chernozhukov et al. (2024)), where nuisance components are learned out-of-sample to reduce overfitting
and eliminate within-observation reuse. However, my setting is simpler in that I do not require construction
of an orthogonal score for the structural parameters: the first-stage dimension reduction is based on fixed-
dimensional objects (the dimension of the embeddings E and the number of PLS components are held
fixed as sample size grows), so the learned PLS weights constitute a finite-dimensional nuisance estimator.
Consequently, plugging-in A(E) in the likelihood estimation delivers the usual first-order asymptotic behavior.

1Tn addition, estimates of the effect of changes in response embeddings cannot be mapped into actual
firm-level decisions regarding product characteristics, which makes these estimates hard to interpret and
leverage in counterfactuals.
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Table A3: Conversation Topic Categories

Category Definition Example
Coding Prompts involving writing, modifying, “Why is my SQL query fail-
debugging, or explaining code or scripts ing? Here’s the code and er-
in any programming language. In- ror message.”
cludes code snippets, error messages,
stack traces, and requests about syn-
tax.
Information Prompts asking factual questions such “Who  discovered peni-
Seeking as definitions, explanations, statistics, cillin?”

comparisons, or historical /background
information.

Practical Guid-
ance

Prompts requesting how-to  ad-
vice, step-by-step instructions, trou-
bleshooting  (non-code), or help
designing/creating non-text things.
Also includes life advice, planning, and
product recommendations.

“How do I set up Docker on
Windows?”

Writing Prompts focused on producing, editing, “Rewrite this email to
rewriting, summarizing, translating, or sound more professional.”
improving written text of any kind.

Math Prompts requiring numerical calcula- “Solve for x: 3x + 5 = 20.”
tions, symbolic manipulation, proofs,
algebra, calculus, probability, or solv-
ing logic puzzles.

Multimedia Prompts requesting the creation, edit- “Can you please draw me a

ing, or analysis of images or other non-
text media.

unicorn in ASCIIL.”

Casual Conver-
sational

Prompts involving greetings, chit-chat,
personal reflections, emotions, philo-
sophical or hypothetical musings, or
playful conversation not aimed at pro-
ducing factual answers or instructions.

“What if humans could live
forever?”

Other

Prompts that do not fit the other cate-
gories, mainly questions about the Al
assistant itself—its training, internal
state, limitations, or identity.

“How were you trained?”

Note: In the LMArena text battles, models cannot generate images. When users request images,
models typically provide textual descriptions or produce text-based renderings (e.g., ASCII art or
character-based drawings).
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Table A4: Benchmarks included in the Artificial Analysis Intelligence Index

Benchmark Field Description Paper Weight
MMLU-Pro Reasoning & Comprehensive evaluation of ad- Wang et al. (2024) 1/6
Knowledge vanced knowledge across do-
mains, adapted from original
MMLU. 12,032 multiple-choice
questions across math, science,
law, economics, psychology, busi-
ness, etc.
HLE (Human- Reasoning & Academic  benchmark across Phan et al. (2025) 1/6
ity’s Last Exam) Knowledge mathematics, humanities, and
natural sciences.
GPQA Diamond Scientific Rea- Graduate-level scientific reason- Rein et al. (2023) 1/6
soning ing benchmark (biology, physics,
chemistry). Diamond subset (198
questions) selected for discrimina-
tive power.
MATH-500 Quantitative Subset of 500 problems from Eie?iz;?eita?l'((2%%%3) 1/8
Reasoning Hendrycks” MATH  dataset & '
(mathematical problem-solving).
Uses symbolic and LLM-based
equality checking.
AIME 2024 Competition Advanced competition-level math 1/8
Math problems from the 2024 American
Invitational Mathematics Exam.
SciCode Code  Genera- Python programming for scien- Tian et al. (2024) 1/8
tion tific computing.
LiveCodeBench  Code  Genera- Python code generation bench- Chen et al. (2024) 1/8
tion mark with tasks from LeetCode,

AtCoder, and Codeforces.
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SMOG index - LLM fixed effects (ref: other)
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Sentiment: positive — LLM fixed effects (ref: other)
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Table A5: Estimation Results: Alternative specifications for sentiment and hedging

(1) (2) (3)
Mean () SD (0) Mean () SD (o) Mean (8) SD (o)

Model capabilities

Intelligence index 0.341 0.075 0.337 0.060 0.343 0.085
(0.010) (0.020) (0.010) (0.021) (0.010) (0.018)
Context window -0.027 0.210 -0.010 0.117 -0.016 0.223
(0.012) (0.059) (0.011) (0.065) (0.012) (0.057)
Reasoning model -0.368 0.402 -0.355 0.407 -0.362 0.161

(0.028) (0.267) (0.028) (0.259) (0.028) (0.447)
Readability and tone

Flesch reading ease 0.037 0.181 0.042 0.252 0.038 0.168
(0.042) (0.080) (0.044) (0.099) (0.042) (0.076)
SMOG index 0.013 0.085 0.009 0.083 0.006 0.157
(0.016) (0.064) (0.016) (0.066) (0.016) (0.049)
Sentiment: positive 0.054 0.432 0.059 0.281
(0.026) (0.122) (0.023) (0.132)
Sentiment: negative -0.337 0.424 -0.399 0.151
(0.085) (0.185) (0.104) (0.405)
Sentiment score 0.002 0.038
(0.009)  (0.069)
Hedging: assertive -0.044 0.300 -0.169 0.268
(0.017)  (0.071)  (0.017)  (0.089)
Hedging: tentative -0.215 0.256 -0.200 0.186
(0.023) (0.113) (0.022) (0.141)
Hedging score -0.009 0.006
(0.009) (0.102)
Formatting
Response length 0.694 1.098 0.657 1.068 0.680 1.069
(0.032) (0.052) (0.032) (0.052) (0.032) (0.051)
Ordered lists 0.043 0.242 0.043 0.320 0.046 0.290
(0.014) (0.048) (0.015) (0.049) (0.015) (0.043)
Unordered lists 0.031 0.297 0.018 0.176 0.028 0.311
(0.022) (0.072) (0.021) (0.086) (0.022) (0.070)
Markdown headers 0.032 0.310 0.040 0.409 0.041 0.354
(0.021) (0.068) (0.022) (0.072) (0.021) (0.071)
Bold text 0.103 0.680 0.108 0.653 0.102 0.636
(0.025) (0.048) (0.025) (0.049) (0.025) (0.047)
Has emoji 0.093 1.176 0.091 1.164 0.105 1.113
(0.036) (0.146) (0.036) (0.147) (0.035) (0.152)
Has table 0.207 0.852 0.200 0.801 0.217 1.015
(0.048) (0.214) (0.047) (0.210) (0.049) (0.185)
LLM FE v v v
Random Coefficients v v v
PLS scores v v v
Observations 85,257 85,257 85,257
# LLM FE 70 70 70
Log-likelihood -81763.5 -81744.2 -81871.2

Note: Standard errors are clustered at the user level and shown in parentheses. Specification
(1) uses categorical sentiment and hedging labels from openat/gpt-o0ss-20b; specification (2) uses
categorical labels from google/gemini-3.1-flash; specification (3) uses standardized continuous
lexicon-based sentiment and hedging scores. A higher sentiment score indicates more positive lan-
guage, while a higher hedging score indicates greater epistemic uncertainty and more tentative lan-
guage. The reference categories for the categorical tone indicators in specifications (1) and (2) are
neutral sentiment and neutral hedging.
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Table A6: Choice sets

Panel A: July 2024 choice set 7
Provider =~ Models

OpenAl gpt_4o, gpt_4o_mini (2024-07-18)

Anthropic claude_3_opus, claude_3_5_sonnet, claude_3_haiku
Google gemini_1_5_pro, gemini_1_5_flash

DeepSeek  deepseek v2, deepseek _coder_v2

Meta llama_3_1

Mistral mistral large

Panel B: July 2025 choice set [J;
Provider = Models

OpenAl gpt_4o (2025-03-26), gpt_4_1, gpt_4_1_mini, 03, 03_mini, 04_mini
Anthropic  claude_opus_4, claude_opus_4 (thinking),
claude_sonnet_4, claude_sonnet_4 (thinking)
Google gemini_2_5_pro, gemini_2_5_flash
DeepSeek  deepseek_rl, deepseek v3

Meta llama_4_maverick, llama_4_scout
Mistral mistral_medium, mistral small, mistral large
xAI grok_4, grok_3, grok_3_mini

Notes: Grok 2 and Grok 2 mini by xAI are excluded from Panel A because, although tested
on LMArena, they do not appear in the available datasets.
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